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Synthetic aperture radar (SAR) image generation is increasingly
used to mitigate data scarcity, but controllable generation un-
der sparse observation angles poses a challenge. Recent stud-
ies on SAR image generation have improved texture realism,
yet explicit geometry-aware control is still limited [1,2]. This
issue is particularly severe for aircraft SAR, where changes in
the azimuth affect the layover, shadow, and dominant scatter-
ing centers. In this study, we focus on a narrower yet verifi-
able claim than that presented in the original full manuscript:
three-dimensional (3D) model-derived geometric priors can enable
controllable intermediate-azimuth completion under sparse-angle
training.

Figure 1 summarizes the revised framework and the support-
ing evidence retained in this study. Figure 1(a) shows the over-
all geometry-guided generation pipeline. GeoDiff-SAR receives a
structured prompt such as “SAR image, Pilatus PC 12, Ku-band,
0.5 m resolution, VV polarization, azimuth 5°” and retrieves the
corresponding 3D model. Measured azimuths that do not coincide
with the 5° grid are quantized to the nearest discrete azimuth
label for prompting. Figure 1(b) visualizes the multibounce ray-
tracing process used to construct the geometric prior. Rather than
performing rigorous electromagnetic simulation, the ray-casting
branch is designed only to supply geometry-aware scattering cues
for generation, thereby offering a practical balance between phys-
ical relevance and computational cost [3].

Geometry-guided prior. As shown in Figure 1(b), the geo-
metric branch simulates multibounce scattering cues and occlu-
sion relationships by recursive ray tracing with fixed heuristic
parameters that are matched to the current acquisition setting:
Qedge — 2-07 Qvert = 2-07 Qstruct = 1-67 Tarea — 0-017 Tvert = 0-37
¢ =08, p = 0.03, Kmax = 3, Tmin = 0.03, 0scan = 0.3, and
Oreflect = 0.1. These parameters are manually selected once for
the present dataset and then kept fixed across all categories, po-
larizations, and viewpoints. For a ray state Sy, = (pk, dk, Ex ), the
scattering intensity is approximated by

—pL,,
Iscatter = Iko " pdthWbascHcdchorientHStruct7

where the four factors in the above equation encode the base re-
sponse, edge enhancement, side-looking orientation, and structural
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scattering, as indicated by the subscripts. The reflected direction
is then updated as follows:
dj,1 = Normalize(dspec 4 Cu), u~ U(—1,1)3,

which injects a roughness-controlled diffuse component. The re-
sulting point cloud is encoded and fused with the native SD3.5
text-conditioning branches, namely, one T5 encoder and two CLIP
encoders. LoRA is used to adapt stable diffusion 3.5 medium to
the SAR domain while keeping the backbone largely frozen [4,5].
No paired SAR image is required during inference. In other words,
the prior branch is not a substitute for full electromagnetic re-
construction; rather, it is a geometry-aware condition generator
tailored to sparse-angle controllable synthesis.

Condition fusion. The multimodal condition is formed by
adaptive weighted fusion,

Cfuscd = atﬁt + apﬁp + aiﬁ‘iv

where I:_'t, Fp, and F; denote the text, geometric, and auxiliary
image features, and ot + ap + a; = 1. Here, F; is used only
as an auxiliary visual anchor during training to stabilize texture-
semantic alignment. During inference, because no paired SAR
image is available, generation is driven by the text and geometric
branches; this is consistent with the intended text-plus-3D condi-
tioning scenario. The diffusion model is optimized by the standard
noise-prediction objective.

['simplc =K |:||6 - Ee(zt,t Cfuscd)”%] .

Dataset and protocol. The real SAR aircraft dataset con-
tains 8536 images from 4 aircraft categories, namely, Cessna 208
(3468), Kodiak 100 (3468), King Air 350i (800), and Pilatus PC
12 (800), with 4 polarizations and full azimuth coverage from 0°
to 355° at a 5° interval. The training split contained only 1870
samples at 10° intervals, while the 6666-image test split retained
the full 5° sampling. Therefore, GeoDiff-SAR was evaluated on
intermediate-azimuth completion: the model was trained with
0°,10°,20°,... and asked to generate the missing 5°,15°,25°, ...
views. All quantitative results were computed by comparing gen-
erated samples against held-out real SAR images under identical
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(b) Ilustration of multiple bounce ray tracing path.
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(c) Visual comparison between real SAR samples (top row) and images generated by GeoDiff-SAR (bottom row) across ten distinct azimuth angles.

(Color online) Overview and visual evidence of GeoDiff-SAR. (a) Overall geometry-guided generation framework, where a 3D model-

derived point-cloud prior is fused with textual conditions to guide diffusion-based SAR image generation; (b) illustration of the multibounce
ray-tracing paths used to construct the geometric prior; (c) visual comparison between real (top) and GeoDiff-SAR (bottom) generated SAR
images across representative azimuths, showing that the generated images preserve view-dependent structures and dominant scattering patterns

under sparse-angle training.

semantic conditions. To partially address public-benchmark gen-
erality, we further conducted a lightweight sanity check on MSTAR,
using five vehicle classes (251, BMP2, BTR70, D7, and T72) under
fixed 17° depression and HH polarization. This public split follows
the same sparse-angle protocol and contains 677 training samples
at 10° intervals and 1581 test samples at 5° intervals, without
any changes in the geometric-prior parameters. Representative vi-
sual examples on the aircraft set are shown in Figure 1(c), where
the real and generated samples exhibit consistent view-dependent
target structure.

Evaluation. As perceptual metrics developed for natural im-
ages are not ideally suited to SAR imagery, we place greater em-
phasis on the structural similarity index measure (SSIM) and az-
imuth consistency than on metrics such as FID and LPIPS. Az-
imuth consistency is defined by

1 N
Accazi = — Z 1[gn = ynl,
N n=1

where ¥, is the commanded azimuth label, and 4, is the label
predicted by a held-out azimuth evaluator trained only on real
SAR images. On the private aircraft set, GeoDiff-SAR achieves
SSIM = 0.812 and azimuth consistency = 0.940, compared with
0.738 and 0.782, respectively, for SD3.5m without the 3D geomet-
ric prior. On the public MSTAR sanity check, the same framework
reaches SSIM = 0.878 and azimuth consistency = 0.917, exceed-
ing the baseline values of 0.733 and 0.804, respectively. Together
with the real-versus-generated comparisons shown in Figure 1(c),
these gains indicate that the injected prior improves viewpoint
adherence rather than only SAR-like texture synthesis.
Sensitivity and efficiency. The results of a minimal sensi-
tivity study further support the selected setting. With ¢ = 0.8,
varying Kmax € {1,2,3} yields (SSIM, azimuth consistency) of

(0.736,0.824), (0.784,0.866), and (0.812,0.940). With Kmax = 3,
varying ¢ € {0,0.4,0.8} yields (0.739,0.871), (0.758,0.902), and
(0.812,0.940). Therefore, the final configuration Kmax = 3 and
¢ = 0.8 is retained. Averaged over 100 trials, prior construction
takes about 48 s per azimuth on CPU, whereas diffusion inference
takes about 13 s per image on an RTX 4090 with 30 sampling steps.
Hence, the main overhead lies in geometric-prior construction.

Discussion. We deliberately avoided stronger claims such
as arbitrary continuous-angle synthesis or strict physical recon-
struction. The current evidence supports a narrower conclusion:
3D model-derived geometric priors can guide SAR image genera-
tion under sparse-angle training and substantially improve control-
lable intermediate-azimuth completion. The prior branch remains
heuristic and should be interpreted as a lightweight guidance mech-
anism rather than a high-fidelity EM solver. Moreover, although
the main high-resolution aircraft dataset is not publicly available,
the added MSTAR sanity check shows that the same pipeline re-
tains clear gains on a public benchmark. Broader cross-sensor and
cross-scene validation will be explored in future work.
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