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Abstract

Euclidean distance transform (EDT) often suffers from high computational complexity
and limited processing efficiency, especially when applied to large-scale images. To ad-
dress these challenges, this paper proposes a GPU-based parallel EDT algorithm. The
proposed approach first partitions the input image into multiple horizontal sub-blocks.
For each sub-block, a row-wise recursive computation strategy is adopted to construct its
Voronoi diagram in parallel, thereby reducing computational overhead by exploiting the
strong structural similarity between the Voronoi diagrams of adjacent rows. Based on the
Voronoi diagrams of all sub-blocks, the Euclidean distance from each pixel to the nearest
background pixel is subsequently evaluated, completing the transform. Experimental
results demonstrate that the proposed algorithm achieves up to a 52× speedup over tradi-
tional CPU-based EDT methods, leading to a substantial improvement in computational
performance. Nevertheless, the scalability of the method is influenced by GPU memory
capacity and the chosen sub-block partitioning strategy when processing extremely large
images. Moreover, the core idea of leveraging inter-row Voronoi similarity to reduce redun-
dant computation can be naturally extended to higher-dimensional exact EDT as well as
approximate EDT variants.

Keywords: GPU; Voronoi diagram; Euclidean distance transform (EDT); parallel algorithm
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1. Introduction
The Euclidean distance transform (EDT) is a fundamental operation in image pro-

cessing and computer vision, and is widely used in applications such as shape analysis,
object segmentation, and medial axis extraction. Given a binary image, EDT computes the
shortest Euclidean distance from each foreground pixel to its nearest background pixel,
thereby producing a Euclidean distance map that supports various high-level vision tasks.
During this process, the image is typically represented as a matrix composed of discrete
pixels, where each pixel can be regarded as a point in a two-dimensional space whose
coordinates are determined by its column and row indices. This representation allows
direct computation of Euclidean distances between pixels and facilitates the application
of computational geometry techniques—such as Voronoi diagrams and convex hulls—to
optimize distance transform algorithms and improve both computational efficiency and
accuracy. As illustrated on the left side of Figure 1, a 5× 5 binary image is embedded in a
two-dimensional coordinate system, where black-filled circles denote background pixels
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and white-filled circles represent foreground pixels. The numerical values inside the circles
indicate the Euclidean distance from each foreground pixel to its nearest background pixel.
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Figure 1. Illustration of a 5 × 5 binary image in a two-dimensional coordinate system and its
corresponding Voronoi diagram.

The Voronoi diagram is a classical spatial partitioning structure that has been ex-
tensively studied and applied in computational geometry, image processing, geographic
information systems, and machine learning. In the context of EDT, the Voronoi diagram
provides a clear geometric interpretation of the nearest-background-pixel assignment prob-
lem. Specifically, given a set of background pixels, the image domain is partitioned into
a collection of Voronoi cells, each of which is associated with a unique background pixel.
Each Voronoi cell consists of all foreground pixels whose Euclidean distance to its associ-
ated background pixel is smaller than that to any other background pixel. Consequently,
for any foreground pixel within a given Voronoi cell, the associated background pixel is
guaranteed to be its nearest background pixel, and their Euclidean distance directly yields
the EDT value. This formulation enables an efficient and structured computation of the
distance transform and serves as a foundation for parallel EDT algorithms, since distance
calculations for all foreground pixels can be performed independently and simultaneously.

On the left side of Figure 1, three background pixels are present. Accordingly,
the Voronoi diagram shown on the right partitions the entire image into three distinct
regions, each corresponding to a different background pixel and delineated by a unique
background pattern. For a two-dimensional image, the Voronoi diagram can be computed
either in a single global pass or by decomposing the image into multiple sub-blocks that
are processed independently, after which the resulting partial diagrams are merged to
obtain the complete diagram. Following this strategy, the Voronoi diagram of a sub-block
is constructed by further decomposing it into individual image rows. The Voronoi diagram
of each row is computed independently and then aggregated to form the Voronoi diagram
of the entire sub-block. Because adjacent image rows typically exhibit strong structural
similarity in their Voronoi diagrams, the diagram of a given row can be efficiently derived
from that of its neighboring row through recursive updates, rather than being recomputed
from scratch. This approach significantly reduces redundant computations and lowers the
overall computational cost.

Modern NVIDIA graphics processing units (GPUs) adopt a programmable many-core
architecture with a hierarchical organization of parallel computing resources. Each GPU
consists of multiple Streaming Multiprocessors (SMs), and each SM contains dozens of
stream processors, along with a large register file and a capacity-limited but low-latency
shared memory. In addition, GPUs provide a global memory space that is accessible by
all SMs through a high-bandwidth interconnect. CUDA programs expose massive paral-
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lelism via a hierarchical execution model composed of grids and thread blocks, while a
hardware scheduler dynamically assigns thread blocks to available SMs to maximize re-
source utilization. Owing to their fine-grained parallelism and the ability to execute tens of
thousands of concurrent threads, GPUs can accelerate traditionally serial algorithms by one
to two orders of magnitude, offering substantial performance gains for high-performance
computing applications.

As image resolutions and data dimensionalities continue to increase, traditional serial
EDT algorithms can no longer satisfy the demands of efficient processing. Consequently,
both computation time and resource consumption have become major bottlenecks in practi-
cal applications. Although previous studies have explored parallel approaches to accelerate
EDT, the strong data dependencies and irregular memory-access patterns inherent to the
problem significantly limit the performance gains achievable on GPUs. To overcome these
challenges, this work investigates GPU-oriented parallel computing techniques, focusing
on two key objectives: (1) designing data-partitioning and scheduling strategies that effec-
tively exploit GPU parallelism, and (2) substantially reducing overall computational cost
while preserving scalability.

In this paper, we propose an efficient GPU-based parallel algorithm for computing the
Euclidean distance transform. The proposed method integrates a task-partitioning strategy
that combines row-wise decomposition with Voronoi-based spatial decomposition, and in-
troduces an incremental update mechanism that significantly enhances parallelism while
reducing computational complexity, without sacrificing accuracy. The core contribution lies
in leveraging Voronoi diagrams for data partitioning to maximize parallel execution, while
relaxing the conventional assumption in traditional Voronoi-intersection methods that each
image row must be processed independently. By fully exploiting the structural similarity
between the Voronoi diagrams of adjacent rows, the proposed algorithm eliminates redun-
dant computation and further improves parallel efficiency, providing an effective solution
for accelerating EDT in large-scale image-processing applications.

2. Related Work
This section focuses on the discussion of two-dimensional exact EDT algorithms.

Three-dimensional or approximate EDT algorithms are beyond the scope of this study.

2.1. Serial Algorithms

Based on the order in which pixels are processed, the serial EDT algorithms can gener-
ally be classified into three categories [1,2]: raster-scanning algorithms [3–5], propagation
algorithms [6,7], and independent-scanning algorithms [8,9]. Raster-scanning algorithms
start from the top-left corner of the image and traverse pixels from left to right and from
top to bottom, using a two-dimensional mask to estimate the distance from each pixel to its
nearest background pixel. A reverse scan is subsequently performed from the bottom-right
corner, proceeding from right to left and from bottom to top, during which distance values
are refined using the same update scheme. Propagation algorithms treat each background
pixel as a seed and iteratively propagate distance information to neighboring foreground
pixels. Through this iterative process, the distance from every foreground pixel to its
nearest background pixel is eventually determined. Independent-scanning algorithms
adopt a dimensionality-reduction strategy and typically operate in two stages. In the first
stage, distance information is computed independently along the column direction. In the
second stage, each row independently determines the distance from its foreground pixels
to their nearest background pixels based on the intermediate results produced in the first
stage, without introducing inter-row dependencies. Depending on the specific implemen-
tation of the second stage, independent-scanning algorithms can be further divided into
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three groups: parabolic-intersection–based methods [10], mathematical-morphology–based
methods [11], and Voronoi-diagram-intersection–based methods [12].

In addition to these categories, Silva et al. [13] proposed a component-tree–based
approach for computing the maximal distance transform, while Ali et al. [14] introduced a
voxel-accelerated data structure that efficiently maintains and queries EDT results.

2.2. Parallel Algorithms

The optimal serial EDT algorithm has a time complexity of O(n2) [12]. However,
for large-scale images, the associated computational cost becomes prohibitively high,
severely constraining overall efficiency. As a result, the development of efficient parallel
EDT algorithms—particularly those targeting GPU architectures—has become increas-
ingly important.

Raster-scanning algorithms are inherently difficult to parallelize because their strict
sequential processing order limits opportunities for effective parallel execution. In [15],
the image is partitioned into multiple regions, each assigned to a thread block, and these
regions are further subdivided into smaller subregions in which individual threads perform
raster scanning. Nevertheless, this approach achieves less than a fourfold speedup over
the serial implementation, indicating limited parallel efficiency. In [16], the raster-scanning
algorithm from [17] is ported to the GPU and reported to achieve substantial acceleration;
however, the work provides neither a detailed description of the parallelization strat-
egy nor sufficient experimental evidence, raising concerns regarding reproducibility and
scientific rigor.

The performance of propagation algorithms largely depends on the data structures
used to manage pixels awaiting propagation, such as priority queues [18] or bucket-based
schemes. The degree to which these data structures can be parallelized directly affects
the overall efficiency of the algorithm. However, implementing highly optimized parallel
versions of such structures on GPUs or multicore processors remains challenging [19]. More-
over, parallel propagation algorithms [20,21] may introduce small numerical errors, making
them more suitable for approximate EDT computations rather than exact transforms.

For these reasons, most parallel EDT algorithms adopt the independent-scanning
paradigm. Zampirolli et al. [22] parallelized the mathematical-morphology–based ap-
proach proposed in [11] and implemented it on GPUs; however, the resulting computa-
tional efficiency remains limited. Cao et al. [23] proposed a parallel EDT algorithm based
on the Voronoi-diagram-intersection method. To increase parallelism, each image row
is divided into multiple segments, and individual threads independently compute local
Voronoi diagrams, which are subsequently merged to form the complete diagram for the
row. Man et al. [24–26] focused on parallelizing the serial Voronoi-diagram-intersection
algorithm originally proposed by Breu et al. [27]. In this approach, parallelism is expressed
at the image-row level: each image row is assigned to a group of GPU threads, and the
Voronoi diagram construction for different rows is carried out independently and concur-
rently. This row-wise independence naturally maps to GPU thread-level parallelism and
does not require inter-row synchronization.

More recently, Chen et al. [28] proposed a GPU-accelerated incremental EDT method
for online motion planning, while Black et al. [29] introduced a hardware-agnostic GPU
acceleration framework for EDT computation with multi-threading and cross-language
support. In addition, Gallet et al. [30] investigated the use of Tensor Cores (matrix mul-
tiply–accumulate units) to accelerate double-precision Euclidean distance computations.
Zhu et al. [31] proposed VDB-EDT, an efficient Euclidean distance transform algorithm
that leverages the VDB sparse volumetric data structure to represent distance fields hier-
archically. The algorithm optimizes scheduling priorities within the transform procedure
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to accelerate running speed. Han et al. [32] presents a dedicated parallel hardware ar-
chitecture that exploits the separability of the Euclidean distance transform to achieve
high-throughput EDT computation on binary images, particularly suited for FPGA-based
real-time processing.

The proposed parallel EDT algorithm falls into the category of independent-scanning
algorithms. Compared with classical independent-scanning algorithms [24–26,29], the pro-
posed EDT algorithm differs in that it exploits inter-row similarity through a partition-based
recursive strategy. Instead of constructing the Voronoi diagram of each row independently,
the algorithm reuses proximate-point information across rows within a sub-block, which
significantly reduces redundant computations while preserving exact EDT results.

3. Parallel Euclidean Distance Transform Algorithm
3.1. Overview

In a binary image, drawing the perpendicular bisectors of the line segments connect-
ing adjacent background pixels partitions the image plane into a collection of polygons,
known as Voronoi cells. Together, these cells form the Voronoi diagram of the image.
By definition, each Voronoi cell is associated with the background pixel that is closest to
all foreground pixels within that region. Consequently, the distance from any foreground
pixel to its associated background pixel corresponds exactly to the Euclidean distance
required by EDT. Although this property of the Voronoi diagram is highly advantageous
for EDT computation, explicitly constructing the complete Voronoi diagram for an entire
image incurs substantial computational cost and therefore impractical for many real-world
engineering applications.

To address this challenge, we adopt a block-wise strategy in which the input image is
horizontally partitioned into multiple sub-blocks, and the Voronoi diagram within each
sub-block is computed independently. The complete Voronoi diagram of the entire image
is then obtained by aggregating the local Voronoi diagrams generated from all sub-blocks.
Within each sub-block, the problem is reduced to constructing the Voronoi diagram for each
individual image row. The Voronoi diagram of an arbitrary row can be interpreted as the
intersection between the global Voronoi diagram and that row. Equivalently, each Voronoi
cell appearing on a row corresponds to a one-dimensional slice of the global Voronoi
diagram restricted to that row, thereby reflecting the local spatial partitioning induced by
the global geometric structure.

Given that each image row contains n pixels, it can intersect with at most O(n) Voronoi
cells, each of which corresponds to a distinct background pixel. Equivalently, the Voronoi
diagram of a row is fully determined by a set of O(n) background pixels [27], referred to as
the proximate points of that row. Consequently, the Voronoi diagram of a row and its corre-
sponding proximate-point set provide equivalent representations. Moreover, the similarity
between two image rows can be quantitatively characterized by the differences between
their respective proximate-point sets.

Neighboring image rows often exhibit highly similar Voronoi structures. Motivated by
this observation, our method employs an incremental update mechanism that constructs the
proximate-point set of each row by updating that of its predecessor, rather than recomputing
it from scratch. Specifically, when processing a new row, proximate points that are no
longer geometrically valid are removed, while newly relevant points inherited from the
previous row are inserted. This incremental strategy preserves the correctness of the
Voronoi representation while eliminating redundant computations. As a result, the overall
computational workload is substantially reduced, leading to a more efficient Euclidean
distance transform that is well suited for large-scale images and GPU-accelerated execution.
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Figure 2 illustrates the overall workflow of the proposed algorithm, which consists of
four main steps:

1. Partitioning: The input image is horizontally divided into k sub-blocks, denoted as
S1, S2, . . ., Sk. The input image in Figure 2 uses 0 and 1 to represent foreground and
background pixels, respectively. The example sub-block contains a contiguous set of
rows, ranging from row i to row i + k.

2. Candidate Proximate-point Matrix Computation: An upper candidate proximate-
point matrix and a lower candidate proximate-point matrix are constructed via row-
wise forward propagation and row-wise backward propagation. Each row of these
matrices stores the upper or lower candidate proximate-point set corresponding to
that image row.

3. Proximate-point Set Computation: The upper and lower proximate-point sets for
all rows within each sub-block are generated using a row-wise recursive strategy.
In illustrated in Figure 2, the upper proximate-point set of row i is obtained by
eliminating dominated candidate proximate points through a dominance check on the
upper candidate proximate-point set of that row. Subsequently, a row-wise recurrence
is performed from row i to row i + k to compute the upper proximate-point sets for
rows i to i + k. An analogous procedure is applied in the reverse direction, from row
i + k to row i, to compute the lower proximate-point set.

4. Euclidean Distance Computation: Based on the upper and lower proximate-point
set of all rows in the sub-block, the nearest background pixel for each foreground
pixel is determined, and the corresponding Euclidean distance is calculated, thereby
producing the Euclidean distance map of the sub-block.

The remainder of this section provides a detailed description of Steps 2, 3, and 4.
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3.2. Computation of the Upper and Lower Candidate Proximate-Point Matrices

For any pixel in an image row, its upper candidate proximate point is defined as the
nearest background pixel located in the same column above it, whereas its lower candi-
date proximate point is the nearest background pixel located in the same column below
it. Consequently, for a row consisting of n pixels, both the upper and lower candidate
proximate-point sets contain exactly n elements. From the definition of a candidate proxi-
mate point, the candidate proximate-point set for a row can be seen as a superset of the
proximate-point set. Figure 3 illustrates the procedure for computing the matrices that
stores these candidate proximate-point sets for all rows.
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1   
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1 4
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(a)Input image（black circles 
denote background pixel）

(b)Auxiliary matrix 

(c)Upper candidate 
proximate-point matrix

(d)Lower candidate 
proximate-point matrix

P1 P2 P3 P4 P1 P2 P3 P4

Figure 3. Compute the upper/lower candidate proximate-point matrices.

We first extract the background-pixel information from the input image (Figure 3a) and
initialize an auxiliary matrix with the same dimensions as the original image (Figure 3b).
In this matrix, each entry is assigned the row index of the corresponding pixel if it is
a background pixel, and +∞ otherwise. This auxiliary matrix serves as the input for
computing the upper and lower candidate proximate-point matrices for all image rows.

To obtain the upper candidate proximate-point matrix, a row-wise forward propaga-
tion is performed from top to bottom. Starting from the first row, each entry in the current
row is compared with the corresponding entry in the next row. If the value in the next
row is +∞, it is replaced by the value from the current row; otherwise, the original value
is retained. After completing this propagation, the resulting matrix (Figure 3c) records,
for each pixel, the row index of its upper candidate proximate point. Consequently, each
row of this matrix corresponds to the upper candidate proximate-point set of the associated
image row.

An important observation is that all column-wise operations within a row are mutually
independent. Therefore, each pixel can be mapped to an individual GPU thread, enabling
the forward propagation to be executed in a highly parallel manner.
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The lower candidate proximate-point matrix (Figure 3d) is computed in an analogous
manner. Starting from the last row of the auxiliary matrix, a backward propagation is
performed from bottom to top. At each step, the current row is compared with the row
above it, and entries with infinite values are updated accordingly. Through this process,
the nearest background pixel located below each pixel is identified, thereby generating
the lower candidate proximate-point matrix as well as the corresponding lower candidate
proximate-point set for every image row.

3.3. Computation of the Upper and Lower Proximate-Point Sets

The Voronoi diagram of each sub-block is constructed from the Voronoi diagrams
of all image rows within that sub-block. For each row, its proximate-point set can be
independently extracted from the candidate proximate-points set in O(n) time using
the method described in [27]. However, because proximate-point sets of adjacent rows
typically exhibit strong structural similarity—especially in images with sparsely distributed
background pixels—this property can be exploited through a recursive update strategy to
avoid redundant computations and thereby further improve overall efficiency.

To efficiently construct the Voronoi diagram of each row, we design a two-stage recur-
sive procedure consisting of a top-down pass followed by a bottom-up pass. To support
these passes, the proximate-point set introduced in Section 3.1 is further decomposed into
two subsets: the upper proximate-point set and the lower proximate-point set. For any
given row, the upper proximate-point set contains the O(n) background pixels that deter-
mine the row’s Voronoi diagram when only the background pixels in the current row and
all rows above it are considered. Similarly, the lower proximate-point set contains the O(n)
background pixels that determine the row’s Voronoi diagram when only the background
pixels in the current row and all rows below it are taken into account. Here, n denotes the
number of columns in the image.

The top-down pass operates as follows: starting from the upper candidate proximate-
point set of the first row in each sub-block, we compute the upper proximate-point set
for that row. Using this set as input, we then determine which of its proximate points
remain unmasked in the second row and merge them with the background pixels of the
second row to obtain its upper proximate-point set. This process is applied iteratively in a
row-by-row manner until the upper proximate-point sets of all rows within the sub-block
have been computed.

The bottom-up pass follows an analogous process. Beginning with the lower candidate
proximate-point set of the last row in each sub-block, we first compute the lower proximate-
point set for that row. This set is then used as input to iteratively compute the lower
proximate-point sets of the remaining rows in an upward direction.

Figure 4 illustrates the concept of proximate-point masking. We consider only back-
ground pixels P1, P2 and P4, which are also the proximate points of row i− 1. The Voronoi
cells associated with P1 and P4 intersect row i, making them valid proximate points for that
row. The two dotted lines represent the perpendicular bisectors of the line segments P1P2

and P2P4. The intersection of these bisectors lies above row i, indicating that the Voronoi cell
corresponding to P2 (as dipicted by the background pattern in the figure) does not intersect
this row. Because P2 is dominated by P1 and P4, it is excluded from the proximate-point set
of row i. Even when other proximate points in the figure are taken into account, the Voronoi
cell corresponding to P2 further shrinks and still does not intersect row i.
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Figure 4. Illustration of proximate-point masking.

3.3.1. Computation of the Upper Proximate-Points Set for the First Row of Each Sub-Block

To compute the upper proximate-point set for the first row of each sub-block, the upper
candidate proximate-point set obtained in Section 3.2 is used as input, and all geometri-
cally dominated points are removed. The procedure operates as follows: each candidate
proximate point is examined sequentially and inserted into the upper proximate-point set
(e.g., points P1–P10 in Figure 4). After inserting a proximate point, the algorithm checks
whether it masks one or more previously inserted proximate points. If masking occurs,
the dominated points are removed from the upper proximate-point set. For example, when
inserting P4, the algorithm checks whether it masks P3 or even P2. The construction of the
upper proximate-point set for the first row of each sub-block can be performed in parallel.
The complete procedure is presented in Algorithm 1.

Algorithm 1 Computation of Upper Proximate-Points Sets of the First Row of Each
Sub-block
Input: Upper candidate proximate-point matrix M;

Sub-blocks S1, S2, . . . , Sk.
Output: Upper proximate-point sets of the first row of all sub-blocks: Q1,1, Q2,1, . . . , Qk,1.
1: for all i = 1 to k in parallel do
2: Initialize an empty upper proximate-point set Qi,1
3: Retrieve the upper candidate proximate-point list Mi from M
4: for j = 1 to |Mi| do
5: Extract the j-th candidate proximate point Pj from Mi
6: Insert Pj into Qi,1
7: Check whether Pj geometrically dominates one or more previously inserted

proximate points
8: if dominated points exist then
9: Remove all dominated proximate points from Qi,1

10: end if
11: end for
12: end for

The implementation details of the dominance test used in Line 7 of Algorithm 1 are
provided in [27]. The procedure for computing the lower proximate-point set of the last
row in each sub-block follows the same methodology and is therefore omitted for brevity.

3.3.2. Recurrence of the Upper Proximate-Point Set for the Next Row

Once the upper proximate-point set for a given row within a sub-block has been
constructed, only a subset of these points remains valid for the subsequent row. The sur-
viving points persist because they are not geometrically dominated by other proximate
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points, whereas dominated points are removed. In addition, the upper proximate-point set
for row i + 1 must incorporate all background pixels located on that row. Consequently,
the key idea for deriving the upper proximate-point set of row i + 1 is to identify which
proximate points from row i become invalid due to geometric domination and then merge
the remaining valid proximate points with the background pixels of the next row.

To determine whether a proximate point in row i remains valid in row i+ 1, every three
consecutive proximate points (Pa, Pb, Pc) are grouped into a triplet, and the visibility of the
middle point Pb is evaluated. As illustrated in Figure 5, this evaluation examines whether
Pb is geometrically dominated by Pa and Pc. Specifically, we compute the intersection points
x and y between row i + 1 and the perpendicular bisectors Lab and Lbc of the point pairs
(Pa, Pb) and (Pb, Pc), respectively.

Row i+1

Row i

Pa

Pb

Pc

x y

.

Pc

Pb

Pa

y x

.

Lab Lbc
Lab Lbc

Pd

Figure 5. Determining whether a proximate point is dominated.

If x < y, then point Pb is the nearest background pixel to all positions in the interval
[x, y] on row i + 1, and therefore remains in the upper proximate-point set of row i + 1.
Conversely, if x > y, the interval in which Pb could be the closest background pixel
collapses, indicating that Pb is fully dominated; consequently, it is removed from the upper
proximate-point set of row i + 1.

As shown in Figure 5, the left-hand example illustrates a case in which Pb remains
valid in row i + 1, while the right-hand example demonstrates a situation where Pb becomes
geometrically dominated by Pa and Pc.

However, the above triplet-based method cannot identify all dominated proximate
points in a single pass when multiple consecutive dominated points exist. For instance,
in the right-hand case of Figure 5, both Pb and Pc are dominated. Yet, using the triplet
⟨ Pb, Pc, Pd ⟩ alone, it is not possible to determine whether Pc is dominated by Pb and Pd.
Instead, multiple iterations of the triplet-checking procedure are required to fully detect
all dominated points. Specifically, in the first iteration, the triplet ⟨ Pa, Pb, Pc ⟩ reveals that
Pb is dominated and should be removed. Only after removing Pb can a second iteration
detect that Pc is also dominated, based on the updated triplet ⟨Pa, Pc, Pd⟩. More generally,
if there are up to n consecutive dominated proximate points in the upper proximate-
point set, the triplet-based evaluation must be executed up to n times to eliminate all
dominated points.

To address this inefficiency, we introduce an enhanced strategy. After the initial triplet-
based evaluation, dominated proximate points are removed immediately, and additional
localized checks are performed around the removal positions to extend the detection
range. Specifically, once a dominated proximate point (e.g., Pb) is eliminated, its adjacent
neighbors (such as Pa and Pc in Figure 5) are immediately re-evaluated to determine
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whether they are also dominated. As stated in Algorithm 2, Pc and the proximate points to
its right are subsequently examined for dominance. This localized propagation mechanism
substantially reduces the number of required passes, thereby improving the efficiency of
dominated-point detection.

Algorithm 2 Detection of Consecutively Dominated Proximate Points

Input: Two proximate points Pa and Pc; a sequence of proximate points {P1, . . . , Pk}
Output: A set of dominated proximate points
1: Begin
2: for i = 1 to k do
3: Pt ← Pi
4: if intersection(Pa, Pc) ≥ intersection(Pc, Pt) then
5: Mark Pc as dominated
6: Pc ← Pt
7: else
8: break
9: end if

10: end for

After all dominated proximate points have been removed from the upper proximate-
point set of row i, the background pixels of row i + 1 are merged into the set to form the
final upper proximate-point set for that row. During this merging process, each background
pixel in row i + 1 is inserted into the set according to its horizontal coordinate, and potential
dominance relationships are re-evaluated. In particular, a newly inserted background pixel
may dominate existing proximate points on either side; if so, the corresponding dominated
proximate points are removed accordingly.

By repeating the above procedure, the upper proximate-point set can be computed for
every row within each sub-block, as summarized in Algorithm 3. A symmetric procedure
is applied to compute the lower proximate-point sets for all rows.

Algorithm 3 Computation of the Upper Proximate-Point Set for Row i + 1

Input: Upper proximate-point sets of row i for all sub-blocks: Q1,i, . . . , Qk,i;
Background-pixel sets of row i + 1 for all sub-blocks: B1,i+1, . . . , Bk,i+1.

Output: Upper proximate-point sets of row i + 1 for all sub-blocks: Q1,i+1, . . . , Qk,i+1.
1: Begin
2: for all r = 1 . . . k in parallel do
3: Initialize Qr,i+1 ← Qr,i
4: num← |Qr,i|
5: for all j = 2 . . . num− 1 do
6: Evaluate whether Pj is dominated by Pj−1 and Pj+1
7: if Pj is dominated then
8: Mark Pj as dominated
9: end if

10: Check for consecutively dominated proximate points on the left of Pj
11: Check for consecutively dominated proximate points on the right of Pj
12: end for
13: Compact Qr,i+1 by removing all points marked as dominated
14: Insert all background pixels in Br,i+1 into Qr,i+1 (ordered by x-coordinate)
15: For each inserted background pixel, test and mark any proximate points it dominates

(left/right)
16: Compact Qr,i+1 again to remove newly marked points
17: end for
18: End
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During the execution of Algorithm 3, the proximate-point set of each sub-block is
stored in the GPU’s shared memory, with each proximate point retaining its spatial coordi-
nates. To enable parallel execution, each proximate point is assigned a dedicated thread.
Once dominated proximate points are identified, they are marked for removal, and a
parallel array-compaction procedure based on the prefix-sum algorithm [33] is applied to
efficiently eliminate all marked elements from the set.

After compaction, the background pixels of the current image row are inserted into the
remaining proximate-point set. For each inserted background pixel, dominance checks are
performed on its immediate left and right neighbors to detect any newly dominated proxi-
mate points. These dominated points are subsequently marked and removed through a
second array-compaction step. Through this iterative process, the proximate-point set is effi-
ciently updated for each row while preserving both correctness and high parallel efficiency.

3.4. Euclidean Distance Computation

For each image row, a one-dimensional Voronoi diagram is constructed based on
the upper proximate-point set. Each foreground pixel on that row identifies its nearest
background pixel by determining the Voronoi cell to which it belongs and computing the
corresponding Euclidean distance. Similarly, another one-dimensional Voronoi diagram is
constructed using the lower proximate-point set, enabling each foreground pixel to obtain
an additional candidate background pixel and its associated distance. Consequently, each
foreground pixel produces two candidate distances, potentially corresponding to different
background pixels, and the smaller of the two is selected as the final Euclidean distance to
the nearest background pixel. Since the distance computations for all foreground pixels
are mutually independent, they can be executed fully in parallel on the GPU, thereby
substantially improving overall computational efficiency. Collectively, these distances form
the final Euclidean distance map.

Figure 6 illustrates the construction of a one-dimensional Voronoi diagram on row i
based on its upper proximate-point set. In this example, the row’s upper proximate-point
set consists of five proximate points, denoted as Pa through Pe. The perpendicular bisectors
between adjacent proximate points partition the row into five Voronoi cells. The fifteen
foreground pixels (P1–P15) on the row are assigned to the cell associated with the proximate
point that yields the minimum Euclidean distance.

Row i

Pa

Pb

Pc Pd

Lab Lbc Lcd

Pe

Lde

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15

Figure 6. Construction of a one-dimensional Voronoi diagram based on the upper proximate-point set.

3.5. GPU Memory Organization and Thread Configuration

During execution, the input image, candidate proximate-point matrices, and interme-
diate proximate-point arrays are stored in global memory. Shared memory is employed
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within each thread block to cache proximate-point sets, thereby reducing global memory
access latency.

For constructing the candidate proximate-point matrices, each image row is processed
by a dedicated thread block, where one thread is assigned to each pixel. To compute the
proximate-point sets, each sub-block is handled by a single thread block, in which multiple
threads collaboratively process individual rows in parallel. The number of concurrent
threads is determined by the image width and the CUDA block configuration, ensuring
sufficient parallelism while remaining within shared memory constraints.

Finally, for Euclidean distance computation, one thread block is assigned to each
image row, enabling parallel distance evaluation for all foreground pixels in that row.

3.6. Time Complexity Analysis

Assume that the image has n rows and n columns and is partitioned into k sub-blocks.
In Step 2, the algorithm performs two full-image scans to compute the upper and lower
candidate proximate-point sets, resulting in a computational complexity of O(n2). With n
processors executing the scan in parallel, the theoretical time complexity can be reduced
to O(n).

In Step 3, computing the upper or lower proximate-point set for an arbitrary image
row from its candidate proximate-point sets requires O(n) time. Hence, the total cost of
computing the upper proximate-point sets of the first row and the lower proximate-point
sets of the last row for all k sub-blocks is O(kn). With k processors performing these tasks
in parallel, the theoretical time complexity decreases to O(n). For the remaining rows,
the proximate-point sets can be computed using a recursive update strategy. Since each
row requires processing O(n) proximate points, the complexity for a single row is O(n),
and the total complexity for all n rows in all k sub-blocks is O(n2). According to the parallel
strategy adopted in Algorithm 3, this stage can theoretically be executed using O(kn)
parallel processors, reducing the time complexity to O(n/k).

In Step 4, constructing the Voronoi diagram for each row based on its O(n) proximate
points incurs O(n2) computational cost. Additionally, computing the Euclidean distance
from each foreground pixel to its nearest background pixel also requires O(n2) operations.
If O(n2) processors were available to carry out all these tasks in parallel, the time complexity
of this stage could be reduced to O(1).

In summary, the theoretical time complexity of the proposed parallel Euclidean dis-
tance transform algorithm is O(n). However, as noted in [23], a noticeable gap often exists
between the theoretical complexity of Euclidean distance transform algorithms and their
actual performance on GPU platforms. Many algorithms that exhibit favorable theoretical
complexity fail to achieve the expected efficiency in practical GPU execution. A primary
reason for this discrepancy is that theoretical analyses often rely on idealized assumptions,
such as the availability of an unlimited number of processing units. In real systems, how-
ever, hardware resources are inherently constrained. For example, in Step 3, achieving
the theoretical time complexity of O(n/k) requires the GPU to provide O(kn) concurrent
threads to process the recursive updates of proximate-point sets for all rows. In practice,
the maximum number of concurrently active threads is limited by the GPU architecture,
making such large-scale parallelism unattainable.

Another major factor that impacts GPU performance is the memory access pattern.
In [24–26], the algorithms perform frequent insertions and deletions on the proximate-point
sets of each row, which are stored using non-contiguous data structures such as linked
lists. These structures prevent efficient utilization of memory coalescing—a key feature
for achieving high memory throughput on GPUs. As a result, memory access efficiency is
significantly reduced, which in turn limits the overall performance.
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4. Experiments and Results Analysis
4.1. Experimental Setup

The experiments in this paper were conducted on an NVIDIA A10 GPU platform
equipped with 28 streaming multiprocessors (SMs), a 4 MB L2 cache, and 164 KB of shared
memory. All GPU implementations were compiled and executed using the CUDA Toolkit
10.1. The serial algorithms were benchmarked on an Intel Xeon Gold 5320 processor.

For clarity in presenting the experimental results, the parallel EDT algorithm proposed
by Duhu Man in [24,25] is referred to as the Man algorithm, the parallel EDT algorithm
proposed by Dale Black in [29] is referred to as the Black algorithm, whereas the method
proposed in this paper is referred to as the Partition-Based Recursive EDT (PR-EDT)
algorithm.

To facilitate performance evaluation, three speedup metrics are introduced. The first
metric, S1, is defined as the ratio of the execution time of the serial EDT algorithm to that of
the Man algorithm:

S1 =
Tserial
TMan

(1)

Similarly, the second metric, S2, is defined as the ratio of the serial EDT execution time
to that of the Black algorithm, i.e.,

S2 =
Tserial
TBlack

(2)

Similarly, the third metric, S3, is defined as the ratio of the serial EDT execution time
to that of the PR-EDT algorithm, i.e.,

S3 =
Tserial
TPR

(3)

Here, Tserial denotes the execution time of the serial algorithm, TMan represents the
execution time of the Man algorithm, TBlack represents the execution time of the Black
algorithm, and TPR corresponds to the execution time of the PR-EDT algorithm.

The objectives of our experiments are five-fold:

1. to evaluate the performance overhead and time distribution of each step in the PR-
EDT algorithm;

2. to compare the performance of the PR-EDT algorithm with that of the optimized serial
algorithm [27], the Man algorithm [24,25] and the Black algorithm [29];

3. to examine the adaptability and efficiency of the algorithm when applied to images
with varying levels of background-pixel sparsity; and

4. to assess the impact of the sub-block size on the overall performance.
5. to compare the memory usage of the PR-EDT algorithm with that of the optimized

serial algorithm, the Man algorithm and the Black algorithm.

We use four categories of image samples with different resolutions (1024 × 1024,
2048 × 2048, 4096 × 4096, and 8192 × 8192). The proportion of background pixels is adjusted
according to the experimental requirements.

To ensure experimental reproducibility, all test images are randomly generated using
a fixed random seed (seed = 42). For each image resolution and background-pixel density,
the same seed is consistently applied across all runs, guaranteeing identical input data for
all compared methods. Each experiment is repeated 20 times on the same generated image,
and the reported execution time is the average over these runs. In addition, the results
produced by the PR-EDT algorithm are compared against those of the serial algorithm on a
pixel-by-pixel basis to verify the correctness of the proposed method.
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In the experiments presented in Sections 4.2–4.4, the number of rows in each sub-block
is fixed at 20.

4.2. Performance Analysis of Each Step in the PR-EDT Algorithm

To analyze the behavior of the PR-EDT algorithm under different image characteristics,
we conducted experiments on images with background-pixel ratios ranging from 10% to
90%. We measured the execution time of Step 2, Step 3, and Step 4, while Step 1 was
omitted because its overhead is negligible. On average, Step 2, Step 3, and Step 4 accounted
for approximately 1.69%, 88.59%, and 9.72% of the total runtime, respectively. The time
distribution of these three steps under varying image conditions is shown in Figure 7.

Figure 7. Performance Analysis of Each Step in the PR-EDT Algorithm.

Step 3 computes the upper and lower proximate-point sets for each row within every
sub-block. As the proportion of background pixels increases, the number of candidate
proximate points also increases. For example, in an 8192 × 8192 image, the candidate
proximate-points set contains 2623 points when the background-pixel ratio is 1%, but the
number increases to 7187 when the ratio reaches 57%. Consequently, for images of the same
resolution, Step 3 generally generally requires more execution time as the background-pixel
ratio increases.

The execution time of Step 3 peaks when the background-pixels ratio is around
57%. Interestingly, when the ratio increases beyond this point, the execution time begins
to decrease. This behavior occurs because higher background-pixel density increases
the likelihood that candidate proximate points form long consecutive segments within
a row. The PR-EDT algorithm is particularly efficient at handling such consecutively
distributed candidate points, for example by quickly eliminating long runs of dominated
proximate points. As a result, despite the larger candidate proximate-point set, the overall
computational cost of Step 3 decreases when background pixels become highly dense.
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4.3. Performance Comparison with the Serial, Man, and Black Algorithms

To comprehensively evaluate the performance of the serial algorithm, the Man algo-
rithm, and the PR-EDT algorithm, we conducted experiments on images with four different
resolutions and varying background-pixel ratios. The experimental results are summarized
in Figure 8. As the image resolution increases, the performance advantage of the PR-EDT
algorithm becomes increasingly pronounced, consistently outperforming the serial, Man,
and Black algorithms.

Figure 8. Performance Analysis of Four Algorithms.

4.4. Performance Comparison of the Algorithm on Images with Sparse and Dense
Background Pixels

To evaluate the impact of background-pixel density on algorithmic performance, we
conducted experiments on four image resolutions using the serial algorithm, the Man
algorithm, the Black algorithm, and the proposed PR-EDT algorithm. For each resolution,
two image types were generated: one with a background-pixel ratio of 1% and another
with 99%, corresponding to sparse and dense background-pixel distributions, respectively.
These test cases enable a comprehensive assessment of the adaptability and efficiency of
the three algorithms under varying background-pixel conditions. Table 1 summarizes the
execution times of the algorithms (in milliseconds) and reports the speedup of the Man
algorithm over the serial baseline (S1), the speedup of the Black algorithm over the serial
baseline (S2), as well as the speedup of the PR-EDT algorithm over the serial baseline (S3).

The results in Table 1 show that the PR-EDT algorithm consistently outperforms the
serial, Man and Black algorithms across all resolutions and background-pixel ratios. For any
fixed resolution, the PR-EDT algorithm achieves greater speedup on background-dense
images. This behavior arises because the serial algorithm processes each background pixel
independently, regardless of its distribution, whereas the PR-EDT algorithm efficiently
handles groups of consecutively distributed background pixels (proximate points), leading
to more substantial acceleration in dense-background scenarios. Although the Man and
Black algorithm yields noticeable improvement over the serial algorithm, its performance
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remains significantly inferior to that of the PR-EDT algorithm under both sparse and dense
background-pixel distributions.

Table 1. Execution time comparison of the serial algorithm, the Man algorithm, the Black algorithm,
and the PR-EDT algorithm under different image resolutions and background-pixel ratios.

Image Resolution/Background Ratio Serial (ms) Man (ms) Black (ms) PR-EDT (ms) S1 S2 S3

1024 × 1024 (1%) 59.77 40.58 12.40 7.68 1.47 4.82 7.78
2048 × 2048 (1%) 278.37 82.88 62.52 13.3 3.35 4.45 20.93
4096 × 4096 (1%) 1094.07 169.22 333.11 28.08 6.46 3.28 38.96
8192 × 8192 (1%) 4380.63 344.24 1688.41 84.19 12.72 2.59 52.03

1024 × 1024 (99%) 205.39 82.05 13.45 14.15 2.50 15.27 14.51
2048 × 2048 (99%) 864.44 168.04 58.09 39.24 5.14 14.88 22.02
4096 × 4096 (99%) 3484.25 343.88 385.77 116.77 10.13 9.03 29.83
8192 × 8192 (99%) 13,862.27 713.49 2256.60 341.91 19.42 6.14 40.54

4.5. Performance Analysis Under Varying Sub-Block Sizes

To evaluate the impact of sub-block size on the performance of the PR-EDT algorithm,
experiments were conducted on images with resolutions of 1024 × 1024, 2048 × 2048,
4096 × 4096, and 8192 × 8192, while fixing the background-pixel ratio at 1%. The algorithm
was tested with multiple sub-block configurations, and the results are shown in Figure 9.

Figure 9. Performance Comparison under Varying Sub-Block Sizes.

Selecting an appropriate sub-block size requires balancing two competing factors.
On the one hand, proximate-point recursion is performed within each sub-block; thus,
increasing the number of rows per sub-block reduces the local computational overhead.
On the other hand, larger sub-blocks yield fewer total sub-blocks, which in turn decreases
the degree of global parallelism. As shown in Figure 9, configuring each sub-block to
contain approximately 20 rows provides consistently optimal performance across all tested
image resolutions.

4.6. Memory Usage Analysis

Table 2 compares the memory usage of the serial algorithm, the Man algorithm,
the Black algorithm, and the proposed PR-EDT algorithm under different image resolutions.
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Table 2. Memory usage comparison of the serial algorithm, the Man algorithm, the Black algorithm,
and the PR-EDT algorithm under different image resolutions.

Image Resolution Serial (MiB) Man (MiB) Black (MiB) PR-EDT (MiB)

1024 × 1024 17 624 34 258
2048 × 2048 68 748 84 324
4096 × 4096 272 1240 275 588
8192 × 8192 1088 3210 1090 1644

As expected, the memory consumption of all algorithms increases with image resolu-
tion. The serial algorithm exhibits the lowest memory usage, since it only stores the input
image and intermediate distance maps. The Man algorithm requires significantly more
memory due to the storage of multiple auxiliary arrays and intermediate data structures
during parallel computation.

Compared with the Man algorithm, the PR-EDT algorithm substantially reduces mem-
ory usage by partitioning the image into sub-blocks and processing them independently,
thereby limiting the size of auxiliary data structures. Although the PR-EDT algorithm
consumes more memory than the serial and Black algorithms, it achieves a favorable
trade-off between memory usage and computational efficiency. The additional memory
overhead of PR-EDT mainly comes from storing candidate proximate-point matrices and
sub-block-level auxiliary data, which are essential for enabling efficient parallel processing
and reducing redundant distance computations.

5. Limitations and Scalability Analysis
Despite the significant performance improvement achieved by the PR-EDT algorithm,

several limitations should be acknowledged to provide a comprehensive and balanced
evaluation of the method.

5.1. GPU Memory Constraints

The PR-EDT algorithm relies on storing the input image, the background-pixels for
each image row, candidate proximate-point matrix, proximate points for each image row
and auxiliary buffers in GPU global memory. While this design enables high parallel effi-
ciency, it inherently limits the maximum image resolution that can be processed on a single
GPU. For extremely large-scale images, the memory consumption of intermediate data
structures may exceed the available GPU memory capacity, thereby restricting scalability
in single-GPU environments.

In the current implementation, all sub-blocks are processed in-core to minimize data
transfer overhead between host and device memory. As a result, the method is most
suitable for scenarios where the entire dataset can reside in GPU memory. Extending the
algorithm to support out-of-core processing or memory streaming would be necessary to
handle ultra-high-resolution images.

5.2. Scalability with Image Resolution and Sub-Block Partitioning

Although the computational complexity of the PR-EDT algorithm scales favorably with
image size, practical scalability is influenced by several GPU-specific factors. The horizontal
sub-block partitioning strategy introduces a trade-off between parallelism and overhead.
Smaller sub-blocks increase the degree of parallel execution but may incur more redundant
computation, whereas larger sub-blocks reduce overall computation but limit concurrency.

Furthermore, as image resolution increases, the algorithm becomes increasingly sensi-
tive to memory bandwidth saturation and cache utilization efficiency. While the row-wise
recursive construction of Voronoi diagrams effectively reduces redundant computation,
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the overall performance may eventually be bounded by memory access patterns rather
than arithmetic intensity.

6. Conclusions
For the two-dimensional exact Euclidean distance transform (EDT) problem, this work

proposes a row-wise recursive parallel algorithm, termed PR-EDT, which is constructed
upon the classical Voronoi-intersection approach. By fully exploiting the structural similar-
ity between the Voronoi diagrams of adjacent rows, the PR-EDT algorithm efficiently builds
the Voronoi diagram within each sub-block, thereby reducing computational complexity
and significantly improving overall performance. Experimental evaluations show that the
PR-EDT algorithm achieves up to a 52× speedup on GPU platforms compared with tradi-
tional CPU-based methods. The core idea of exploiting inter-row structural similarity dur-
ing Voronoi diagram construction is, in principle, extendable to higher-dimensional exact
and approximate EDT formulations, as the underlying algorithmic structure is dimension-
independent. However, such extensions would significantly increase memory requirements
and data dependency complexity, posing additional challenges for efficient GPU implemen-
tation. Moreover, the current work focuses on a single-GPU execution model. Scaling the
proposed approach to multi-GPU systems would require careful redesign of data partition-
ing and inter-device communication mechanisms to maintain consistency across sub-block
boundaries. Investigating efficient multi-GPU and distributed implementations is therefore
identified as an important direction for future research.
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