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TABLE I TABLE II
SUMMARY (TOP CONFIGS). ABLATIONS (SAMPLES / CHUNK / RANDOMIZED).
Device  Samples Chunk Rand. ms/frame rays/s PSNR Device Samples  Chunk Rand. ms/frame rays/s PSNR  SSIM
cpu 128.000 32 768.000 no 3649.900 10521.00099.000 cpu (ref) 128.000 32 768.000 no 3649.900 10521.00099.000 1.000
cpu 128.000 8192.000 no 771.100 49801.00097.600 cpu 32.000 8192.000yes 202.700 189473.00021.000 0.617
cpu 128.000 32 768.000 no 864.100 44 438.00097.600 cpu 32.000 8192.000 no 201.300 190763.00072.800 1.000
cpu 64.000 32 768.000 no 380.600 100 880.00085.600 cpu 32.000 32768.000yes 196.000 195941.00021.100 0.637
cpu 64.000 8192.000 no 384.900 99 778.00085.600 cpu 32.000 32768.000 no 261.900 146 594.00072.800 1.000
cpu 64.000 8192.000yes 416.000 92 308.00020.900 0.616
cpu 64.000 8192.000 no 384.900 99 778.00085.600 1.000
cpu 64.000 32 768.000yes 393.000 97701.00021.200 0.637
Abstract—We present a CUDA-accelerated renderer for RF- cpu 64.000 32768.000 no 380.600 100880.00085.600 1.000
conditioned NeRF with GPU kernels for ray generation, strat- cpu 128.000  8192.000yes 813.000  47234.00021.000 0.623
ified sampling, and volumetric integration. A small benchmark cpu ggggg 328;22838 no ggiégg ii ig;ggggzggg (1)2(1)(8]
sweeps samples and chunk sizes, logging PSNR/SSIM vs. latency; Zpﬁ 128.000 32 768.0003111605 364100 44438.00097.600 1.000
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We target real-time RF scene rendering by mov- K : ! : |
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ing NeRF ray operations to GPU kernels. Our renderer s 97 :: | ! | :
(code/cuda_nerf_renderer.py) provides kernels for 2 60 :: | ! ::
ray casting, point sampling, and transmittance integration. g s H | ! ::
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RF-Conditioned Field. The NeRF MLP takes (x € R?) and 4 4 I ::
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an RF feature vector r € R% and outputs color ¢ € R and 204 I ® ! == CFY baseline
density o € R>g. 500 1000 1500 2000 2500 3000 3500
CUDA Kernels. We implement: (i) ray generation; (ii) Latency (ms/frame)
stratified sampling along rays; (iii) volumetric rendering with
Fig. 1. Pareto: PSNR vs. latency; dashed line denotes CPU baseline.

early termination.

III. EVALUATION

We synthesize a reference image (high samples) and com-
pare PSNR/SSIM vs. runtime for various sample counts/chunk
sizes. Scripts produce figures and siunitx tables.

IV. RELATED WORK

NeRF [1] introduced radiance fields; real-time variants
exploit GPU acceleration and hash encodings [2]. We use
classic volume rendering with transmittance. For Python GPU,
we rely on Numba CUDA. SSIM follows [3].

V. REPRODUCIBILITY

Run make —-f Makefile_nerf pdf. If CUDA is un-
available, the bench gracefully falls back to a NumPy/torch
CPU renderer, still producing metrics, tables, and figures.
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Fig. 2. Reference frame with vector overlay (Times font).
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