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Abstract—Synthetic image generation involves the creation of
artificially generated images that are indistinguishable from real
ones. Conventional simulation-based image synthesis approaches
suffer from intensive computational and memory throughput
demands associated with physically accurate ray tracing through
volumetric datasets. In this work, we propose an FPGA-based
accelerator architecture capable of handling the computations
required to simulate physically accurate X-ray images in real
time. In addition, an algorithm is developed that can calculate
the path of an X-ray through a phantom representing a physical
model. To ensure real-time performance, a parallel accelerator
architecture is proposed using a chain of accelerator kernels
combined with High Bandwidth Memory architecture, which can
simulate many rays concurrently, addressing the computational
and memory throughput demands associated with simulation-
based X-ray image generation.

Performance evaluation of the simulation on an AMD Alveo
US50 Data Accelerator card shows that an average speed-up of 12x
over CPU-based implementations is possible, and allows for real-
time image synthesis at a frame rate of 60 images/s. These findings
highlight the advantages of FPGA acceleration for deterministic,
high-speed synthetic image generation.

Index Terms—Hardware acceleration, X-ray, FPGA, HBM

I. INTRODUCTION

Synthetic image generation involves the creation of artifi-
cially generated images that are indistinguishable from real
ones. Creation of synthetic images is motivated by the fact
that the acquisition of real-world images can be problematic
compared to the use of synthetic images. It may be dangerous
or harmful to collect images in a particular scenario. It could
also be difficult or expensive to collect real images because
an event is rare to capture in real life. As demand for high-
quality datasets continues to grow, reliance on real data alone
proves increasingly impractical. In the healthcare industry
especially, gathering real-world data can be unsafe for the
patient, unethical, or restrictive due to privacy legislation that
protects against sharing sensitive data. Synthetic data can offer
an alternative in these scenarios.

Synthetic X-ray medical images can be generated using a
number of different approaches. The first is machine learning-
based. However, this method can generate unpredictable out-
puts, which is undesirable in mission-critical applications such
as the medical domain. The second approach is physics-based
simulation and is generally implemented on CPUs and GPUs.
This method simulates the interaction between X-rays and
matter to compute an image. Using volumetric datasets derived
from computed tomography or reconstructed rotational X-

ray images, a ray tracing application can be developed that
can compute the received intensity of radiation emitted by a
source and registered by a detector. Because of the memory
footprint of these detailed models and the vast number of
intersection calculations for the rays, a ray-trace application
has a high computational complexity and suffers from memory
throughput challenges that are hard to mitigate in CPU and
GPU implementations.

This paper addresses the computational and memory
throughput challenges of conventional simulation approaches
using an HBM-based FPGA architecture. To handle the large
number of intersection calculations, a sequential hardware
kernel implementation is proposed that can be used replicated
to process many rays concurrently. The custom memory ar-
chitecture incorporates a High Bandwidth Memory (HBM) to
address the memory throughput challenges of conventional
simulation-based approaches. Combined with a tuned lay-
out based on the access pattern of the application, memory
throughput challenges can be effectively mitigated.

Ultimately, the goal of this paper is to realize an architecture
that can be used to generate synthetic X-ray images that
are indistinguishable from real X-ray images in real-time. To
achieve this goal, this paper makes the following contributions:

1) A high-throughput sequential architecture to accelerate
ray tracing computations.

2) A custom HBM-based memory architecture that can
access data at low latency.

3) Superior performance of synthetic image generation over
CPU- and GPU-based implementations, enabling real-
time use

This paper is organized as follows. Section II introduces
the volumetric ray tracing algorithms. Section III proposes an
FPGA architecture to address the identified bottlenecks and
shows implementation details. Section IV presents the results
of the implementation. Section V discusses related work, and
Section VI ends with the conclusions.

II. BACKGROUND
A. X-ray Attenuation

X-rays are a form of electromagnetic radiation with wave-
lengths ranging from 0.01 to 10 nanometers, corresponding to
an energy range of 100 eV to 100 keV. X-rays are primarily
generated through two mechanisms: Bremsstrahlung, where
high-speed electrons decelerate upon striking a target material,
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Fig. 1: Voxel model derived from a human subject

producing a continuous spectrum, and characteristic X-ray
production, where electron transitions between atomic energy
levels emit radiation at discrete wavelengths. When passing
through matter, X-rays undergo interactions such as absorption
and scattering, leading to attenuation. The X-ray attenuation
depends on both the material properties and the X-ray photon
energy. This determines the extent to which X-rays penetrate
different materials.

Linear attenuation, expressed as p, is a measure of how
much the intensity of an X-ray beam is reduced the further it
penetrates matter. Using the linear attenuation of a material,
the Beer-Lambert’s law [15] shown in Equation (1) describes
the radiation intensity as it passes through a material, where
Iy describes the incident X-ray intensity, ! the thickness of the
material, and p(x) the linear attenuation along the path of a
ray at x.

I = Iye~ Jow@)dz (1)

A synthetic X-ray image can be generated by computing
the intensity of a set of rays that strike a detector using the
Beer-Lambert law. This requires evaluating a line integral,
which is impractical within an FPGA. To resolve this, the
problem is discretized by considering the attenuation for a
given volume passed by a ray instead of an infinitesimal
segment along its path. This approach replaces the integral
with a summation, as shown in Equation (2).

I — ]Oe—EMm,y,,lm,y,z (2)

The attenuation coefficients for a given volume used in a
simulation are derived from a real subject. The cubes that make
up such a volume are called voxels. The voxel-based model
used in the imaging process consists of three-dimensional
pixels, or voxels, each assigned a linear attenuation coefficient
that determines how X-ray intensity decreases as it passes
through the material. A model, such as the voxel representation
of a skull shown in Figure 1, is structured in layers that
are processed sequentially. To compute the intensity of a
ray, its path through the voxel model is computed and the
intersected voxels are determined. The attenuation coefficients
corresponding to these voxels are accumulated so that the ray
intensity can be calculated.

B. Phantom

The phantom, also known as the physical model, used
throughout this paper is a BrainWeb model described in [7,
6]. The model is a voxel-based representation of a healthy
human brain created from magnetic resonance (MR) scans.
It enables voxel-wise material identification, particularly the
weight percent mix of different brain tissues. This data is
then converted into effective X-ray attenuation values, forming
the voxelized phantom used in the simulation. This process is
described in [19]. For X-ray simulations of the human brain,
the BrainWeb provides a three-dimensional voxelized map of
a healthy brain, based on MR scans. Using it, distinctions
of brain tissue types like white matter, gray matter, and
cerebrospinal fluid can be made.

III. DESIGN AND IMPLEMENTATION

A. Modeled Components

In an X-ray imaging simulation, three key components are
modeled: the X-ray source, the voxel model, and the detector.
Each plays an important role in accurately simulating the
imaging process.

The X-ray source serves as the origin of the rays that traverse
the voxel model.

o Its position is defined as a three-dimensional vector with
X, Y, and Z components, which can be transformed
throughout the simulation. This transformation, consist-
ing of both rotation and translation, allows the source to
mimic the movement of a real imaging system.

o The source emits a pyramid-shaped beam composed of
individual rays. In the simulation, the beam is simplified
by assuming a monochromatic energy level of 75 keV,
eliminating the complexities of polychromatic attenua-
tion. This assumption is justified, as at higher energy lev-
els, consistent attenuation behavior is maintained for soft
tissues, fat, and bone [15]. However, this simplification
does not account for beam hardening effects, which in
real scenarios could introduce artifacts such as cupping
or streaking [2]. We will not take these into account in
our implementation.

o To simplify the simulation, the rays generated by the
source ignore Compton scattering [9], a key phenomenon
in real X-ray imaging that contributes to noise and image
blurring [8]. So, while this omission makes the simulation
more simplistic, it means that certain artifacts present in
actual imaging systems will not appear in the generated
images.

The voxel model represents the object being imaged.

o The voxel model, introduced in Section II-B, represents
the subject in the imaging process. It consists of numer-
ous voxels (3D pixels), each assigned a linear attenuation
coefficient that describes how much X-ray intensity is
attenuated as it passes through the voxel.

o The model is divided into layers, traversed from front
to back. It can take the form of a cube or rectangular
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Fig. 2: The three steps of the simulation algorithm

cuboid, with the only requirement being that all layers
run parallel.

e A big memory throughput reduction is achieved by com-
pressing the attenuation coefficients of the voxels into
sixteen distinct material types, each describing a different
attenuation coefficient. These material types, defined as
32-bit fixed-point numbers, can be decoded within the
simulation using a 4-bit index. This compression trick
decreases the size of the memory transfer within the
FPGA by a factor of four.

The detector is responsible for capturing X-rays that pass
through the voxel model and forming the final simulated
image.

o Its geometry is defined by its center point and horizontal
and vertical spans, implicitly defining the four corner
points in three-dimensional space. The detector model
is based on the Allura Xper FD20 [16], with physical
dimensions of 293.2 x 398.2 mm.

« Its resolution determines the level of detail in the final im-
age; higher resolutions capture finer details in the model.
However, each detector pixel corresponds to a single ray
traced from the X-ray source, causing computational cost
to scale linearly with the number of detector pixels.

B. Algorithm Steps

As shown in Figure 2, the simulation aims to accurately
model the behavior of X-rays as they travel from a defined
source, pass through a voxel-based model, and reach the
detector [14]. To achieve this, a set of rays is generated from
the source and traced through the voxel grid, with each ray
contributing to the final image captured at a detector pixel. The
positions of the rays are arranged in parallel rows, ensuring
that each ray within a given voxel line enters at the same
height. This structured alignment simplifies memory access
and data transfer, as voxel data can be preloaded efficiently
for each row. These parallel positions, referred to as projection
pixels, are not perfectly aligned with the detector pixels. The
detector pixels therefore need to be interpolated based on the
values at the projection pixels. The algorithm is divided into
three steps, illustrated in Figure 2.

1) Projection step: In this step the region of the voxel
model that is relevant for the simulation is determined by
identifying which parts of the model interact with the X-ray
beam. This step involves projecting the detector onto the voxel
model to establish the boundaries of the X-ray beam. The
inputs to this step include the location of the source and the
detector. Based on the projection, a grid of projection pixels
can be created that mark the entry points of individual rays
into the model.

2) Computation step: In computation step, the attenuation
of the X-rays are calculated as they traverse the voxel model.
This step is crucial for determining how much of the X-
ray intensity is attenuated based on the material properties of
the voxels. The key inputs to this step include the projection
pixels, which define the rays, and the voxel model, which con-
tains material-specific attenuation coefficients. The algorithm
propagates rays through the voxel model, summing attenuation
coefficients along each ray’s path to compute the cumulative
attenuation values. The output of this step is an attenuation
map, which represents the total attenuation encountered by
each ray measured at a different projection pixel.

3) Detector step: The final step determines the attenuation
at the detector pixels by interpolating the computed attenuation
values at the projection pixels. As a result, this step produces
the detector image, which represents the final simulation
output, showing the X-ray intensities measured by the detector.

C. Accelerator Architecture

The main accelerator architecture is shown in Figure 3. It
consists of both a software component as well as a hardware
component [1].

1) Embedded CPU: A processor is responsible for execut-
ing the projection step of the algorithm. It communicates with
a host system to receive the input system configuration. It
is implemented as a MicroBlaze Micro Controller System, a
32-bit RISC soft-core processor with a three-stage pipeline.
Its primary tasks include constructing the projection boundary
that is used in the computation step for ray generation. The
processor receives simulation parameters from the host, such
as source and detector positions, projection resolution, and the
sixteen distinct material properties.

The processor is able to complete calculations within 2
milliseconds, allowing sufficient time for downstream compo-
nents to process the data, supporting the real-time performance
objectives of the system.

2) Compute engines: The simulation compute engines
serve as the main computational units responsible for process-
ing voxel data and computing interactions between rays and
the voxel model. Each engine is designed to handle a specific
portion of the workload, allowing for efficient distribution
of computations across multiple instances. Their role is to
perform intersection calculations between rays and voxels,
accumulate the resulting values, and pass the data along the
accelerator architecture shown in Figure 3. Using multiple
compute engines improves both simulation performance and
scalability.
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o Engines fetch voxel lines in advance and store them in
a circular buffer. This technique ensures that the voxel
lines are present in advance, preventing bottlenecks. Since
every ray at a given voxel line enters at the same height,
the voxel data can be transferred efficiently in aligned
rows. The engines are grouped in blocks of sixteen
engines, which are attached to a single read manager that
implements the interface to the physical memory. The
number of groups is dependent on the size of the model.

« Digital Signal Processing (DSP) slices are used within the
engine for performing high-speed arithmetic operations.
These slices ensure high performance for the core calcu-
lations required to determine how rays interact with the
voxel model, significantly reducing computation time.

o Each voxel in the simulation contains a material index
that identifies the attenuation coefficient associated with
it, as explained in Section III-A. The engines decode
this material index into the voxel’s attenuation value,
decreasing the size of the memory transfer.

o The engines are connected in a chain, where data is
passed between engines. This means that the maximum
number of rays that can be processed at a time is equal
to the number of engines. This improves the amount of
parallelism in the implementation.

3) Host PC: The detector step is implemented on a host PC
rather than hardware because it is not timing-critical and has a
relatively low computational cost. This step involves mapping
the computed attenuation values from the projection plane
onto the detector plane. Because these planes are not always
parallel, interpolation techniques are necessary to accurately
assign attenuation values to detector pixels. The decision to
execute the final step on the host PC in software allows post-
processing techniques, such as upsampling, to further improve
performance.

D. Memory Architecture

Efficient memory management is crucial to optimizing
system performance, particularly when handling larger voxel
models. The voxel line-based access method improves perfor-
mance by ensuring that memory is accessed in a structured
and predictable manner. Instead of fetching individual voxels,
which would lead to inefficient memory usage and frequent
stalls, the system preloads entire lines of voxels into buffers
before they are needed. This approach reduces the number of
memory transactions and allows data to be streamed efficiently
into the processing engines. Since all rays within a voxel line
enter at the same height, memory can be accessed sequentially,
minimizing latency and maximizing data throughput. By or-
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ganizing memory transfers around voxel lines, the simulation
reduces bottlenecks, optimizes caching, and ensures a steady
flow of data, ultimately leading to higher processing efficiency
and faster computation times.

The custom memory architecture is built around Xilinx’s
HBM architecture. An illustration of the full architecture is
shown in Figure 4. The HBM features a wide array of parallel
ports, enabling simultaneous access to multiple data streams.
This architecture significantly boosts data transfer speeds and
reduces latency compared to traditional memory. The data
accelerator card chosen for the implementation is the Alveo
US50 Data Accelerator card. This card features two HBM stacks
of 8 GB, with each stack having a reported bandwidth of 201
GB/s [3]. One stack features sixteen parallel ports.

To each of these ports, a read manager can be attached
that acts as an interface for sixteen different engines. A read
manager is responsible for efficiently retrieving voxel data
for computation. It serves as an intermediary between the
memory architecture and the compute engines, ensuring that
data is accessed and delivered in a structured and efficient
manner. At its core, the read manager consists of two pri-
mary subcomponents: the request manager and the response
manager. The request manager is responsible for translating
voxel data requests from the compute engines into appropriate
memory addresses using the AXI4 standard. These requests are
stored in First-In-First-Out (FIFO) buffers, ensuring orderly
processing. To manage multiple simultaneous requests, a pri-
ority encoder is employed, following a round-robin scheduling
scheme to provide fair access across all engines. The selected
request is then converted into an AXI4 address and sent to
the memory controller, which supports multiple outstanding
requests. A unique identifier (arid) corresponding to the engine
number is assigned to each request, which ensures memory
responses can be identified.

The response manager handles the retrieval and processing
of voxel data from HBM. Since memory returns data in bursts
of 256 bits, the response manager is responsible for seg-
menting and distributing this data into 64-bit blocks, aligning
with the compute engines’ interfaces. It ensures that data is
delivered to the correct engine by utilizing the read address
identifier (rid), which maps each response to its corresponding
request. By implementing this structured read management
system, the FPGA can efficiently handle high-throughput
memory requests while minimizing latency and ensuring cor-
rect data distribution. This architecture significantly enhances
the performance of voxel-based computations, providing a
scalable solution for memory-intensive applications. Based on
a realistic access pattern a bandwidth of 12.1 GB/s per channel
was measured, which is 96% of the maximum throughput per
channel.

IV. RESULTS AND ANALYSIS

In the performance evaluation of the FPGA-based simu-
lation, significant improvements were observed compared to
traditional CPU-based implementations. The system’s perfor-
mance is primarily influenced by factors such as the detector

378 m Small

mm Medium
Large
-- FPS Goal

350 4

181 x 181

256 x 256
Detector Resolution

512 x 512

Fig. 5: FPS performance for different model and detector sizes

resolution and the model size. The number of rays simulated is
a critical determinant of speed, and higher resolutions require
more rays to be simulated. In some cases, memory access-
induced stalls can occur. This mainly happens at lower reso-
lutions when the frequency at which voxel lines are requested
is higher. The stall duration is proportional to the number of
voxels being fetched per line. Therefore, the size of the model
also affects the performance of the system.

The frame rate achieved varies depending on the combina-
tion of model size and detector resolution. Some results are
summarized in Figure 5. For a small model, which is 384 x
297 x 384 voxels, the frame rate achieved ranges between
146 FPS and 378 FPS. For a medium-sized model, with a
size of 512 x 512 x 512 voxels, the performance ranges
between 144 FPS to 271 FPS. The largest model, which
contains 1024 x 1024 x 1024 voxels, still maintained frame
rates between 123 FPS and 132 FPS. At the highest detector
resolution, stalling no longer occurs for the small and medium-
sized models, resulting in a similar performance. For the
largest model, stalling occurs at every resolution which results
in small variance in the performance. Notably, the system
consistently exceeded the 60 FPS benchmark required for
real-time applications, demonstrating its suitability for high-
performance scenarios.

To validate the FPGA-based simulation, it was compared
with a CPU-based simulation. The CPU implementation uses
single-precision floating-point arithmetic instead of fixed-point
and avoids errors introduced by the detector steps. Both meth-
ods used the same compressed model for fairness. Figure 6
shows a result from both approaches. The results showed
near-identical outputs except for higher attenuation values at
the bottom in the FPGA simulation, as confirmed by error
analysis. This discrepancy likely stems from multiple factors,
including ray length inaccuracies, fixed-point precision limi-
tations, and simulation artifacts caused by the voxel model’s
cut-off. Elsewhere, the FPGA map appeared slightly shifted
left compared to the CPU reference which is likely a result
of bit truncation. Despite these errors, bilinear interpolation
handled high-contrast areas well, and the FPGA result is
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virtually indistinguishable from the CPU result. Using the
CPU simulation as a reference, the image produced by the
FPGA has a mean absolute error of only 2.26%.

One of the key optimizations explored in the study was the
use of upsampling to improve performance without signifi-
cantly compromising accuracy. By running the simulation at
a lower detector resolution of 181 x 181 pixels and then up-
sampling the output, a 33% speed improvement was achieved
compared to running the system at a regular resolution of 256
x 256 pixels. The upsampling process involved interpolating
the lower-resolution output to a higher resolution using bilinear
interpolation. This method effectively reduced the computa-
tional burden while having a small impact on image quality.
The mean absolute error (MAE) introduced by this technique
was only 0.6%, making it a viable performance enhancement.
However, in high-contrast regions, the maximum observed
error reached 6%. In addition, upsampling can increase noise
levels in a map, which is undesirable, particularly for machine
learning and CT (computed tomography) applications [21].

V. RELATED WORK

Synthetic X-ray image generation is not a novel field,
with research on rendering techniques and computational
algorithms dating back to 1994. [10, 11] propose using a
stream-based approach for medical image processing to reduce
the memory bandwidth requirements of such algorithms. [18]
describes the usage of attenuation fields that extend ray
tracers, allowing most computations to be performed in a
preprocessing step. In order to speed up the computations,
graphics processing units (GPUs) are good candidates [4]
due to the large number of processing cores available. [20,
22] achieve high GPU performance through algorithmic sim-
plifications and specialized ray casting techniques. However,
these computational approaches involving the simulation of
rays moving through the model, also known as ray tracing,
are computationally expensive and require a high memory
bandwidth. More modern approaches advocate the usage of
machine learning algorithms to aid the X-ray image gen-
eration process. The problem with these techniques is that
they rely on large amounts of labeled images, which are
rarely available. To address this, [5] introduces a multi-stage

Generative Adversarial Network (GAN) to generate synthetic
images with semantic labels for data augmentation, which
performs well on small datasets. [17] attempts to generate syn-
thetic CT images from Magnetic Resonance Imaging (MRI)
data. The implementation included additional improvements
such as perceptual loss, coordinated convolutional layers, and
super-resolution techniques. Such machine learning algorithms
can also be accelerated on FPGAs [12, 13]. However, these
machine learning methods can generate unpredictable outputs,
which is undesirable in mission-critical applications such as
the medical domain.

VI. CONCLUSION

This paper presents the architecture and implementation of
an FPGA-based hardware ray-tracing accelerator for gener-
ating real-time synthetic X-ray medical images. The study
demonstrates that the developed system can produce realistic
images with a mean absolute error of only 2.26% compared to
CPU-based implementations. The separation of computational
tasks between the host machine and FPGA has proven to
be a good design choice, enabling real-time image genera-
tion by leveraging hardware acceleration for timing-critical
operations. The proposed architecture includes a highly op-
timized memory architecture, particularly through the Xilinx
High Bandwidth Memory, with improved access patterns to
maximize data throughput to ensure that the FPGA achieves
near-maximum performance.

Performance evaluation shows that the generation speed
primarily depends on the detector resolution, for it directly
determines the number of simulated rays. However, model
size can also become a limiting factor due to stalling by
increased memory transfer delays. The study further explores
upsampling techniques, concluding that performance can be
improved by 33% with only a minor 0.6% increase in average
error compared to CPU-based implementations, making it a
viable option in cases where slight accuracy reductions are
acceptable.
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