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Al model was deployed on the Kria KR260, leveraging the Zynqg UltraScale+ MPSoC and DPU
| Q.
(hier_dpu) for hardware acceleration (target DPU is DPUCZDX8G_ISA1_B512). A custom Petalinux 0.2 S\
environment was created to include DPU and ensure efficient deployment. The implementation 0.0 A ——
was developed using Vivado 2022.2 and Vitis Al 3.5. 0 10 20 30 40 50 60 70
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— : final train loss: 0.0154 - final validation loss: 0.0187
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Error Function Results & Allowed Errors by Axis vs. Actual Z Distance
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model the loss was 0.0187 for val. data. Orientation error (XY) vs Z distance for test Orientation error (Z) vs Z distance for test
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ms prediction for test data. This function £ ;
FPGA 30,700 ms 100 301 ms shows a performance degradation of 4.22% ; ? 2
Future work includes a reduction of the for position and 10.96% for orientation of 51 C a N |
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State Avg Power Consumption
GPU. Total avg. absolute error Ajlow. Error
KRIA KR260 Idle 3.820 W o : : . Error ;
After quantization, fewer than 30 of 16,456 test images failed, mainly in GPU* FPGA (red lines)
KRIA KR260 Vivado _ o ] _ o
post-implementation 3.886 W extreme illumination cases. The model remains robust despite quantization | pgsition 2011 mm  2.096 mm 20 mm
predicjcion and hardware transition. The model outperformed the classic CAT method Rotation  0.073deg  0.081 deg 3 deg
KR260 Running model 4.030 W in handling occlusions, lighting changes, and sudden shifts. Future work
GPU* Running model 73.550 W e s s *NVIDIA GeForce RTX 3070 (5888 CUDA cores). 8GB
could merge both methods or apply filtering for added reliability. memory. Driver version 560.35.03. CUDA version 12.6
Future migration to a space-certified platform could be achieved using either a NanoXplore FPGA, which would require a complete redesign due to its unique architecture and
lack of compatibility with the Vitis Al workflow, or a radiation-tolerant FPGA from AMD Xilinx. The latter includes options such as the XQR Versal, which offers built-in Al
acceleration, improved fault tolerance, and a more familiar development environment, potentially allowing for partial reuse of the existing workflow.
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