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Abstract. The Hough Transform (HT) is a classical technique for de-
tecting straight lines inferred from edge points in binarized images, val-
ued for its robustness to noise and incomplete edge information. However,
the numerical nature of the HT, leads to high computational complexity,
where performance is dominated by updates and memory access patterns.
The main contribution of this work is a GPU-accelerated implementa-
tion of the classical HT for line detection, focused on implementation-
level optimizations rather than algorithmic modifications. The proposed
approach preserves functional equivalence with a widely used OpenCV
GPU-based implementation while exploiting the parallelism and memory
hierarchy of modern GPUs. An adaptive voting strategy is employed, us-
ing shared memory when the accumulator size permits and falling back
to global memory for larger parameter spaces. Experimental results ob-
tained across various GPU architectures show that the proposed imple-
mentation achieves speedups ranging from approximately 50× up to over
400× compared to a sequential CPU baseline and consistently outper-
forms the OpenCV GPU-based solution by a factor of about 1.3× to
2.5×.

Keywords: GPU Acceleration · Hough Transform · Image Processing ·
Discretized Parameter Space · Numerical Voting Scheme

1 Introduction

Originally proposed by Hough [7] and later extended for line detection by Duda
and Hart [4], the Hough Transform (HT) is a classical technique for detect-
ing parametric shapes such as straight lines in images. Its robustness to noise,
fragmented contours, and missing edge points has made it a standard tool in
computer vision. From a computational perspective, the classical voting-based
formulation of the HT can be viewed as a dense numerical accumulation over a
discretized two-dimensional parameter space, where each edge point contributes
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votes across a range of angular parameters. As a result, execution time is domi-
nated by accumulator updates and memory access patterns rather than by con-
trol flow complexity.

The growing availability of high-resolution images and dense edge maps has
magnified the computational cost of the HT, limiting its applicability in time-
critical and large-scale scenarios. On conventional CPU architectures, the in-
herent parallelism of the voting process is only weakly exploited, leading to
execution times that scale linearly with the number of edge points and the an-
gular resolution. In contrast, modern GPUs provide massive data parallelism
and high memory bandwidth, making them a natural target for accelerating
accumulation-based numerical algorithms. Additionally, GPUs offer a hierarchi-
cal memory model, including shared memory that can be used to optimize access
patterns and reduce latency for frequently updated data structures [2].

In this work, we focus on accelerating the classical HT for straight line detec-
tion through implementation-level optimization on GPUs. Rather than introduc-
ing algorithmic approximations or probabilistic variants, the proposed approach
deliberately retains the classical formulation of the HT in order to focus on
the impact of implementation and hardware-level optimizations. This approach
allows performance variations to be examined with respect to GPU hardware ar-
chitecture, memory hierarchy, and input image characteristics, while eliminating
variability due to algorithmic design and parameterization.

The main contribution of this paper is a GPU-accelerated implementation
of the classical HT that employs an adaptive voting strategy. Depending on the
size of the discretized accumulator, voting is performed either in shared memory
or directly in global memory, allowing efficient execution across a wide range
of image resolutions and parameter-space configurations. The implementation is
evaluated on various GPU architectures, demonstrating speedups ranging from
approximately 50× to over 400× compared to a single-threaded CPU baseline,
while achieving an additional 1.3×−2.1× speedup over the wildely-used OpenCV
GPU-based implementation.

The remainder of this paper is organized as follows. Section 2 reviews related
work on HT variants and GPU-based implementations. Section 3 introduces the
theoretical background of the classical HT. Section 4 describes the proposed
GPU implementation. Section 5 presents the experimental setup and perfor-
mance results. Section 6 concludes the paper.

2 Related Work

Due to the high computational cost of the classical HT, numerous approaches
have been proposed to reduce its complexity. Probabilistic and randomized vari-
ants aim to limit the number of processed edge points while preserving detec-
tion performance. The Probabilistic HT (PHT) introduced by Kiryati et al. [10]
demonstrated that reliable line detection can often be achieved using only a
randomly selected subset of edge points. Similarly, the Randomized HT (RHT)
proposed by Xu and Oja [19] reduces both computational and memory complex-
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ity by sampling minimal point sets and estimating parameters probabilistically.
Further extensions of these ideas allowed to improve efficiency by incrementally
refining detection results, as shown by Galamhos et al. [6].

Another class of methods focuses on reducing the dimensionality or resolu-
tion of the accumulator space. Multiresolution and hierarchical variants, such as
the approaches proposed by Atiquzzaman [1] and Espinosa and Perkowski [5],
employ coarse-to-fine strategies to limit accumulator growth and improve com-
putational efficiency. While effective, these methods often introduce additional
algorithmic complexity and require careful parameter tuning.

Beyond algorithmic modifications, several works have explored hardware-
accelerated implementations of the HT. Early efforts targeted reconfigurable
and embedded architectures, including FPGA-based implementations optimized
for memory locality and parallelism [21]. More recently, GPUs have emerged
as a natural platform for accelerating the voting-based structure of the HT.
Van den Braak et al. [2] investigated different GPU implementation strategies
and highlighted trade-offs between throughput-oriented and input-independent
execution models. Additional GPU-based accelerations have been reported for
both two-dimensional image data [13] and higher-dimensional Hough spaces,
such as 3D plane detection in LiDAR data [17].

The HT has also been extended and adapted for various application domains,
including lane detection [12], industrial inspection [11], and medical imaging [20].
Recent works combine classical Hough-based formulations with learning-based
components or deploy them on embedded GPU platforms to meet real-time
constraints [14].

Direct performance comparisons with existing approaches are challenging,
as many rely on probabilistic or randomized variants of the HT that reduce
computation by processing subsets of input data. This alters the computational
characteristics and makes their performance not directly comparable to the clas-
sical HT operating on the full dataset.

This work concentrates on implementation-level optimization of the classi-
cal, voting-based HT for straight line detection. By preserving functional equiv-
alence with the widely used OpenCV GPU-based implementation, the proposed
approach enables a controlled evaluation of performance scalability with respect
to both image resolution and edge point density. Furthermore, the analysis is
conducted across various GPU architectures, allowing to focus on architectural
effects related to parallel execution and memory hierarchy.

3 Hough Transform Algorithm

In the classical case of line detection, the algorithm maps every edge point from
the edge map into a parameter space, where each line is represented by a pair
(ρ, θ), where ρ denotes the perpendicular distance from the origin to the line,
and θ represents the angle of the line’s normal vector with respect to the x-axis.

The key idea of the HT is that collinear points in the image space correspond
to curves in the parameter space that intersect at a common point. As a result,
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the presence of a line in the image is manifested as a prominent peak in the
accumulator space, as illustrated in Fig. 1.

0 100 200 300 400 500
x

0

100

200

300

400

500

y

Image space

0.0 0.5 1.0 1.5 2.0 2.5 3.0
300

200

100

0

100

200

300

Hough parameter space

Fig. 1. Principle of the Hough transform: multiple candidate lines passing through
individual edge points in the image space (left) and the corresponding sinusoidal map-
pings intersecting at a common point in the parameter space (right).

For a binary edge map I(x, y) achieved after applying an edge detection
algorithm, such as the Canny edge detector [3], on an image, the equation of a
line can be expressed in polar coordinates as

ρ = x cos(θ) + y sin(θ), (1)

where (x, y) denotes the coordinates of an edge point. For each such point,
the algorithm iterates over a discretized range of θ values, typically spanning
the interval [0, π], and computes the corresponding ρ. The accumulator array
is incremented at the discretized location (ρ, θ), effectively casting a vote for a
potential line passing through the point.

From a computational perspective, the time complexity of the classical voting-
based HT for line detection is given by

O(Ne ·Nθ), (2)

where Ne denotes the number of edge points in the image and Nθ represents the
number of discretized angle samples [4,8]. In the worst case, Ne is bounded by the
image resolution, i.e., Ne ≤ W ·H, where W and H denote the image width and
height, respectively. As the result, the computational cost grows linearly with
both the number of edge points and the angular resolution of the parameter
space.

The memory complexity of the algorithm is dominated by the size of the
accumulator array, which is given by

O(Nρ ·Nθ), (3)
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where Nρ denotes the number of discretized distance values. For an image of
resolution W × H, the parameter ρ typically spans the range [−

√
W 2 +H2,-√

W 2 +H2], implying that Nρ increases proportionally with the image diagonal.
Consequently, both the memory requirements and the computational cost of the
accumulator update are strongly influenced by the image resolution and the
chosen discretization parameters [8,16].

After all edge points have been processed, the accumulator is scanned for
local maxima. These maxima correspond to parameter pairs (ρ, θ) that received
a significant number of votes and thus represent detected line candidates. In
practice, a threshold is applied to suppress weak responses and reduce false
detections [4].

The HT algorithm has been extended to support the detection of other para-
metric shapes, including circles [9], ellipses [18], and more complex forms. In
such cases, the dimensionality of the parameter space increases, leading to higher
computational and memory requirements. To address these limitations, the Gen-
eralized HT was introduced [15], enabling the detection of arbitrary shapes by
replacing the analytical parameterization with a lookup-based representation.
While these extensions significantly broaden the applicability of the HT, they
also increase its computational cost, making optimised implementations partic-
ularly important from practical point of view. For this reason, the present work
restricts its scope to straight line detection using the classical voting-based for-
mulation, which remains particularly well-suited for parallelization on modern
GPU architectures.

4 Implementation

We have implemented two variants of the HT for line detection: a classical se-
quential version executed on the single-threaded CPU and a parallel, GPU-
accelerated version. All implementations were developed in C++, using the
NVIDIA CUDA framework (version 12.8). The source code of the proposed im-
plementation is publicly available at https://github.com/FoxedGuy/hough-
gpu.

The sequential CPU implementation is intentionally limited to a single-
threaded baseline without vectorization or multi-core parallelization. This design
choice allows for a clear comparison between the classical execution model and
the massively parallel GPU implementation, isolating the impact of hardware-
level parallelism on the performance of the voting process. At the same time,
the CPU implementation was not left entirely unoptimized: trigonometric values
were precomputed using a lookup table, and the code was compiled with com-
piler optimizations enabled (-O3). These measures reduce avoidable overhead
while preserving the fundamentally sequential character of the baseline.

The GPU-accelerated implementation follows a three-stage pipeline executed
by dedicated CUDA kernels: extraction of edge point coordinates from the in-
put edge map, voting in the accumulator space and detection of local maxima.
In the first stage, non-zero values from the edge map are extracted using the
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extract_non_zero_packed kernel. Each thread examines a single pixel and if it
corresponds to an edge point, stores its coordinates using an atomic increment.
To reduce memory traffic and improve cache efficiency, edge points coordinates
are packed into a 32-bit integer, with horizontal and vertical positions encoded
in separate 16-bit fields. The parallel extraction and the packing of non-zero
values coordinates kernel is formally summarized in Algorithm 1.

Algorithm 1 CUDA Kernel: Extraction of Non-Zero Pixels with Packed Coor-
dinates
Require: Binary edge map I of size N ×N
Ensure: Packed coordinate list P , number of edge points Ne

1: for each pixel (x, y) in parallel do
2: if I(y, x) ̸= 0 then
3: idx← atomicAdd(Ne, 1)
4: P [idx]← (y ≪ 16) | x
5: end if
6: end for

The accumulator is represented as a two-dimensional integer array stored in
the global memory, with its dimensions determined by the discretization of the
ρ and θ parameters, including padding. For better memory coalescing, the pitch
version of CUDA memory allocation function, cudaMallocPitch has been used.

The voting stage constitutes the most computationally intensive part of the
algorithm. Each CUDA block is responsible for processing a single discretized
angle value, while threads within the block iterate over the list of detected edge
points and compute the corresponding polar parameter. Trigonometric values
are computed on-the-fly using the __sincosf intrinsic function and scaled by
the reciprocal of the radial discretization step. This approach shows itself to be
more efficient than using precomputed lookup tables due to reduced number of
memory references and better utilization of the GPU’s special function units.
The computed radial index is rounded using the __float2int_rn intrinsic to
ensure consistent mapping to accumulator bins.

Depending on the size of the accumulator and the available shared memory
on the target device, two alternative voting strategies are employed. For each
discretized angle, a one-dimensional slice of the accumulator corresponding to
the radial parameter is processed independently. When the size of this slice fits
into shared memory, it is allocated as a shared buffer local to the CUDA block
stored in shared memory. The buffer is shared by all threads within the block
and represents the accumulator row for a single angle value. The shared memory
voting kernel employed in this case is formally summarized as Algorithm 2.

During voting, all threads concurrently update the shared accumulator using
atomic operations, accumulating votes for different radial bins. Because of shared
memory being physically located on-chip and shared only among threads of
the same block, this approach significantly reduces global memory traffic and
contention. After all votes for a given angle are processed, a synchronization

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29915-4_46

https://dx.doi.org/10.1007/978-3-032-29915-4_46
https://dx.doi.org/10.1007/978-3-032-29915-4_46


GPU Accelerated Hough Transform for Line Detection 7

barrier ensures that the shared accumulator is fully updated before its contents
are written back to the corresponding row in global memory.

Algorithm 2 CUDA Kernel: Voting-based Hough Accumulator with Shared
Memory
Require: Packed edge point list P of size Ne, Nθ, Nρ, ρ−1, θmin, ∆θ
Ensure: Accumulator array A
1: for each angle index θk in parallel do
2: Allocate shared array S[0 . . . Nρ + 1]
3: Initialize S ← 0
4: θ ← θmin + k ·∆θ
5: (cos θ, sin θ)← sincos(θ)
6: cos θ ← cos θ · ρ−1

7: sin θ ← sin θ · ρ−1

8: shift← ⌊(Nρ − 1)/2⌋
9: for each edge point (xi, yi) ∈ P in parallel do

10: r ← round(xi · cos θ + yi · sin θ)
11: r ← r + shift
12: atomicAdd(S[r + 1], 1)
13: end for
14: Synchronize threads
15: Copy S to global accumulator row A[k + 1][·]
16: end for

If the size of the accumulator slice exceeds the available shared memory ca-
pacity, the implementation falls back to a global-memory-based strategy. In this
case, all threads directly update the global accumulator using atomic operations.
It leads to increased memory latency and contention but ensures correctness for
larger problem sizes.

After the voting phase, local maxima in the accumulator space are detected
using the find_maxims kernel. Each thread evaluates a single accumulator cell
and performs a comparison with its immediate neighbors in both the radial and
angular dimensions. Only cells exceeding a predefined threshold and satisfying
the local maximum criterion are considered as valid line candidates. Each CUDA
thread is mapped to a single accumulator cell (ρ, θ) using a two-dimensional grid
configuration, enabling parallel evaluation of the local maximum criterion across
the parameter space. Detected lines are stored using atomic operations to ensure
correctness under concurrent writes.

The implementation processes square N×N edge maps, where N is assumed
to be a power of two for implementation convenience. This restriction is not
inherent to the algorithm and could be relaxed without affecting correctness.
Detected lines are visualized using OpenCV drawing functions and saved for
qualitative inspection.
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5 Experiments

All experiments have been performed on three hardware platforms with varying
CPU and GPU capabilities, referred to as H1, H2, and H3. The platforms have
beed selected to represent different generations of server-class processors and
GPU architectures, allowing the scalability of the proposed implementation to
be evaluated across a wide performance spectrum.

Platform H1 is equipped with an Intel Xeon Gold 5218R CPU and an NVIDIA
RTX A2000 GPU, representing a lower-end workstation-class configuration. Plat-
form H2 consists of an Intel Xeon Platinum 8358 CPU paired with an NVIDIA
A100 PCIe GPU, offering substantially higher computational throughput and
memory bandwidth. Platform H3 employs an AMD EPYC 9825 processor to-
gether with an NVIDIA H200 NVL GPU, representing a high-end configuration
with a next-generation GPU architecture. An overview of the GPUs’ specifica-
tions is provided in Table 1.

Table 1. Hardware platforms used for experimental evaluation.

Platform GPU Memory CUDA Cores
H1 NVIDIA RTX A2000 12GB 3328
H2 NVIDIA A100 PCIe 40GB 6912
H3 NVIDIA H200 NVL 141GB 16896

All platforms support CUDA-based execution and provide sufficient memory
resources to accommodate the accumulator sizes used in the experiments. This
selection enables a consistent comparison of CPU and GPU execution charac-
teristics across different architectural classes.

5.1 Test Data

To ensure controlled and reproducible experimental conditions, synthetic edge
maps were generated and used as test data. The edge maps contain multiple
horizontal line segments placed symmetrically with respect to the map center.
Each line has a fixed thickness of one pixel, while the number of lines and the
edge map resolution are varied across experiments.

For experiments analyzing the impact of edge map resolution, square edge
maps of size N × N were generated, with N ranging from 512 to 8192 pixels.
In these edge maps, a fixed number of horizontal line segments was drawn, each
with a predefined length centered along the horizontal axis. This setup allows the
number of edge points to be controlled independently of the edge map resolution.

All generated edge maps are binary, with foreground pixels representing line
segments and background pixels set to zero. The use of synthetic data enables
precise control over the number and spatial distribution of edge points, facili-
tating the systematic evaluation of the computational behavior of the HT under
varying input conditions.
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5.2 Evaluation Metrics

The primary evaluation metric used in this work is the execution time, as the
main objective is to assess the computational efficiency and scalability of the
proposed GPU-accelerated HT implementation. All reported timings correspond
to the line detection stage, excluding image loading and disk I/O operations.

Detection quality is not treated as a primary metric. Instead, qualitative
and functional correctness was verified by ensuring that, for identical parameter
settings, the proposed implementation produces line detection results consistent
with those obtained using the OpenCV reference implementation as shown in
Fig. 2. It ensures that performance comparisons are conducted between func-
tionally equivalent configurations.

Fig. 2. Comparison of line detection results on a sudoku edge map (left) between the
proposed GPU implementation (center, detected lines coloured red) and the OpenCV
reference implementation (right, detected lines coloured blue). Both implementations
yield identical detected lines, confirming functional equivalence.

Execution times were measured using high-resolution timing mechanisms ap-
propriate to each execution context. For GPU execution, NVIDIA Nsight pro-
filing tools were additionally employed to validate timing measurements and to
analyze kernel-level execution behavior, memory access patterns, and synchro-
nization overheads.

5.3 Results

Table 2 reports average execution times for edge maps with a fixed resolution
of 1024 × 1024 pixels and an increasing number of edge points. For all three
platforms (H1–H3), the sequential CPU implementation has exhibited an ap-
proximately linear growth in execution time as the number of edge points has
increased, which is consistent with the O(Ne ·Nθ) complexity of the voting stage.

On platform H1, increasing the number of edge points from 10,240 to 163,840
results in the execution time increase from 8.17ms to 80.80ms, corresponding to
a factor of 9.9×. A similar trend can be observed on H2, where execution time
growns from 8.19ms to 85.04ms (10.4×), and on H3, from 4.96ms to 54.71ms
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Table 2. Average calculation times for edge maps with 1024 × 1024 resolution and
different numbers of edge points. Threshold for line detection set to 400.

Edge
Points

Hardware
H1 H2 H3

CPU GPU CV CPU GPU CV CPU GPU CV
10240 8.17 0.16 0.29 8.19 0.14 0.24 4.96 0.09 0.15
20480 13.04 0.18 0.31 13.14 0.14 0.25 8.46 0.09 0.15
40960 22.86 0.24 0.36 23.85 0.16 0.26 14.69 0.10 0.16
81920 42.89 0.33 0.44 43.50 0.18 0.29 27.80 0.11 0.17

163840 80.80 0.51 0.60 85.04 0.23 0.34 54.71 0.13 0.19

(11.0×). These results confirm that the CPU performance is primarily dominated
by the number of processed edge points, while differences between platforms
reflect their single-core performance and memory subsystem efficiency.

In contrast, the proposed GPU implementation shows only a weak depen-
dence on the number of edge points across all platforms. For H1, execution time
increases from 0.16ms to 0.51ms when the number of edge points grows by a
factor of 16. On H2, the corresponding increase is from 0.14ms to 0.23ms, while
on H3 it ranges from 0.09ms to 0.13ms. As a result, the GPU execution time has
varied by at most 0.35ms across the entire tested range, compared to increases
exceeding 70ms for the CPU.

The resulting speedup over the CPU implementation depends strongly on
the edge density. For sparse edge maps (10,240 points), the speedup ranges from
51× on H1 to 55× on H3. For the densest configuration (163,840 points), the
speedup increases to 158× on H1, 370× on H2, and 421× on H3. These trends
are visualized in Fig. 3, which highlights the widening performance gap between
CPU and GPU implementations as the number of edge points has increased.

The relatively weak dependence of GPU execution time on input size for
smaller resolutions can be attributed to the high degree of parallelism and the
ability to overlap memory operations with computation. However, as the resolu-
tion increases, performance becomes increasingly dominated by memory access
patterns and accumulator size, particularly when shared memory capacity is ex-
ceeded. In contrast, the CPU implementation processes edge points sequentially,
resulting in a nearly linear increase in execution time.

The influence of image resolution is summarized in Table 3. For the CPU
implementation, execution time increases noticeably with resolution on all plat-
forms. On H1, execution time grows from 45.23ms at 512×512 pixels to 99.69ms
at 8192× 8192 pixels, corresponding to a 2.2× increase. Comparable scaling can
be observed on H2 (42.61ms to 111.28ms, 2.6×) and H3 (29.02ms to 68.01ms,
2.3×).

For the GPU-accelerated implementation, execution times remains nearly
constant for resolutions up to 2048 × 2048 pixels. Across all platforms, GPU
execution time in this range varies by less than 0.1ms. A far more significant
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Fig. 3. Line detection execution time as a function of the number of edge points for
CPU and GPU implementations across platforms H1, H2, and H3. The vertical axis is
shown on a logarithmic scale.

increase can be observed for 4096 × 4096 pixels and above, where execution
time rises to 1.03ms on H1, 0.54ms on H2, and 0.26ms on H3. At the largest
resolution of 8192 × 8192 pixels, GPU execution time reaches 2.03ms on H1,
0.98ms on H2, and 0.43ms on H3. This noticeable increase in execution time
can be explained by the growing size of the accumulator, which no longer fits into
shared memory. Despite this increase, the GPU implementation remains from
34× to 230× faster than the CPU, depending on the platform. These scaling
trends are illustrated in Fig. 4.

The observed increase in execution time for larger resolutions is primarily
associated with the growth of the accumulator, which exceeds the capacity of
shared memory and forces the use of global memory. This transition leads to
increased memory latency and contention, which becomes the dominant perfor-
mance factor for large parameter spaces.

Across all evaluated configurations, the proposed GPU implementation con-
sistently outperforms the OpenCV GPU-based solution. For the fixed-resolution
experiments in Table 2, speedups over OpenCV have ranged from 1.8× to 2.1×
on H1, from 1.7× to 2.5× on H2, and from 1.6× to 1.9× on H3. Similar ra-
tios can be observed for varying resolutions in Table 3. Since both approaches
rely on comparable algorithmic principles, these differences can be attributed to
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Table 3. Average calculation times for edge maps with the same number of edge points
and different resolutions. Threshold for line detection set to 400.

Resolution
Hardware

H1 H2 H3
CPU GPU CV CPU GPU CV CPU GPU CV

512× 512 45.23 0.32 0.33 42.61 0.19 0.22 29.02 0.12 0.13
1024× 1024 41.20 0.33 0.44 42.72 0.18 0.29 27.15 0.11 0.17
2048× 2048 43.22 0.40 0.54 47.80 0.21 0.32 29.10 0.12 0.18
4096× 4096 53.77 1.03 1.07 60.32 0.54 0.63 36.94 0.26 0.31
8192× 8192 99.69 2.03 2.06 111.28 0.98 1.05 68.01 0.43 0.51

implementation-level factors such as kernel specialization, reduced synchroniza-
tion overhead, and more efficient memory access patterns.

It should be emphasized that the OpenCV GPU implementation is designed
as a general-purpose solution supporting a wide range of configurations and
use cases. In contrast, the proposed implementation focuses on a specialized,
performance-critical scenario with fixed parameterization. Therefore, the ob-
served performance gains should be interpreted as the result of targeted, imple-
mentation-level optimizations rather than a general superiority over more flexible
frameworks such as OpenCV.

Finally, a consistent performance hierarchy can be observed across all ex-
periments. Platform H3 has achieved the lowest execution times for both CPU
and GPU implementations, followed by H2 and H1. While CPU performance
on H1 and H2 remains relatively close, GPU execution times on H2 have been
consistently 1.5× to 2.0× lower than on H1. These results confirms that the pro-
posed implementation benefits directly from increased GPU compute capability
and memory bandwidth, and that newer GPU architectures provide measurable
advantages even for highly optimized, short-running kernels. The cost of the
numerical voting process is effectively amortized across massively parallel accu-
mulator updates, significantly reducing sensitivity to input density compared to
the CPU implementation. As a result, performance becomes increasingly domi-
nated by parameter-space resolution rather than the number of edge points.

6 Conclusions

This paper investigates the computational performance of the classical HT for
straight line detection from the perspective of numerical accumulation on mod-
ern GPU architectures. Rather than modifying the underlying algorithm, the
proposed approach focuses on implementation-level optimization of the voting
process, which constitutes the dominant computational and memory-intensive
component of the method. In particular, the results demonstrate that careful
exploitation of GPU memory hierarchy can significantly improve the efficiency
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Fig. 4. Line detection execution time as a function of the resolution of the edge map
for CPU and GPU implementations across platforms H1, H2, and H3. The vertical axis
is shown on a logarithmic scale.

of classical accumulation-based algorithms without introducing algorithmic mod-
ifications or approximations.

A GPU-accelerated implementation preserving full functional equivalence
with a widely used OpenCV reference has been presented. By exploiting the
hierarchical memory architecture of GPUs and employing an adaptive voting
strategy that dynamically selects between shared and global memory, the imple-
mentation effectively reduces memory traffic and contention during accumula-
tor updates. This design allows the numerical voting process to scale efficiently
across a wide range of edge point densities and image resolutions.

Experimental results obtained on multiple hardware platforms have demon-
strated substantial performance gains over a sequential CPU baseline. Depend-
ing on the input characteristics and the target architecture, speedups range from
approximately 50× for sparse edge maps to over 400× for dense configurations.
Across all tested scenarios, the proposed implementation consistently outper-
forms the OpenCV GPU-based solution, confirming that careful implementation-
level optimization can yield performance improvements even for well-established
algorithms.

The results further indicate that, on GPUs, the execution time of the classi-
cal HT becomes increasingly dominated by the resolution of the parameter space
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rather than by the number of edge points. This contrasts with CPU-based execu-
tion, where performance scales almost linearly with input density. Such behavior
highlights the effectiveness of massive parallelism and fast on-chip memory in
amortizing the cost of numerical accumulation.

Future work will focus on further refinement of the GPU implementation us-
ing advanced CUDA features and programming abstractions. In particular, the
use of high-level parallel primitives provided by libraries such as thrust may
simplify selected stages of the processing pipeline while preserving performance.
Beyond raw execution time, an important direction for future research is the eval-
uation of energy efficiency, allowing performance gains to be analyzed in terms of
computational cost per watt on different GPU architectures. An important direc-
tion for future research is the development of architecture-aware optimizations
tailored to specific GPU architectures, which may further improve performance
by leveraging low-level hardware characteristics such as warp scheduling and
memory access patterns. Finally, the proposed implementation framework may
be extended to higher-dimensional parameter spaces to support the detection of
circles and ellipses, enabling an assessment of how the observed numerical and
architectural scaling properties generalize to more complex HT variants.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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