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Abstract

Fast synthetic aperture radar (SAR) imaging simulation is required by many computer vision applica-
tions. Although the shooting and bouncing ray (SBR) method has significantly accelerated electric
field calculation, the number of ray tubes is still the bottleneck for SAR image simulation speed.
This letter proposes an innovative adaptive SBR method driven by Q-learning for accelerated SAR
imaging simulation. The core strategy is to convert the ray tube allocation into a reinforcement learning
problem. The ray-shooting plane is dynamically partitioned into localized patches, where a Q-learning
agent intelligently scales the ray density in real-time. By observing the geometric features of the
target surface, the agent learns to employ coarser ray tubes in flat regions to eliminate redundant
computation, while deploying denser ray tubes in complex areas. A multi-objective reward function is
designed to balance accuracy against computational resource consumption. Numerical experiments
demonstrate that the proposed Q-learning-based SBR method drastically reduces computational cost
while preserving imaging similarity.

Keywords: synthetic aperture radar; SAR imaging; Q-learning; adaptive SBR; ray-tracing; electromag-
netic simulation

1. Introduction
Computer vision for synthetic aperture radar (SAR) images requires fast SAR imaging simulation.

For example, adversarial attacks for object detection [1] models on SAR images require fast SAR
imaging simulation to change the shapes of targets, spatial layout of corner reflectors or dynamically
relocating maritime vessels, to generate a large number of candidate examples for searching. Data
augmentation for SAR image object detection [2] or false target recognition [3] also requires fast
SAR imaging simulation, because traditional data augmentation for optical images, such as rotations,
scaling and color jittering, are physically meaningless for SAR images.

There are two main trends in accelerating SAR imaging simulation. One trend is using deep neural
networks, e.g., generative adversarial networks to generate SAR images [4]. However, these data-driven
methods are not physics-based and therefore they cannot be used for applications that require accurate
physical modeling. Another trend is using ray-tracing-based electromagnetic simulation methods, e.g.,
Shooting and Bouncing Ray (SBR) method [5], to accelerate the electric field calculation in SAR imaging
simulation. Although SBR-based electromagnetic calculation methods have significantly increased the
speed of electric field calculation, they still need to be improved for the above-mentioned applications.

SBR-based SAR imaging simulation generally consists of two stages. Firstly, it shoots a large
number of ray tubes from the radar to the target to compute the electric field from each intersection
point or scattering center. Then, it aggregates the linear frequency modulation (LFM) signals from
all these points to obtain the raw data for subsequent range and azimuth compression. Since SBR
computations are mutually independent across different ray tubes, the ray tracing and intersection
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testing phases can be efficiently accelerated by NVIDIA OptiX which utilizes RT Cores for hardware-
level acceleration. However, the subsequent summarization of the LFM signals from every individual
scatter center or intersection point presents a severe non-parallelizable bottleneck. Aggregating a
massive number of these signals is highly time-consuming (Figure 1). The motivation of the proposed
method is to reduce the number of simulated rays, thereby fundamentally reducing the number of
LFM signals to be aggregated.

Figure 1. Illustration of the computational bottleneck in SBR-based SAR imaging simulation. Three ray tubes are
shot from the radar to the target, where each scattering center returns an LFM signal with a specific propagation
delay τi (i = 1, 2, 3). To obtain the raw data, all LFM signals must be aggregated at each discrete sampling time tk
in the time domain, i.e., ∑i LFM(ti) where ti = tk + τi. This aggregation is strictly sequential on CPUs. On GPUs,
parallel aggregation still suffers from a severe performance bottleneck due to atomic contention and memory
write conflicts when processing a massive number of signals.

Numerous studies have proposed methods to reduce the number of rays in electromagnetic
simulation for radar cross section (RCS) calculation as well as in computer graphics for rendering.
However, none of these ray reduction methods are directly suitable for SAR imaging simulation.
When calculating RCS, the far fields from all scattering centers are summarized at a single observation
point. For a simple rectangular or triangle facet, we can use different ray tube layouts to calculate
RCS without losing accuracy (Figure 2). In rendering, Monte Carlo estimators are generally used
to calculate the integrals in the rendering equation. The phase shifts caused by spatial propagation
delays are not explicitly modeled in rendering, and therefore the ray reduction methods do not need
to consider the phase preservation issue. Nevertheless, the phase issue is critical for SAR imaging and
therefore we need to design a specific ray reduction method for SBR-based SAR imaging simulation.

As shown in Figure 2, for a simple rectangular perfectly electric conducting (PEC) target, we can
merge the dense grid into sparser grids or even a single ray tube to compute RCS. However, for SAR
imaging, the merging depends on the azimuth and range resolution, receiver position, etc.

To address these challenges, this letter introduces an innovative intelligent SBR framework
powered by reinforcement learning to accelerate SAR imaging simulation. We formulate the ray
tube scaling problem as a sequential decision-making process solved via the Q-learning algorithm.
The ray-shooting plane is segmented into localized patches, each governed by a trained Q-learning
agent. By analyzing a concise set of localized geometric features, the agent adaptively dictates the
optimal layout of the ray tubes. It deploys coarser ray tubes in smooth, flat domains to filter out
computational redundancy, while triggering fine-grained ray tube splitting in complex geometric
regions to preserve phase and amplitude accuracy. Guided by a multi-objective reward function that
explicitly balances echo precision against ray-tracing cost, the framework learns the optimal sampling
density autonomously.
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Figure 2. Illustration of the phase preservation requirement in SBR-based SAR imaging simulation. In all three
cases, the RCS can be correctly calculated based on the far-field expression of the time-domain physical optics
(TDPO) integral. However, they have different SAR imaging results due to the different phase shifts of different
ray tube layouts. Only the uniform dense grid layout can obtain the correct imaging result. Our proposed method
learns to intelligently allocate ray tubes to preserve phase shifts while reducing ray numbers.

2. Related Works
Various ray reduction methods have been developed in RCS calculation and rendering. In RCS

calculation, one must calculate the integrals on the intersection area between ray tubes and target
facets. In rendering, one needs to estimate the integrals by each intersection point between a ray and a
target facet. Therefore, their ray reduction methods are different.

2.1. Ray Reduction in RCS Calculation

Suk et al. [6] proposed a multi-resolution grid algorithm to reduce ray counts in radar cross section
(RCS) calculation. Jin et al. [7] and Bang et al. [8] employed space-division algorithms for ray reduction.
Huo et al. [9] proposed tracing individual rays and introducing virtual tubes, thereby reducing the
number of traced ray tubes. Zhao et al. [10] employed a facet-neighborhood search method to reduce
the number of ray-facet intersection tests. Hu et al. [11] proposed an adaptive ray-tube splitting method
based on whether the tube’s lateral edges intersect the target facets. They further imposed a radius
threshold to prevent excessive ray-tube splitting on small facets.

2.2. Ray Reduction in Rendering

Estimating the integrals in the rendering equation [12] using ray tracing methods is a fundamental
problem in computer graphics. As only a limited number of rays can be traced, the estimations suffer
from high variance, which manifests as noise in the rendered images. Researchers have developed
various methods to reduce the variance, including sampling, denoising, super-resolution, etc. Among
them, sampling is the most relevant to our work. Sampling methods can be categorized into two types:
importance sampling and adaptive sampling [13]. Importance sampling methods try to estimate a
probability distribution function (PDF) that can align with the product of the measurement contribution
function and the pixel reconstruction filter. Adaptive sampling methods start from a low-sample MC
rendering input and then strategically allocate additional samples to enhance the image quality.
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2.2.1. Importance Sampling

Importance sampling improves Monte Carlo (MC) integration by drawing samples from a pro-
posal distribution that closely approximates the integrand, thereby reducing estimator variance for a
fixed sample budget. Early neural approaches to this problem cast path guiding as a reinforcement
learning (RL) task. Dahm and Keller [14] formulated the selection of light-transport directions as an
RL problem in which an agent progressively learns the spatial radiance distribution, showing that
the resulting policy substantially shortens average path lengths and reduces wasted evaluations—a
principle directly analogous to our goal of eliminating redundant ray tubes in flat target regions. Zheng
and Zwicker [15] trained a normalizing-flow network to warp the primary sample space so that drawn
samples concentrate on high-radiance directions; the learned non-linear mapping adapts online and
converges faster than histogram-based guides.

Moving beyond single-bounce guidance, Bako et al. [16] proposed an offline, scene-independent
deep importance sampler (ODIS) that reconstructs the full incident radiance at a surface point from a
sparse set of neighbours, enabling effective first-bounce guidance with as few as one sample per pixel.
Müller et al. [17] introduced Neural Importance Sampling, which frames the density learning problem
as minimising the KL divergence between a normalising-flow proposal and the target distribution
and extends naturally to joint multi-dimensional path prefixes in primary sample space. Their follow-
up, Neural Control Variates [18], augments any MC estimator with a learned surrogate integrand
whose known integral is subtracted from the estimate, achieving unbiased variance reduction without
modifying the underlying sampler.

Deep-learning path guiding matured substantially in 2021. Zhu et al. [19] demonstrated that
photon traces emitted from light sources carry rich directional information; feeding these sparse
photons into an offline-trained encoder-decoder yields high-fidelity sampling distributions for arbitrary
scene regions. A hierarchical extension [20] combined path samples with photon data in a quad-tree
representation, enabling finer-grained directional resolution at interactive update rates. Dong et al. [21]
compressed spatial-directional distributions into a compact implicit neural representation (Neural
Parametric Mixtures), decoding them on demand into parameter-mixing models that support fast,
closed-form importance sampling.

The most recent path-guiding work targets the constraints of real-time budgets. Huang et al. [22]
proposed an online framework built around the Normalized Anisotropic Spherical Gaussian (NASG)
mixture model: a small MLP trained on stochastic ray samples learns the full light-transport product
distribution and can be sampled in closed form on the GPU, removing the warm-up phase required
by prior methods. Lu et al. [23] introduced Voxel Path Guiding (VXPG), which stores irradiance and
geometry in boundary-aware voxels shared across shading points and uses a streamlined K-means
clustering step to group voxels by visibility and irradiance similarity; unbiased sampling within the
selected voxel then achieves state-of-the-art perceptual error under an equal-time budget.

2.2.2. Adaptive Sampling

While importance sampling redistributes the probability mass used to generate each sample,
adaptive sampling addresses a complementary question: how many samples should be allocated to
each spatial region? Dachsbacher [24] pioneered the use of machine learning for ray-budget decisions
by classifying scene regions according to their visibility configuration and applying perception-driven
level-of-detail control; co-occurrence matrices over triangle clusters provided the feature representation.
The approach established that learned spatial classifiers can replace hand-crafted variance metrics
without loss of image quality.

Kuznetsov et al. [25] proposed DASR, the first end-to-end convolutional adaptive sampler for
MC rendering. A CNN ingests a one-sample-per-pixel noisy image together with auxiliary geometry
buffers and outputs a per-pixel sampling map that redistributes an additional three spp budget
toward high-error regions, outperforming classical variance-based heuristics across diverse scene
types. Vogels et al. [26] extended this idea with an iterative two-pass scheme: after an initial fixed-rate
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render, an error-prediction network forecasts per-pixel error after denoising, and subsequent passes
double the total sample count by concentrating new samples at predicted error peaks.

Huo et al. [27] recast the per-pixel sample-count decision as a deep RL problem, training a Deep
Q-Network (DQN) on offline datasets to guide where to evaluate the incident radiance field. A
companion reconstruction network then synthesises the final four-dimensional radiance field from
the adaptively acquired samples. The DQN formulation is the most direct precedent for our work:
like our Q-learning agent, it observes scene features, takes discrete resource-allocation actions, and
receives rewards tied to both accuracy and cost—albeit in the optical rather than the SAR domain.

Hasselgren et al. [28] extended adaptive sampling into the temporal domain, incorporating mo-
tion vectors and previous denoised frames as inputs to the sample predictor so that spatio-temporal
coherence reduces both per-frame cost and flickering artefacts. Salehi et al. [29] moved away from
empirical noise estimates by fitting closed-form analytic noise distributions to per-pixel rendering
statistics; sampling maps are then derived from these distributions without requiring stored sam-
ple cascades, yielding faster training and higher quality at elevated sample counts. Most recently,
Firmino et al. [30] showed that denoiser-output variance computed via first-order Taylor expansion
and automatic differentiation is a reliable guide for iterative sample redistribution, achieving superior
equal-time error across diverse scenes without training any additional network.

3. Methodology
As the proposed method incorporates methods in signal processing (Range Doppler), electro-

magnetic simulation (SBR) and reinforcement learning (Q-learning), the notations may be confusing
for readers from different backgrounds. For example, s is usually used to represent signal in signal
processing, but it is also used to represent state in reinforcement learning. λ is usually used to represent
wavelength in electromagnetics, but it is also used to represent weight decay factor in reinforcement
learning. Therefore, we divided our method into three subsections. Within each subsection, we use the
notations commonly used in the corresponding field and clarify them separately. Some widely-used
cross-disciplinary notations and their meanings are listed in Table 1.

Table 1. Cross-disciplinary Notations and Confounding Meanings.

Notations Signal Processing (3.1) Electromagnetics (3.2) Reinforcement Learning (3.3)

s Transmitted/received signal
Target surface area /
Scattering mechanism (as
subscript, e.g., ks)

Environment state

λ Operational wavelength Operational wavelength Weight decay factor

η
Slow-time variable /
Additive white noise Intrinsic impedance of media Learning rate

k Discrete sampling index /
Chirp rate Wavenumber in free space Iteration index / Step counter

µ Statistical mean / Expectation Magnetic permeability Statistical mean of
distribution

σ
Radar cross section (RCS) /
Standard deviation Electrical conductivity Standard deviation of

policy/noise

ϵ
Residual error / Precision
threshold Complex permittivity Convergence threshold

j Imaginary unit Imaginary unit Grid cell index / Spatial
counter

i Imaginary unit Imaginary unit / Incident
wave (as subscript, e.g., Ei)

Grid cell index / Spatial
counter
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3.1. Range Doppler Method for SAR Imaging Simulation

Range Doppler method is a widely used algorithm for broadside SAR imaging. Suppose the radar
emits a linear frequency modulation (LFM) signal, the echo signal can be expressed as

s(t, τi) =
N

∑
i=1

Eri exp
{

j2π

[
fc(t− τi) +

B
2T

(t− τi)
2
]}

, (1)

where N is the number of scattering centers, Eri is the electric field received from the i-th scattering
center, ri is the vector from the i-th scattering center to the receiver, fc is the carrier frequency, B is the
bandwidth, T is the pulse duration, and τi is the time delay corresponding to the two-way travel time
from the radar to the i-th scattering center. The Range-Doppler method applies azimuth and range
matching filters in the slow-time and fast-time domains, respectively, to obtain a SAR image. Each
time the radar emits an LFM pulse, the range filter is applied to the echo signal to obtain the range
profile. The range filter is given by:

hr(t) = exp
{
−j2π

[
fct +

B
2T

t2
]}

. (2)

All echo signals received at different radar positions are processed by the range filter to obtain a range
history. Then, the azimuth filter is applied to the range history to obtain the SAR image. The azimuth
filter is given by:

ha(t) = exp
{
−j2π

2v2t2

λri

}
, (3)

where v is the platform velocity, λ is the wavelength, and ri is the range from the radar to the i-th
scattering center. In real applications, we do not know the exact position of i-th scattering center, so a
reference range r0 is used in azimuth matching filter. The azimuth and range resolution are ∆a = L/2
and ∆r = c/(2B), respectively, where L is the antenna length and c is the speed of light. To preserve
the aspect ratio of targets, azimuth resolution is generally set to be equal to the range resolution, i.e.
L = c/B.

In SAR simulation, we usually suppose a targeting imaging area, e.g., a square area at the center
of XOY plane. According to the flight trajectory, we can calculate the minimum and maximum ranges
from the radar to the imaging area, i.e., rmin and rmax. Then, we can determine the number of range bins
by Nr = (rmax − rmin)/∆r ∗ fs/B, where fs is the sampling frequency. Each time the radar transmits
an LFM signal, the sampled echo will be stored as a column of a signal matrix S. The range matching
filter is applied to each column of S and then the azimuth matching filter is applied to each row of the
range-filtered signal matrix. Finally, we calculate the dB value of the azimuth and range filtered signal
matrix to obtain the SAR image. The dynamic range of the SAR image is determined by the maximum
and minimum values in the azimuth and range filtered signal matrix, which is usually set to 30 dB or
40 dB for visualization.

3.2. SBR Method for Electric Field Calculation
3.2.1. First-Order scattering

The first illumination on the target surface is computed by closed-form TDPO integration on
triangular facets. Every facet can be treated independently and electromagnetic echo calculation can
be performed in parallel.

For a time-varying plane wave, the incident wave can be expressed as:

Ei(r, t) = Ei(r) · E0(t), (4)

where Ei(r) indicates the amplitude and direction of the incident electric field at position r. E0(t)
indicates the wave form in time domain. As SAR imaging simulation is performed in the far-field
region, the incident wave can be approximated as a plane wave. The far-field expression of TDPO
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integral for electromagnetic scattering from a PEC surface illuminated by a time-varying plane wave is
given as:

Es(ri, t) =
1

2πric
k̂s × k̂s × [n̂′ × (k̂i × êi)]

∫
Si

∂

∂t′
Ei(t′)ds (5)

where ri is the distance from the scattering center to the receiver, k̂s and k̂i are the unit propagation
vectors of the scattered and incident waves, respectively, êi is the polarization vector of the incident
wave, and n̂′ is the unit normal vector of the scattering surface. Ei(t′) represents the incident electric
field waveform at the retarded time t′, defined as t′ = t− τi − ri/c− (k̂i − k̂s) · r′/c, where τi is the
reference time delay for the i-th scattering center, r′ is the position vector from the scattering center to
the surface element, and Si is the effective illumination area of the i-th scattering center.

Accordingly, the surface integral I(t) =
∫

Si
∂

∂t′ Ei(t′)ds can be expressed as:

I(t) =
c

α2 E0(t) ∗
Nedge

∑
m=1

Im(t), (6)

where E0(t) is the wave form in time domain and Im(t) indicates the contribution of the m-th edge of
Si. Im(t) can be expressed as:

Im(t) = α∗ · ∆em
c

(k̂i − k̂s) · ∆em

[
ϵ(t− t′m)− ϵ(t− t′m+1)

]
, (7)

in which α is the projection of k̂i− k̂s on surface Si, α∗ is obtained by rotating α by 90 degrees clockwise
on Si, ∆em is the vector of the m-th edge, and ϵ is the Heaviside step function. Eq. (7) only works when
α ̸= 0. When α = 0, I(t) can be expressed as:

I(t) = ∆S
∂

∂t
E0(t− τi − ri/c− (k̂i − k̂s) · ro′/c), (8)

where ro′ is the position vector from the scattering center to the center of Si, and ∆S is the area of Si.

3.2.2. Multiple Bounces Scattering

In SBR, each ray is traced through multiple bounces obeying Snell’s law as shown in Figure 3.
The N-th bounce of incident electric field can be expressed as:

E(N)
i (ri, t) = E(N)

i (r) · E0(t). (9)

The wave direction the N-th-order incident ray is k̂(N)
i . According to the Snell’s reflection law, the

direction of the N-th-order reflected ray is:

k̂(N)
r = k̂(N)

i − 2(k̂(N)
i · n̂)n̂. (10)

The N-th-order reflection direction is the (N+1)-th-order incident direction, i.e., k̂(N+1)
i = k̂(N)

r . E(N)
i (r)

can be locally decomposed into its horizontal and vertical polarization components, i.e.,

E(N)
i (r) = E(N)

i,h ĥ(N)
i + E(N)

i,v v̂(N)
i , (11)

where ĥ(N)
i and v̂(N)

i are the unit vectors of the horizontal and vertical polarization components,
respectively. They can be expressed as: 

ĥ(N)
i =

k̂(N)
i × n̂

∥k̂(N)
i × n̂∥

v̂(N)
i = ĥ(N)

i × k̂(N)
i

(12)
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The polarization vectors of the reflected ray are given by:ĥ(N)
r = ĥ(N)

i

v̂(N)
r = −ĥ(N)

r × k̂(N)
r

(13)

Figure 3. Illustration of multiple bounces in SBR.

The reflected electric field of the N-th bounce can be expressed as:

E(N)
r (r) = E(N)

i,h Rhhĥ(N)
r + E(N)

i,v Rvvv̂(N)
r , (14)

in which Rhh and Rvv are the Fresnel reflection coefficients for the horizontal and vertical polarization
components, respectively. For PEC targets, Rhh = −1 and Rvv = 1.

For the first bounce, k̂(1)
i = k̂i and E(1)

i (r) = Ei(r). For the (N+1)-th bounce, k̂(N+1)
i = k̂(N)

r

and E(N+1)
i (r) = E(N)

r (r). With the analogous process as Eq. (9) and Eq. (10), the (N+1)-th bounce of
scattered electric field can be calculated. Sequentially, the scattering induced by the N-th bounce can
be calculated by the TDPO integral which is similar to Eq. (5). The difference is the incident electric
field should be substituted with E(N)

i .
It should be noticed that the wave form in time domain E0(t) will delay with the multiple bounces.

The time delay of the time domain can be deduced by the ray path length. Let L(N) be the ray path
length between the N-th and (N-1)-th bounces. The time delay of the N-th bounce can be expressed as
τ(N) = L(N)/c.

In our paper, TDSBR is used to obtain the electric field information (including field amplitude,
polarization, incident direction and so on), the intersection area information (including the position of
the hit points) and the path length when a ray tube hit the target. All the information is needed by
TDPO integral equation to obtain the scattering field which is induced by the illumination of this ray
tube. This shows the combination of TDSBR and TDPO. The most complex part of the combination is
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the calculation of the intersect area. Since the ray tube may hit more than one facet at a bounce, the
divergence problem should be carefully treated.

It should be noted that when one ray tube encounters the target, there are two inter-section cases:
(1) The ray tube intersects with only one facet (Figure 4(a)). In this case, the intersection area is a
quadrangle. The intersection points are easy to obtain. With the posi-tions of the four vertexes of the
quadrangle, the scattering of this area can be evaluated through TDPO. (2) The ray tube hits the facets’
boundaries and intersects with more than one facets (Figure 4(b)). In this case, the ray tube will split
according to the shape of the facets of the target and generate new rays with different origins and
reflection directions. There are two ways to solve the divergence problem. The first one is discarding
the ray tube. This applies to the very small-size ray tube and target whose surface curvature is small.
Another way is using the adaptive partition algorithm in ray tracing. The ray tubes emit-ted from ray
aperture are relatively large. When the initial beam encounters the target, it splits according to target
shape. Each split will generate new ray tubes. The shape of the new ray tubes will change. Each new
ray should be retraced. This method will increase the complexity of the problem.

Figure 4. Illustration of the ray tube intersection cases.

Considering the ray tube size is relatively small, e.g. 1/10 of the wavelength, it is unnecessary to
consider all the divergence cases. We evaluate the intersection area of the ray tube and each facet. If a
ray tube hits n facets, we denote the intersection area of the ray tube and the i-th facet as Ai. Then,
the ratio Ai/ ∑n

j=1 Aj is computed. If the ratio is larger than 40%, the new ray would be generated
and retraced, and the scattering is calculated. If the ratio is between 20% and 40%, the scattering from
this area will be calculated but the ray tube will not be generated. If the ratio is smaller than 20%, the
scattering be ignored and the ray tube will not be generated.

We use NVIDIA OptiX to perform ray tracing and electric field calculation within each ray tube.
More details about the implementation can be found in our previous work [31].
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3.3. Q-Learning for Adaptive Ray Tube Scaling
3.3.1. Problem Formulation

The basic scheme of Q-learning is designing a Markov Decision Process (MDP) which consists of
a state space S, an action space A, and a reward function R. The agent observes the state s ∈ S of the
environment and takes an action a ∈ A according to a policy π(a|s), which is a mapping from states to
action probabilities. After taking the action, the agent receives a reward r and observes the next state
s′. The goal of the agent is to learn a policy that maximizes the expected cumulative reward over time.

In our problem, the agent is responsible for deciding where to generate new ray tubes. The action
of the agent is to adjust the ray shooting probability of each grid cell (Figure 5).

Figure 5. Illustration of the agent’s action. We divide the imaging area into grid cells. Each grid cell corresponds to
a state in the MDP. In the initial tracing, the agent shoots one ray tube from the radar to the center of each grid cell.
Then, the agent observes the state of each grid cell and takes an action to adjust the ray shooting probability for
that cell. In the secondary tracing, the agent shoots new ray tubes according to the adjusted shooting probabilities.

To design the reward function, we need to consider what ensures the accuracy of the SBR-based
SAR simulation. For SBR-based SAR simulation, there are two main parts to ensure the accuracy: (1)
electric field computation; (2) signal processing. For the electric field computation part, the accuracy is
mainly affected by the structure of the target. For example, if the target surface is flat, the scattering
from this area will be relatively simple. However, if the target surface is complex, e.g., with many small
facets or sharp edges, the scattering from this area will be more complex and multiple ray tubes are
needed to capture the scattering behavior of this area. If we only consider the electric field computation
part, we should design a reward function that encourages the agent to allocate more ray tubes to the
complex areas and fewer ray tubes to the flat areas. For the signal processing part, the accuracy is
mainly affected by the distances from the radar to the scattering centers. If we only consider the signal
processing part, we should design a reward function that encourages the agent to allocate more ray
tubes to the areas that can introduce new distances. Hence, we design a combined reward function
that considers both the electric field computation and signal processing parts to guide the agent.

As illustrated in Figure 6, each time a ray tube is shot, the distance d(k) and the electric field E(k)

are computed. We use standard deviations std(·) of the normalized distances and electric fields as the
rewards for the signal processing and electric field computation parts, respectively, where · represents
the set of all distances or electric fields computed from the ray tubes shot in the current tracing step.
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Figure 6. Illustration of the reward computation. Each time a ray tube is shot, the distance d(k) and the electric
field E(k) are computed. The standard deviations of the normalized distances and electric fields are used as the
rewards for the signal processing and electric field computation parts, respectively.

3.3.2. Constructing Reward Function

The target scene is partitioned into a matrix of discrete spatial bins (grid cells) indexed by (i, j),
where the size of each grid cell matches the resolution limits (∆r ×∆a). Let us denote the radar position
as Pr. The center of the (i, j)-th grid cell is denoted as Ci,j = (xi, yj, 0).

For each cell (i, j), the initial primary ray is shot from the radar position Pr directly toward the cell
center Ci,j. The ray vector is defined as k0 = (Ci,j − Pr)/∥Ci,j − Pr∥. As this ray tube propagates and
impinges upon the target facets contained within or behind this spatial bin, the SBR solver traces its
multiple bounces and computes the final scattered electric field at the receiver via Eq. (5). We denote
the electric field as:

E(0)
i,j = FSBR(Pr, Ci,j), (15)

where FSBR represents the SBR method introduced in Subsection 3.2.
To evaluate whether the geometric features within the cell (i, j) induce complex multi-path

scattering or phase cancellation, a stochastic evaluation mechanism is introduced. A set of secondary
points X(k)

i,j (k = 1, 2, . . . , N) are randomly sampled within the boundaries of the grid cell (i, j) using a
uniform distribution. Secondary rays are sequentially shot from Pr toward these random positions,
and their corresponding scattered electric fields are denoted as:

E(k)
i,j = FSBR(Pr, X(k)

i,j ).

The complex standard deviation of the computed electric fields within the cell is then utilized as an
indicator of local scattering complexity. The standard deviation σi,j is calculated as:

Ēi,j =
1

N + 1

N

∑
k=0

E(k)
i,j (16)

std({E(k)
i,j }) =

√√√√ 1
N + 1

N

∑
k=0

∣∣∣E(k)
i,j − Ēi,j

∣∣∣2 (17)
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A high value of std({E(k)
i,j }) reveals that minor spatial perturbations within the resolution cell lead to

drastic fluctuations in the echo amplitude or phase, signifying high geometric complexity. Conversely,
a low std({E(k)

i,j }) indicates a flat or homogenous surface where a single center ray is sufficient to
represent the entire cell’s scattering behavior.

The magnitudes of electric fields may vary in a very large dynamic range, e.g., from 10−6 to
10−2, which makes the smaller electric fields have less effects on the computation of the standard
deviation. To visualize a SAR image, we usually set a dynamic range, e.g., 30 dB or 40 dB. That is, the
electric fields should be converted to logarithmic scale and then normalized by the dynamic range.
However, the maximum and mimimum magnitudes of the electric fields are not known before the
simulation. They depend on the target geometry and material properties, the radar position and so on.
To solve this problem, we can use the electric fields computed from the primary rays as the reference
for normalization. The normalized electric fields can be expressed as:

Ê(k)
i,j =

log10 |E
(k)
i,j | − C1

C2
, (18)

where C1 = log10 maxi,j |E
(0)
i,j | and C2 = 10dynamic range in dB/10. Then, the standard deviation can be

computed based on the normalized electric fields Ê(k)
i,j .

The distance bins are constructed by three parameters, i.e., the minimum range rmin, the maximum
range rmax and the range resolution ∆r. rmin and rmax can be calculated based on the radar flight
trajectory and the imaging area. It is a constrained convex optimization problem. Without loss
of generality, suppose a rectangular imaging area centered at the origin of the XOY plane. In our
implementation, we segment flight trajectory according to the pulse repetition frequency (PRF) and
compute the minimum and maximum distances from the radar at each position to the four edges
of the rectangular area. To compuate the minimum and maximum distances from a point to a line
segment, we only need to compute and compare three distances: (1) two distances from the point to
the two endpoints of the line segment; (2) distance from the point to the infinite line defined by the
line segment. The process can be parallelized for all radar positions.

∆r is the sampling interval in the fast-time domain, which is determined by the bandwidth B of
the LFM signal. According to Nyquist sampling theorem, ∆r should be less than (rmax − rmin)/2B.

For different scenarios, the ranges of distances are different. To make the reward function more
general, we can normalize the distances by the maximum range rmax, i.e., d̂(k) = d(k)/rmax. Then, the
standard deviation of the normalized distances can be computed similarly as Eq. (17).

The final reward function is given by:

Ri,j = −α · n̂(k)
i,j + βr · std(r̂(k)i,j ) + βE · std(Ê(k)

i,j ), (19)

where α, βr, βE are three positive constants. n̂(k)
i,j is the normalized number of rays shot in the cell (i, j),

which can be expressed as n̂(k)
i,j = n(k)

i,j /nmax, where n(k)
i,j is the number of rays shot in the cell (i, j) and

nmax is the maximum number of rays that can be calculated by the grid cell size divided by the ray
tube size. The first term in Eq. (19) is the penalty for computation costs since more rays means more
computations in ray tracing and signal processing. The second term is the reward for improving the
signal processing accuracy since a higher standard deviation of distances indicates more new distance
information is introduced by the new rays. The third term is the reward for improving the electric
field computation accuracy since a higher standard deviation of electric fields indicates more complex
scattering behavior is captured by the new rays.

3.3.3. Q-Learning-Based Ray Generation

The Q-learning-based ray generation method is shown in Algorithm 1.
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Algorithm 1 Q-learning-based ray generation method

1: Initialize Q-table Q(s, a) with zeros for all state-action pairs.
2: Initialize ray shooting probability Pi,j = 0.9 for all grid cells.
3: Initial ray tracing: Shoot one ray tube from the radar to the center of each grid cell.
4: while not converged do
5: for each grid cell (i, j) do
6: Observe the current state si,j
7: Select an action ai,j.
8: Shoot new rays according to the updated probability Pi,j.
9: Compute the reward Ri,j based on the new electric fields and distances.

10: Update the Q-table.
11: end for
12: end while

1) State Space (S)
The state si,j of the cell (i, j) is determined by quantizing its current scattering standard deviation

std({Ê(k)
i,j }) and std({r̂(k)i,j }) into discrete levels. As electric fields and distances are normalized, the

standard deviations are in [0, 1]. We can discretize this range into M equal intervals, resulting in a
M×M state space for each cell.

2) Action Space (A)
The action ai,j corresponds to adjusting the ray sampling probability Pi,j of the cell for the next

aperture simulation step:

• a0 (Decrease): Reduce the sampling probability (Pi,j ← max(Pmin, Pi,j − ∆P)).
• a1 (Maintain): Keep the current sampling probability unchanged.
• a2 (Increase): Raise the sampling probability (Pi,j ← min(Pmax, Pi,j + ∆P)).

We set ∆P as a fixed increment, e.g., 0.05. Pmin and Pmax are the lower and upper bounds of the
sampling probability, e.g., 0.0 and 1.0, respectively.

3) Reward Function (R)
The reward function is given by Eq. (19).
4) Q-Table Update Rule
The Q-values, representing the expected long-term rewards of taking specific actions under certain

geometric states, are updated iteratively via the temporal difference (TD) learning rule:

Q(si,j, ai,j)← Q(si,j, ai,j) + η

[
Ri,j + γ max

a′
Q(s′i,j, a′)−Q(si,j, ai,j)

]
(20)

where η is the learning rate, and γ is the discount factor.
During the continuous synthetic aperture simulation, as the platform moves to Ym+1, the frame-

work checks the updated probability map Pi,j. Cells with lower probabilities will bypass the secondary
random ray-tracing step, directly adopting the previous aggregated electric fields as the cell’s total con-
tribution, thereby drastically compressing the total number of simulated rays across the full aperture
imaging chain.

3.3.4. Termination Condition

The Q-learning process iteratively continues until the change in the Q-table values falls below a
predefined threshold ϵ across all state-action pairs, indicating convergence to an optimal policy for ray
tube allocation.

3.4. Implementation Details

We would like to emphasize three important implementation details of the proposed method.
1) Phase issues
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To avoid redundant phase accumulation, the phase variations induced by spatial propagation
delay are excluded from the high-frequency electric field calculation in the SBR phase. Since these
propagation-related phase shifts are already inherently included in the LFM signal model in Eq. (1),
the SBR module focuses solely on capturing amplitude attenuation and the scattering/polarization
phase jumps determined by the target geometry and material properties. On the other hand, one can
remove the propagation phase shifts from the LFM signal model, i.e. exp(j2π fc(t− τi)) in Eq. (1), and
keep the SBR module unchanged.

2) Precision issues
Maintaining the precision of these propagation-induced phase variations is important for SAR

imaging, but it poses a challenge for standard GPU hardware. The NVIDIA OptiX ray-tracing engine
utilizes single-precision floating-point numbers for intersection testing. When simulating scenarios
with large operational ranges, the limited precision introduces significant spatial quantization errors.
These small coordinate deviations lead to severe, chaotic phase errors during LFM echo synthesis.

To mitigate this issue, we implemented a hybrid double-precision intersection refinement module.
Once NVIDIA OptiX returns the primitive intersection data (i.e., the hit distance and the corresponding
triangle facet index), the exact intersection coordinates are re-evaluated in double precision using the
ray vector and the vertices of the hit triangle. Although performing these double-precision floating-
point operations introduces a minor computational overhead, it is indispensable for eliminating phase
artifacts and ensuring the fidelity of the simulated SAR images.

3) Parallelization
By utilizing the RT cores of NVIDIA RTX GPUs, the ray tracing is much faster than the subsequent

signal processing. Compared with performing 25× 25 ray tracing for 16 times, performing 100× 100
ray tracing for one launch has incremental overall performance improvement. As our Q-learning-
based ray generation method needs to iteratively determine whether to generate new rays within each
grid cell, more iterations generally lead to more ray number reduction. Therefore, there’s a trade-off
between the number of iterations and the number of rays per launch. We also need to consider the
hardware limitations, such as GPU memory and the maximum number of rays that can be traced in
parallel. For instance, if the targeting imaging area is 100m× 100m and the carrier frequency is 3 GHz,
the ray tube size will be 0.01 m, which means the total number of rays will be 108. As we perform
double-precision electric field calculations within each ray tube, a large number of rays may lead to
out-of-memory issues.

4) Iterative standard deviation computation trick
As there may be a large number of rays within each grid cell or distance bin in every launch,

computing the standard deviation of the electric fields or distances can be computationally expensive.
Hence, we use a constant standard deviation for all rays in each launch. For example, if two rays are in
the same distance bin, they will share the same standard deviation of distances in the previous launch.
The standard deviation of distances is updated iteratively by Eq. (21):

µnew =
nold

nnew + nold
µold +

1
nnew + nold

∑ dnew

σnew =

√
nold

nnew + nold
σ2

old +
1

nnew + nold
∑ (dnew − µnew)2,

(21)

where σold and µold are the standard deviation and mean of the distances of the previous nold rays,
respectively, and dnew is the distance of the new ray tube. That is, we do not need to access all the
distances of the previous ray tubes to compute the standard deviation. The updating formula of the
standard deviation of electric fields is similar to Eq. (21).

4. Experiments
All our experiments are performed on a workstation equipped with an NVIDIA RTX 4090 GPU and

an Intel i9-14900K. The GPU driver version is 595.79, CUDA version is 12.9 and OptiX version is 9.1.
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4.1. Parameter Settings

In the LFM signal model, the carrier frequency fc is set to 12 GHz, the bandwidth B is set to 150
MHz, the antenna length L is set to 1 m, the pulse duration T is set to 1 µs, the flight speed v is set to
100 m/s and the pulse repetition frequency (PRF) is set to 1 kHz.

In SBR module, we use the carrier frequency fc in SBR module to calculate the electric field for
simplicity. The ray tube size is set to 1/10 of the wavelength λ at the carrier frequency. The tracing
depth is set to 3, which means only 3 bounces are considered.

In the Q-learning module, the state discrete level M is set to 10, the learning rate η is set to 0.01,
the discount factor γ is set to 0.9. The penalty coefficient α is set to 1 and the accuracy weights βr and
βE are set to 10.

4.2. Evaluation Metrics

The proposed method aims to accelerate SBR-based SAR imaging simulation for computer vision
tasks, such as data augmentation and adversarial attacks. Therefore, we use the structural similarity
index measure (SSIM) [32] to evaluate the similarity between SAR images generated by the original
SBR method (SBRo) and the proposed method (SBRp). Higher SSIM values indicate greater image
similarity, and the maximum value of 1 indicates two identical images.

As data augmentation and adversarial attack methods are usually used in object detection tasks,
we also use the mean average precision (mAP) of a fine-tuned state-of-the-art object detection model,
i.e., YOLOv12 [33], to evaluate detection performance changes. YOLOv12 is built on PyTorch 2.2.2
which relies on CUDA 12.1. Hence, there are some compatibility issues when using YOLOv12 with
our CUDA 12.9 environment. To solve this issue, we use Docker to create a compatible environment
for YOLOv12. We fine-tune the YOLOv12 model on 3000 images generated by SBRo and test the
model on 1000 images generated by SBRo and SBRp, respectively. The LFM signal parameters are
kept identical, and only the radar flight path is varied when generating SAR images. A small mAP
difference indicates that the proposed method can generate SAR images with performance comparable
to the original method for YOLOv12.

In addition to accuracy metrics, we compare the average computation-time reduction ratio
and average ray-count reduction ratio between SBRo and SBRp to evaluate efficiency gains. These
reduction ratios are computed for each pair of SAR images generated by SBRo and SBRp under the
same target, radar flight path, and parameter settings. Because computation time and ray count
depend strongly on target geometry, flight path, and LFM parameters, their absolute values can vary
substantially. Therefore, reduction ratios provide a more stable and comparable measure of efficiency
improvement across different scenarios.

4.3. Results and Analysis

Some simulation results are shown in Figure 7. The images generated by SBRo exhibit higher
contrast because they involve more rays and therefore yield more accurate echo calculations.

Across 1000 pairs of SAR images generated by SBRo and SBRp, the average SSIM is 0.983,
indicating that the proposed method preserves structural image similarity. The mAP of YOLOv12 on
SAR images generated by SBRo and SBRp is 0.951 and 0.950, respectively, showing that SBRp performs
comparably to SBRo for object-detection-oriented data augmentation and adversarial attack tasks. The
average ray-count reduction ratio is 56.9%, indicating that the proposed method reduces the number of
rays by more than half. The average computation time reduction ratio is 61.2%. The computation-time
reduction ratio is higher than the ray-count reduction ratio, indicating that computational cost is not
linearly proportional to the number of rays. This is mainly because GPU cores and memory bandwidth
are limited, so a massive number of rays increases overall computation time in a nonlinear manner.
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Figure 7. SAR images generated by the original SBR method (SBRo) and the proposed SBR method (SBRp).

4.4. Ablation Studies

Some hyperparameters in Q-learning have significant impacts on the performance of the proposed
method. Here, we conduct ablation studies on two groups of hyperparameters: (1) the state discrete
level M; (2) the reward weights α, βr and βE. We use SSIM as the metric to evaluate the image similarity
between SBRo and SBRp under different hyperparameter settings. The results are shown in Figure 8.
As shown in Figure 8(a), the image similarity increases with the state discrete level M because a higher
M allows the agent to learn a more fine-grained policy for ray tube allocation. However, a higher M
also increases the state space and therefore increases the training time of the Q-learning algorithm.
As shown in Figure 8(b), the image similarity is higher when the reward weights are higher, e.g.,
α = 1, βr = 10 and βE = 10. When α is too high, the agent is more likely to reduce the ray shooting
probability, which may lead to insufficient rays and therefore lower image similarity. When βr or βE is
too high, the agent is more likely to increase the ray shooting probability, which may lead to excessive
rays and therefore higher computation time. Therefore, it is important to balance the reward weights
to achieve a good trade-off between image similarity and computation time reduction.
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Figure 8. Ablation studies on (a) the state discrete level M and (b) the reward weights α, βr and βE.

5. Conclusion
In this letter, we proposed a method to accelerate SBR-based SAR imaging simulation using

Q-learning. The experimental results demonstrate that the proposed method can generate SAR images
with high similarity to those produced by the original SBR method while significantly reducing
the computation time. This makes the method suitable for computer vision tasks such as data
augmentation and adversarial attacks in SAR image analysis. The proposed method is a framework
that can be extended to other ray-tracing-based electromagnetic simulation methods, SAR imaging
methods (e.g. chirp scaling) and reinforcement learning algorithms.
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