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DMA paralellization ran in 14 ms on average.

Millimeter wave radars use high-
frequency electromagnetic waves to
detect points on objects. They have
many advantages over camera sensors
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Radar detections are transformed into point-cloud (PC) arrays. A point-cloud has
5 dimensions and describes a point in 3-D space on the surface of an object [1].
Each point contains:

1. X, Y, Z Cartesian Coordinates
2. Doppler Effect < Velocity

3. Signal Intensity
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Figure 2. An example of point-clouds

Unlike technologies like LIDAR, mmWave point clouds are highly irregular and non-
uniform, requiring extensive pre-processing before they can be used in Al Models.

2. Problem Statement

The goal of HPE systems is to be deployed on Edge Devices, which involves
implementing the end-to-end system on resource-constrained devices such as
Micro-controller units (MCU)

MCUs introduce major challenges:

1. Limited Memory
2. Low processing power
3. Low-level [anguages

't is currently unclear whether python-based pre-processing pipelines developed
for testing and development can run efficiently on embedded hardware in real
fime. This study answers the following research question:

How efficiently can mmWave radar point-cloud pre-processing pipelines be
executed on memory-constrained micro-controllers, and can they meet real-
time performance requirements?
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Figure 4. End-to-end mmWave radar human pose estimation pipeline. Highlighted stages
represent the pre-processing pipeline evaluated on the micro-controller. Red stages were
proposed to improve efficiency.

4. Optimization Methods Explored

Minimizing Latency

The Up-Sampling operation is the most intensive stage in the pipeline. It requires
existing points to be copied to a new buffer, and new points to be generated using
random sampling.

Memory Transfer Parallelization was explored using the DMA Controller. The
DMA Controller may be used to offload the copy operation, while the CPU gener-
ates new points. This method reduces total latency by an average of 0.5 ms.

Random Number Generation using the lightweight XORShift algorithm yielded the
pest up-sampling performance.

Redundant Operations were eliminated by structuring the pipeline using Clip First,
Process Later and Process Before Duplicating policies.

Minimizing Memory Footprint

Temporary memory buffers dominate the peak memory usage of the pipeline. Con-
solidating memory operations in one stage, where a single terminal output buffer
s instantiated allowing all processing operations to run in-place, reduces both la-
tency and memory usage.

Improving Cache Utilization

Processing stage-by-stage under-utilizes the cache by iterating over data multiple
times. We propose the single-pass approach, which executes all operations on
each piece of data, and completes a single iteration over all data, minimizing ex-
pensive cache misses. This method achieved the best latency.
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Figure 5. Average latency for each pipeline variant, for 4 groups of 3 dataset samples each. The
error areas are bound by the minimum and maximum recorded latency. The statistical
significance of each sample group is denoted in the legend.

7. Conclusions and Future Work

This work validates and profiles the efficiency and performance of mmVWave point-
cloud pre-processing pipelines on embedded devices. It was found that using opti-
mization techniques such as lightweight RNG algorithms, memory transfer paral-
lelization, eliminating redundant operations and memory buffers, and single-pass
iteration approaches, mmVWave pre-processing pipelines can run in under 10 ms,
allowing for responsive, real-time end-to-end HPE systems on embedded devices.

Future work may include porting the complete end-to-end HPE system with a
mmWWave sensor for real-time inference.
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