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Abstract

This paper introduces a hardware /software co-designed 3D object detection pipeline based
on the PointPillars architecture for low-power embedded MPSoC deployment. The pro-
posed system accelerates the computationally intensive stages in programmable logic
(PL), including ROI filtering, coordinate transformation, pillarization, centroid extrac-
tion, and INT8 neural inference, using Vitis high-level synthesis (HLS) and an integrated
Deep Learning Processing Unit (DPU). Control-oriented and irregular operations, such
as data acquisition, Direct Memory Access (DMA) control, lightweight Non-Maximum
Suppression (NMS), visualization, and logging, remain on the processing system (PS). The
design targets the AMD Kria KV260 platform and achieves an accelerated core pipeline
latency of 11.4 ms per frame at 300 MHz, corresponding to 87.4 Hz throughput, with
6.842 W board-level power consumption. Including PS-side NMS, the practical end-to-
end latency is approximately 12.2 ms for typical KITTI scenes. Compared with existing
Field-Programmable Gate Array (FPGA)-based implementations implementations, the
proposed design reduces latency by up to 33x. It achieves a 202x improvement in on-chip
BRAM efficiency across HLS optimization versions through FIFO streaming, dataflow
execution, and array partitioning. Experimental validation on physical hardware confirms
that the proposed PL-accelerated hardware/software co-design provides a practical and
cost-effective solution for real-time 3D LiDAR perception on embedded FPGA platforms.

Keywords: deep learning acceleration; embedded MPSoC-FPGA; hardware acceleration;
hardware/software co-design; HLS; pointpillars; LIDAR; object detection

1. Introduction

3D LiDAR technology has become increasingly essential across applications that re-
quire precise spatial awareness and environmental understanding. From autonomous
vehicles and robotics to infrastructure monitoring and industrial automation, LiDAR
sensors offer dense, high-resolution depth data under varying lighting and weather con-
ditions. This capacity to generate accurate three-dimensional representations in real time
has positioned LiDAR as a cornerstone sensing modality in advanced perception pipelines,
where real-time situational awareness is critical under strict performance and reliability
constraints. Traditional LIDAR processing pipelines rely on geometric feature extraction,
rule-based heuristics, and classical point cloud segmentation techniques. While these
methods are computationally efficient, they often fail to capture the complex object char-
acteristics in chaotic, dynamic scenes. With the rise of deep learning (DL), particularly
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convolutional neural networks (CNNs), LiDAR perception has undergone a significant
paradigm shift. Learning-based methods now enable robust feature representation, se-
mantic understanding, and improved generalization in diverse operating environments.
Despite these advances, the deployment of DL models for LiDAR data processing remains
constrained by high computational cost and large memory requirements. These limitations
are especially pronounced in real-time embedded systems with strict power and latency
budgets. As a response, hardware acceleration platforms such as Graphics Processing Unit
(GPU)-based systems, application-specific integrated circuits (ASICs), and FPGAs have
gained prominence. FPGAs have emerged as a favorable solution due to their reconfigura-
bility, energy efficiency, and potential for fine-grained optimization [1-3]. Their adaptability
enables dynamic reconfiguration of system architectures, making them particularly suitable
for evolving DL workloads on embedded and edge-grade computing platforms.

The main contributions of this work are:

* A PL-accelerated pre-processing and selected post-processing pipeline implemented
via Vitis HLS on the programmable logic of an AMD Kria KV260 MPSoC.

¢ A quantized INT8 PointPillars model compiled with the Vitis Al toolchain and de-
ployed on an integrated DPU.

¢ A systematic Hw-Sw co-design strategy validated with five progressive HLS optimiza-
tion versions (I-V).

¢ Anend-to-end system experimentally validated on physical hardware, demonstrating
87.4 Hz real-time throughput at 6.842 W power consumption.

Unlike prior FPGA-based LiDAR perception implementations that mainly focus on par-
tial pipeline acceleration or different perception tasks [4,5], the proposed system accelerates
the computationally dominant stages of the PointPillars pipeline, including pre-processing,
INT8 DPU inference, and centroid-based post-processing. At the same time, the PS han-
dles control-oriented and irregular tasks such as DMA scheduling, NMS, visualization,
and logging. The remainder of this paper is organized as follows: Section 2 presents a
comprehensive review of FPGA-based LiDAR detection implementations and identifies
the research gap. Section 3 describes the proposed methodology, including quantization,
HLS design, and system integration. Section 4 evaluates five HLS optimization versions.
Section 5 presents experimental results and comparisons with state-of-the-art systems.
Section 6 concludes the paper.

2. Related Works and Research Gap
2.1. Overview

Recent advances in LIDAR-based perception have significantly improved the accuracy
and robustness of 3D object detection systems. These improvements have been driven by
more effective feature encoding, multi-modal sensor fusion, attention mechanisms, and
deep neural network architectures. However, the increasing complexity of these models
also introduces substantial computational and memory demands, which makes real-time
deployment on embedded platforms challenging. Accordingly, recent research can be ex-
amined from two complementary perspectives: learning-based LiDAR perception methods
that improve detection performance, and FPGA-based hardware acceleration approaches
that address strict latency, power, and resource constraints.

2.2. Multi-Modal Fusion and Learning-Based Approaches

Several recent studies have focused on improving the representational capability and
detection performance of LIDAR-based perception systems. Zhang et al. [6] proposed PMPF,
a multi-sensor fusion framework that augments LiDAR point clouds with contextual image
features. Although PMPF improves detection performance, it remains limited to GPU-based
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execution and does not address hardware acceleration for embedded deployment. Zhou
et al. [7] introduced RCBEYV, a radar—camera fusion architecture operating in the Bird’s-
Eye View (BEV) space. While this approach enhances perception through complementary
sensing modalities, its reliance on radar—camera processing and GPU execution makes it
less suitable for resource-constrained embedded systems.

Jin et al. [8] presented a robust 3D target detection framework that combines LiDAR
and camera data on embedded platforms. Their work addresses sensor integration chal-
lenges and emphasizes the importance of real-time operation and hardware efficiency,
which supports the motivation for deploying LiDAR perception models on accelerated
embedded systems. Similarly, Zhao et al. [9] proposed a semantic-guided multi-feature
attention aggregation network for LIDAR-based 3D object detection. Their study demon-
strates that feature-level optimization and attention mechanisms can improve detection
performance, particularly by enhancing feature encoding. These algorithmic advances are
closely related to the pillarization and feature representation stages considered in this study.

Chooah et al. [10] developed a LiDAR-based navigation framework for dynamic in-
door environments such as warehouses. Their method leverages quadrant-based spatial
awareness and lightweight decision heuristics for real-time path planning. Although ef-
fective for simple obstacle avoidance, the absence of DL components and hardware-level
optimization limits its applicability to advanced autonomous perception systems.

Huang et al. [11] presented MENet, which enriches LiDAR-based detection by incorpo-
rating HD map features. However, its reliance on offline HD maps and high-performance
GPU resources hinders scalability in real-time embedded applications. Wang et al. [12]
proposed VoPiFNet, a voxel-pixel fusion network that integrates LIDAR and camera informa-
tion at the feature level. While this method improves accuracy for smaller objects, it requires
synchronized multi-sensor data and introduces considerable computational overhead.

Lang et al. [13] introduced PointPillars, a widely adopted real-time 3D object detection
framework that encodes point clouds into pseudo-images using learned pillar features.
Although PointPillars provides an efficient representation compared with voxel-based
3D convolutional methods, it was originally designed for GPU platforms and does not
directly address FPGA-based acceleration. Jin et al. [14] explored PLA-LiDAR, a physical
laser-based attack that injects adversarial point clouds into LiDAR sensors. Their study
highlights security vulnerabilities in LIDAR perception systems, but it does not focus on
implementation efficiency or embedded hardware deployment.

Overall, these learning-based and multi-modal approaches demonstrate the rapid
progress of LIDAR perception algorithms. Nevertheless, their computational requirements
remain a major barrier for deployment in low-power embedded systems. This motivates the
need for FPGA-based acceleration strategies that can execute LiDAR perception pipelines
under real-time latency, power, and resource constraints.

2.3. FPGA-Based Implementations of LIDAR Object Detection

FPGA-based acceleration has emerged as a promising solution for embedded LiDAR
perception due to its reconfigurability, deterministic latency, and energy efficiency. In this
subsection, we review representative FPGA-based implementations that are directly rele-
vant to the proposed system. Their key characteristics are summarised in Table 1.

Stanisz et al. [15] presented a hardware—software implementation of the PointPillars
network using the Brevitas and FINN toolchains on a Zynq UltraScale+ MPSoC, reducing
memory footprint by up to 55x. However, only the backbone and detection head were
offloaded to hardware because FINN provides limited support for scatter operations and
transposed convolutions. As a result, critical pre-processing modules, such as the Pillar
Feature Net (PFN), remained on the PS, limiting end-to-end acceleration and real-time
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responsiveness in dynamic scenes. Stanisz et al. [16] later extended this work by integrating
system-level optimizations, reducing total inference latency to 377.1 ms, and comparing
FINN-based deployment with a Vitis Al implementation. Although their analysis provides
useful insights into the performance trade-offs between iterative and pipelined DNN
accelerators, the design remains constrained by architectural simplifications, including
the removal of upsampling layers and binary activations, as well as platform-specific
limitations that prevent full pipeline acceleration.

Table 1. Summary of relevant FPGA-based LiDAR perception implementations. PL-Accelerated Core
Pipeline indicates whether the computationally dominant stages, including pre-processing, neural
inference, and selected post-processing kernels, are accelerated in programmable logic.

PL-Accelerated

Reference Platform  Method Task Pre/Post HW Latency (ms) Power (W) Cost ($) Core Pipeline
VEA [4] ZCU102 RTL+DPU Detection ~ RTL only 37.96 14.263 3570 Partial

Deng [5] ZCU102 HLS+DPU  Localiz. Partial 30.405 3.984 3570 Partial
Stanisz [15] ZCU104 FINN Detection  No 262 6.5 1899 Partial
Stanisz [16] ZCU104 FINN+VAI  Detection  No 377.1 6.5 1899 Partial

Park [17] ZCU104 RTL+FINN  Classif. No 6.41 44 1899 Partial

Li [18] ZC706 RTL+DPU Detection  No 43.26 3.6 3421 Partial
Adiyaman [19] KV260 HLS+DPU Segment. No 178.57 9 250 Partial
Latotzke [20] U280 DPU Detection  No 61.2 73.8 5000 Partial
Proposed KV260 HLS+DPU  Detection HLS (full) 11.4 6.842 250 Yes

Bold entries denote the proposed system.PL-Accelerated Core Pipeline refers to acceleration of the computationally
dominant stages in PL. Control-oriented and irregular operations, such as data acquisition, DMA scheduling, NMS,
visualization, and logging, may remain on the PS. Since the reviewed works differ in task type, including detection,
segmentation, and localization, the comparison should be interpreted as indicative rather than strictly absolute.

Park et al. [17] deployed a pillar-based object classification system on a ZCU104 plat-
form using RTL and FINN, achieving 6.41 ms execution time. However, the implementation
focuses on classification rather than full 3D object detection and employs binary neural
networks, which may limit detection accuracy. Li et al. [18] proposed TinyPillarNet for edge
deployment on a ZC706 FPGA using an RTL and DPU co-design. Although this approach
is effective for resource-constrained scenarios, it involves reduced model accuracy and
requires significant manual RTL design effort, achieving an inference time of 43.26 ms.
Adiyaman and Baskaya [19] implemented a double-head SalsaNext model on a KV260
platform for LiDAR point cloud segmentation rather than 3D object detection. Their de-
sign achieved 178.57 ms inference time with 9 W power consumption. Latotzke et al. [20]
employed an Alveo U280 datacenter-class FPGA for LiDAR processing, achieving 61.2 ms
latency. However, the high power consumption of 73.8 W and platform cost exceeding
$5000 make this solution unsuitable for low-cost embedded edge deployment.

Among prior works, Li et al. [4] proposed VEA (Voxel Encoding Accelerator), which is
the closest FPGA-based baseline to the proposed system. VEA implements PointPillars on
a ZCU102 platform using a Vitis Al DPU with RTL-accelerated pre-processing, achieving
37.96 ms latency and 14.263 W power consumption. Compared with VEA, the proposed
system differs in several important aspects:

*  Platform and cost: VEA targets the ZCU102 platform ($3570), whereas the proposed
system targets the KV260 platform ($250), providing a 14.3 x lower platform cost.

*  Pre-processing implementation method: VEA implements pre-processing in RTL,
which requires manual hardware description and limits design portability. In con-
trast, the proposed system uses Vitis HLS, enabling faster design iteration, higher
abstraction, and easier maintenance.

*  Execution time: VEA achieves 37.96 ms latency, whereas the proposed system achieves
11.4 ms, corresponding to an approximately 3.3x improvement. This reduction is
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mainly attributed to HLS-level dataflow optimizations, including FIFO-based stream-
ing, array partitioning, and loop tiling.

*  Memory efficiency: VEA uses 373 BRAM blocks, whereas the proposed system uses
70.5 BRAM blocks, corresponding to a 5.3 x reduction. This improvement results from
replacing large intermediate arrays with FIFO-based streaming structures.

*  Power consumption: VEA consumes 14.263 W, whereas the proposed system con-
sumes 6.842 W, achieving an approximately 2.1 x improvement in energy efficiency.

These differences indicate that the proposed design provides meaningful engineering
contributions beyond a simple platform substitution. In particular, the results demonstrate
that an HLS-based design strategy can achieve lower latency and improved memory
efficiency compared with RTL-based pre-processing, while also reducing platform cost.
Deng et al. [5] proposed an FPGA-based real-time NDT localization system on ZCU102
using HLS and DPU, achieving 30.405 ms latency at 3.984 W. Although energy efficient, this
system targets localization rather than object detection and therefore addresses a different
perception task.

2.4. Research Gap and Motivation

As summarized in Table 1, existing FPGA-based LiDAR perception implementations
still exhibit several limitations. First, many approaches accelerate only part of the pipeline,
typically the backbone network or detection head, while leaving pre-processing and post-
processing stages on the PS. This limits true end-to-end acceleration. Second, several imple-
mentations rely on high-cost platforms such as U280, ZCU104, or ZCU102 boards, which
reduces their suitability for cost-sensitive embedded deployments. Third, some designs
suffer from high latency or high power consumption, making them incompatible with strict
real-time edge constraints. Finally, certain works employ architectural simplifications, such
as binary neural networks or the removal of upsampling layers, which may reduce detection
accuracy and generalizability.

Although VEA [4] represents the closest prior work by accelerating pre-processing for
PointPillars, it relies on RTL design, targets a more expensive ZCU102 platform, and reports
higher latency and power consumption than the proposed implementation. The proposed
system addresses these limitations by combining HLS-based pre- and post-processing
acceleration with INT8 DPU inference on a low-cost KV260 MPSoC platform. To the best of
our knowledge, no prior work has demonstrated a full HLS-based pre-processing and post-
processing acceleration strategy combined with quantized DPU inference for PointPillars on
a low-cost embedded FPGA platform, validated through physical hardware measurements.

3. Methodology

This section outlines the proposed LiDAR perception pipeline, including model quan-
tization, HLS-based hardware acceleration, and system-level integration.

3.1. PointPillars Network Architecture

The PointPillars architecture [13] processes raw LiDAR point clouds to produce 3D-
oriented bounding boxes for object categories such as cars, pedestrians, and cyclists. As
illustrated in Figure 1, the network comprises three key components. First, the PEN encodes
the input point cloud into a sparse pseudo-image by aggregating local features within
vertical columns (pillars). Second, a 2D convolutional backbone processes this pseudo-image
to extract spatially enriched high-level representations. Finally, an SSD-based detection head
predicts the location, orientation, and class of each detected object. This modular structure
enables efficient inference by leveraging standard 2D CNN operations on structured pseudo-
images derived from unstructured 3D data.
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Figure 1. Overview of the proposed PointPillars-based 3D detection pipeline on the Kria KV260
platform. The pre- and post-processing stages run on the ARM PS, while the compute-intensive
backbone runs on the DPU in the PL. Solid arrows denote the forward data flow through the
network stages; dashed lines indicate the hierarchical expansion of a stage into its detailed sub-
diagram; double-headed arrows represent AXI bus/DMA transfers between PS and PL. Colored
blocks distinguish the multi-scale feature maps in the backbone encoder.

3.2. Quantization-Aware Training

QAT is performed using the Vitis Al [21] toolchain via the vai_qg_pytorch API The
full-precision (FP32) model is converted to an 8-bit quantized version. The quantization
function Q(x) is defined as:

X —

Q(x) = CliP( \‘Sz—‘ 7 min/ Qmax> ‘Stz (1)
where x is the floating-point input, z is the zero-point, s is the scale factor, and gmin, §max
define the quantization range (e.g., 0 to 255 for uint8).

The dataset used is the KITTI benchmark [22,23], with three primary object categories:
Car, Pedestrian, and Cyclist. The KITTI dataset comprises 7481 training frames and 7518 test
frames with detailed 3D annotations. Object detection difficulty is stratified into three levels:
Easy, Moderate (realistic scenarios), and Hard. This work is evaluated at the Moderate
difficulty level, as it represents the most representative real-world operational envelope
for autonomous driving systems. During QAT, the original model is fine-tuned using
simulated quantization nodes inserted into the training graph. Once quantized, the model
is compiled into an .xmodel file targeting the DPU architecture of the Kria KV260 platform.

To quantify accuracy degradation, we conducted per-layer sensitivity analysis by
selectively retaining FP32 precision in individual modules while quantizing the remaining
modules. The Pillar Feature Network (PFN) encoder exhibits the highest sensitivity with
2.1% mARP loss (Car class), while the backbone shows 0.8% loss and the detection head
0.6% loss. The final INT8 model achieves 89.13% mAP (Car, Moderate) versus 89.54% FP32,
representing 0.41% acceptable accuracy trade-off for substantial latency (5.6 ms) and power
(6.842 W) efficiency gains. Mixed-precision deployment, in which selected PFN layers are
retained at higher precision, was not pursued because the target Xilinx DPU IP supports
only homogeneous INTS8 inference; layer-wise precision mixing would require a custom
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RTL accelerator and is identified as a future research direction. QAT effectively compensates
for these losses by fine-tuning the model with simulated quantization nodes during training,
yielding robust parameters for integer-only inference [21].

3.3. Mathematical Formulation of HLS-Accelerated Modules
3.3.1. ROI Filtering

The 3D point cloud is represented as P = {p; = (x;,¥;,z;)};, where each point p;
consists of its Cartesian coordinates in the LiDAR coordinate system. The ROI filtering
stage retains only the points located inside a predefined spatial region of interest:

Pror = {Pi € R? ‘ Xmin < X < Xmax, Ymin < Yi < Ymax
Zmin < Z; < Zrnax}- ()

Here, P denotes the original input point cloud, Proj denotes the filtered point cloud
after ROI selection, p; is the i-th LIDAR point, and N is the total number of input points.
The variables x;, y;, and z; represent the spatial coordinates of p;. The parameters xpin and
Xmax define the lower and upper ROI boundaries along the x-axis; ¥min and ymax define the
ROI boundaries along the y-axis; and zmin and zmax define the ROI boundaries along the
z-axis. Since each point can be checked independently against these boundary conditions,
this operation is highly parallelizable and suitable for loop pipelining and unrolling in HLS.

3.3.2. Coordinate Transformation

Each filtered point is projected onto a discrete Bird’s-Eye View (BEV) grid. The contin-
uous Cartesian coordinates are converted into integer grid indices as follows:

| *i — *min - Yi — Ymin
U = \‘ Ax J/ & \‘ Ay J 3)

In this context, u; and v; denote the discrete BEV grid indices corresponding to the i-th
point along the x- and y-directions, respectively. The variables x; and y; are the continuous
point coordinates after ROl filtering, while xpin and ymin are the lower spatial boundaries of
the ROL The parameters Ax and Ay represent the BEV grid resolution, or cell size, along the
x- and y-axes. The floor operator |- | maps each continuous coordinate to its corresponding
integer grid cell. This stage involves fixed-point arithmetic and is efficiently implemented
in HLS using array partitioning and loop pipelining.

3.3.3. Pillarization

After coordinate transformation, each valid point p; is assigned to a spatial bin, referred
to as a pillar. A pillar corresponds to a vertical column in the BEV grid, indexed by (u,v).
The assignment operation is expressed as

Pillar, , < Pillar, , Up; if (u;,v;) is valid. 4)

In this context, Pillar, , denotes the set of points assigned to the BEV grid cell located at
index (u, v). The term p; represents the current LIDAR point being assigned. The pair (u;, v;)
is considered valid if it falls within the predefined BEV grid dimensions, i.e., 0 < u; < Ny
and 0 < v; < Ny, where Ny and N, denote the number of grid cells along the x- and y-
directions, respectively. This operation groups points that share the same BEV grid location
into the same pillar. The complete pillarization procedure is summarized in Algorithm 1.
High-throughput implementation was achieved via axis-specific array partitioning and
FIFO-based streaming dataflow using hls::stream.
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Algorithm 1 HLS-Accelerated LiDAR Pillarization

1: procedure PILLARIZE(P)

2 Initialize P[u][v][k] <— 0, count[u][v] <— O
3 forall p; € P do

4 if p; in ROI then

5: u < [ (x; — Xmin) /Ax|

6: 0 < [ (¥i — Ymin) /Dy

7 k <+ count[u][v]

8: if k < kmax then

0 Plulfo]K] < p;

10: count[u][v] + k+1
11: end if

12: end if

13: end for

14: return P

15: end procedure

3.3.4. Pillar-Level Post-Processing (Centroid Extraction)

After pillarization, a dedicated post-processing kernel computes the spatial centroid
of each occupied pillar. The centroid provides a compact geometric representation of the
points within each pillar and is computed as

Puo = Z p(‘u,v)‘ @)

In this context, p,,» denotes the centroid of the pillar located at BEV grid index (u, v).
(u,0)
j

j-th point inside that pillar. The summation accumulates all point coordinates within the

The term N, , represents the number of points assigned to Pillar, ,, and p denotes the
pillar, and division by N, , produces the average spatial position. Therefore, p,, can be
written as (%u,0, Ju,0, Zu,w ), where each component represents the mean coordinate value
of the occupied pillar. Point summation and division are handled in a streaming manner
using pipelined loop structures. This stage is implemented as a dedicated HLS kernel in
the PL and connected to the pipeline wrapper through an AXI4-Stream interface.

3.3.5. PS-PL Data Movement and Interface
Data movement between the PS and PL is produced via AXI DMA transactions as follows:

1.  LiDAR acquisition (PS): Raw point cloud data is acquired via Linux drivers on ARM
Cortex-Ab53 cores and written to a DMA-accessible DDR buffer.

2. Pre-processing (PL via DMA): An AXI DMA engine transfers the raw point cloud from
DDR to the full_pipeline_wrapper HLS IP. The HLS pipeline performs ROI filtering
— coordinate transformation — pillarization in a single FIFO-streamed dataflow region.

3.  DPU inference (PL): The resulting pillar tensor is consumed directly by the DPU overlay
without an intermediate PS transfer, eliminating unnecessary memory round-trips.

4. Post-processing (PL + PS): Centroid extraction is performed in PL via a dedicated
HLS kernel connected by AXI4-Stream. Final bounding box predictions are returned
to the PS via DMA for NMS and result display.

5. Transfer overhead: AXI DMA interface latency and buffer scheduling contribute
approximately 1.5 ms to total pipeline latency, measured on hardware.

The PL-accelerated centroid extraction stage operates concurrently with DMA transfers
due to the dataflow pipeline; therefore, it is included in the accelerated processing flow
without introducing an additional standalone latency penalty. As illustrated in Figure 2, the
PL hosts the computationally dominant stages, whereas the PS handles data orchestration,
DMA control, and lightweight irregular post-processing tasks.
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Figure 2. Vivado-based custom hardware overlay of the proposed hardware/software co-designed PointPillars pipeline with PL-accelerated computational stages.
The PL hosts ROI filtering, coordinate transformation, pillarization, centroid extraction (HLS IPs), and the DPU overlay. The PS handles data acquisition, DMA
control, lightweight NMS, visualization, and system logging. Connecting lines represent data flow between processing stages and hardware components.
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It should be noted that the proposed architecture is not a PL-only implementation. In-
stead, it is a hardware/software co-designed pipeline in which the computationally dominant
stages are accelerated in the PL, while control-oriented and irregular operations remain on
the PS. In this work, the term PL-accelerated pipeline refers to the acceleration of ROI filtering,
coordinate transformation, pillarization, centroid extraction, and INT8 DPU inference. Data
acquisition, DMA scheduling, lightweight NMS, visualization, and logging are retained on
the PS. Therefore, the reported 11.4 ms latency should be interpreted as the accelerated core
pipeline latency rather than a strictly PL-only or fully PS-free end-to-end latency.

The proposed design integrates both hardware-agnostic methodological contributions
and vendor-specific implementation components. The hardware-agnostic elements include
the overall hardware/software co-design methodology, the PL/PS partitioning strategy,
the HLS-based pre/post-processing algorithm structure (ROI filtering, coordinate trans-
formation, pillarization, and centroid extraction), and the FIFO-based streaming dataflow
optimization principles. These are applicable to any HLS-capable toolchain (e.g., Intel
HLS, Bambu, and Catapult) and to any FPGA platform supporting an AXI-like streaming
interconnect. The vendor-specific components include the Xilinx DPU IP, the Vitis Al quan-
tization and compilation toolchain, the Vitis HLS pragma syntax, and the KV260 platform
configuration. Migration to non-Xilinx ecosystems would therefore require replacing the
DPU with an equivalent vendor accelerator and translating HLS pragmas to the target
toolchain. Cross-vendor portability is identified as a future research direction.

3.4. HLS Optimization Strategies

The following optimization techniques were applied to the HLS-based pre-processing

kernels.

*  Loop Pipelining: Overlaps loop-iteration execution. With II = 1: Tpipeline ~ N, reducing
latency from O(N - L) to O(N).

*  Loop Tiling: Breaks loops into tiles of size B to improve BRAM locality and enable
block-wise buffer reuse.

e Array Partitioning: Splits A[M][N] into N independent banks, removing memory
contention and enabling parallel access.

e Dataflow Optimization:  For functions fi, f2, f3 connected by FIFOs:
Tdataflow = max(Tfl, sz, ng) instead of Tfl + sz + Tf3

*  FIFO-Based Streaming: hls: : stream FIFOs decouple producer-consumer dependen-
cies. The system-level initiation interval becomes Ilsys = max (11 fir II fz)’ enabling true
task-level parallelism.

4. Evaluation of HLS Optimization Versions

Five HLS implementation versions (I-V) were developed to evaluate different hard-
ware acceleration strategies. Each version progressively applies more advanced optimiza-
tion techniques.

Table 2 summarizes the effect of the progressive HLS optimization strategy. Version I
represents the unoptimized baseline, where no HLS pragmas are applied. This version
achieves 32.0 ms latency and uses 5672 BRAM blocks, serving as the reference design for
evaluating subsequent optimizations.
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Table 2. Comparison of HLS optimization strategies for pre- and post-processing.

e .. II (Outer) II (Inner)

Ver. Optimization Latency (ns) (Init. Interval)  (Init. Interval) BRAM DSP FF LUT
I Pure (no pragmas, no optimization)  3.200 x 107 1 2 5672 4 1481 3436
I Pipeline only (failed) 3.360 x 107 1 2 11,343 6 1692 3482
III Pipeline + Loop Tiling 3.200 x 107 4 1 5672 4 1285 3469
v Dipeline + Dataflow + 1.768 x 107 1 200 11,390 3 16935 20434

Array Partitioning
y  Pipeline + Dataflow + FIFO + 4.336 x 100 6 1 28 6 4364 5861

Array Partitioning

Pre-processing (ROI filtering and pillarization) and post-processing (centroid extraction) are applied in all versions.
Fixed input: 80,000 LiDAR points and 8000 grid pillars.

Version Il applies loop pipelining using #pragma HLS PIPELINE. Although the objective
was to reduce the initiation interval and improve loop-level parallelism, latency increased to
33.6 ms, and BRAM usage rose to 11,343 blocks. This result indicates that applying pipelining
alone, without restructuring memory access patterns, can increase buffering requirements
and resource contention.

Version III introduces loop tiling to improve memory locality and enable block-wise
data reuse. This optimization reduces BRAM usage back to the baseline level of 5672 blocks.
However, the latency remains 32.0 ms, indicating that loop tiling improves memory organi-
zation but does not sufficiently eliminate the dominant execution bottleneck.

Version IV combines #pragma HLS DATAFLOW with #pragma HLS ARRAY_PARTITION.
The dataflow pragma enables concurrent execution of the main processing stages, while
array partitioning provides parallel access to independent memory banks. As a result,
latency decreases to 17.68 ms. However, BRAM usage increases to 11,390 blocks because
large intermediate arrays are still required between producer and consumer stages.

Version V replaces these large intermediate arrays with FIFO-based streaming us-
ing hls::stream. In this version, ROI filtering, pillarization, and centroid extraction are
connected via streaming interfaces, enabling producer and consumer functions to run
concurrently with reduced on-chip buffering. This final version achieves the best latency-
resource trade-off, reducing latency to 4.336 ms and BRAM usage to 28 blocks. The FIFO
depths were sized according to the worst-case throughput imbalance between producer and
consumer stages, preventing pipeline stalls under full-load conditions while keeping each
FIFO instance small (a few hundred elements). All inter-kernel data movement remains
entirely on-chip via AXI4-Stream interfaces; off-chip DDR is accessed only for the initial
raw point cloud input and the final bounding box output, identical to the Version IV config-
uration. Therefore, the BRAM reduction reflects more efficient on-chip data organization
rather than a migration of intermediate buffers to off-chip memory. Compared with the
unoptimized baseline, Version V provides approximately 7.4 x latency reduction and a 202 x
improvement in BRAM efficiency, calculated as 5672/28 ~ 202.

Overall, the results show that the combination of DATAFLOW, ARRAY_PARTITION, and
FIFO-based hls: : stream buffering is the most effective strategy for the proposed embed-
ded FPGA implementation. While pipelining and tiling provide partial benefits, the main
performance and memory-efficiency gains are obtained when the pipeline is restructured
as a streaming dataflow architecture.

The Hw-Sw partitioning derived from this evaluation is provided in Table 3.
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Table 3. Hardware—software partitioning and optimization justifications for pointpillars pre- and
post-processing.

Stage Description Platform Justification
1 LiDAR Data Acquisition PS (ARM) Linux drivers and DMA; acceleration not required.
2 ROI Filtering PL (HLS) Pipelined and unrolled in ITI-V; > 20x latency reduction.
3 Coordinate Transformation PL (HLS) Element-wise ops parallelized via pipelining and partitioning.
4 Pillarization PL (HLS) Memory-intensive; optimized in IV-V via dataflow and partitioning.
5 BEV Feature Encoding PS (ARM) Pillar tensors feed DPU directly; BEV encoding not needed.
6 Backbone CNN Inference PL (DPU) Executed on DPU using INT8 model; runs in real time.
7 3D Bounding Box Regression PL (DPU) Integrated in SSD head; runs in real time on DPU.
8 NMS PS (ARM) Irregular memory access; low complexity; stays on PS.
9 Centroid Extraction (Post-Proc.)  PL (HLS) Pipelined with FIFOs; latency reduced from 32M ns to 4.3M ns.
10 Result Display PS (ARM) GUI and 1/0O; unsuitable for PL acceleration.
11 Logging and System Control PS (ARM) Telemetry and monitoring; not suitable for acceleration.

Stages 2—4 and 9 are synthesized as custom RTL IPs via Vitis HLS and deployed on the PL via AXI4-Stream
interfaces. The term PL-accelerated pipeline refers to acceleration of the computationally dominant stages. PS-side
operations, including data acquisition, DMA scheduling, NMS, visualization, and logging, are retained for control
and irregular processing tasks.

Comparative Analysis with Edge GPU Platforms

To contextualize the proposed KV260-based implementation against modern edge
GPU platforms, we refer to the peer-reviewed benchmark study by Choe et al. [24], which
evaluated the PointPillars network on commercially available NVIDIA Jetson platforms us-
ing the KITTI dataset. Their measurements report that Jetson Xavier NX achieves 5.73 FPS
(~174.5 ms latency) at 13.8 £ 1 W power consumption, while Jetson AGX Xavier reaches
9.7 FPS (~103 ms latency) at 29.1 &= 2.3 W. Furthermore, lower-tier platforms such as the
Jetson Nano and TX2 are unable to run PointPillars due to insufficient memory [24]. In com-
parison, the proposed KV260 implementation achieves 11.4 ms latency (87.4 FPS) at 6.842 W,
corresponding to approximately 15.3x latency improvement and 2 x power efficiency over
Jetson Xavier NX, and 9x latency improvement with 4.2 x power efficiency over Jetson
AGX Xavier. Cost is comparable for the entry-level platform (KV260 $250 vs. Jetson Xavier
NX~$399). At the same time, the proposed FPGA-based design offers a significantly higher
price-to-performance ratio for latency-sensitive, power-constrained embedded LiDAR per-
ception. A direct hardware-level comparison was not feasible due to the unavailability of
Jetson development boards in our laboratory; therefore, the reported Jetson benchmarks
are sourced from this peer-reviewed implementation to ensure scientific credibility.

5. Experimental Results
5.1. Hardware Validation

The complete system was implemented and experimentally validated on physical
hardware, the AMD Kria KV260 Vision Al Starter Kit. Hardware synthesis and implementa-
tion were performed using Vivado 2022.1; the DPU overlay was compiled with Vitis Al 2.5.
End-to-end execution times were measured on the physical board using Linux perf counters
and hardware timestamps, confirming the 11.4 ms per-frame latency. DPU inference latency
was measured directly on hardware by profiling the xmodel execution using the Vitis Al
profiling API. The measured per-frame DPU inference time is 5.6 ms. Pre-processing and
post-processing HLS latencies were validated via Vitis HLS co-simulation and subsequently
confirmed with on-board profiling.
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5.2. Resource Utilization Analysis

The complete hardware resource usage of the final design is summarized in Table 4 and
Figure 3. The design utilizes 52.60% of available LUTs and 48.50% of FFs, with LUTRAM at
14.16%. BRAM utilization is 48.96%; 50 of 64 URAM blocks are used (78.13%); DSP utilization
is 57.13%.

Table 4. Overall resource usage of the proposed work.

Resource Utilization Available Util. (%)
LUT 61,601 117,120 52.60
LUTRAM 8155 57,600 14.16
FF 113,589 234,240 48.50
BRAM 70.5 144 48.96
URAM 50 64 78.13
DSP 713 1248 57.13

BUFG 5 352 1.42

PLL 1 8 12.50

Total resource utilization reflects Version V, selected for its optimal latency-hardware efficiency balance.

Hardware Resource Utilization Across FPGA-Based Implementations
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Figure 3. Hardware resource utilization (LUT, FF, BRAM, DSP) across FPGA-based implementations.
Compared works: Park 2024 [17], Stanisz 2022 [16], Li 2023 [18], Adiyaman 2025 [19], Latotzke
2023 [20], Li 2024 [25], Li 2022 [4], Deng 2021 [5]. N/A indicates that the corresponding value was
not reported in the source work.

5.3. Comparison with State-of-the-Art Systems

Direct performance comparison across FPGA-based works involves heterogeneous
conditions, including different platforms, toolchains, quantization precisions, network
architectures, and task definitions. Table 5 is presented with these caveats explicitly ac-
knowledged. The P/P ratio (Equation (6)) normalizes across cost, power, and latency to
provide a unified efficiency metric. This metric is introduced to jointly capture cost, power,
and latency, which are critical for edge deployment scenarios. Accuracy values (Table 6)
are included for contextual completeness.

P/P = ! (6)

execution-time X power X cost
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Table 5. Comparison of state-of-the-art 3D LiDAR-based object detection methods on FPGA platforms.

Reference [17] [16] [18] [19] [20] [25] [4] [5] This Study
Platform ZCU104 ZCU104 ZC706 KV260 U280 ZCU104 ZCU102 ZCU102 KV260
Method RTL,FINN FINN PS,DPU HLS DPU DPU RTL,DPU HLS,DPU HLS,DPU
Freq. (MHz) 187.5 150 150 300 300 333 220 200 300
Power (W) 44 6.5 3.6 9 73.8 19.5 14.263 3.984 6.842
Exec. (ms) 6.41 377.1 43.26 178.57 61.2 198.7 37.96 30.405 11.4
LUT 75,548 189,074 128,721 50,867 48,006 49,281 125,148 90,418 61,601
FF 56,931 150,187 98,797 111,118 85,801 97,100 227,361 93,329 113,589
BRAM 65 159 382.5 67.5 131.5 N/A 373 705 70.5
URAM 1 N/A N/A 50 64 46 N/A N/A 50
DSP 374 88 883 710 525 690 701 1213 713
Cost ($) 1899 1899 3421 250 5000 1899 3570 3570 250
o oois  ZBL e ek amsc 1B Sma 23Lc g
Bold = best-in-class metric; N/A = unavailable data. Price sources: ZC706 from Digi-Key (Digi-Key Electron-
ics, Thief River Falls, MN, USA); all other prices from the AMD official website (Advanced Micro Devices,
Inc., Santa Clara, CA, USA). Higher P/P indicates more cost-effective performance. Tasks differ across works
(detection/segmentation/localization); the comparison is therefore indicative rather than absolute.
Table 6. Performance comparison (Car/Pedestrian/Cyclist 3D AP@0.5) across quantization modes.
E = Easy, M = Moderate, H = Hard.
Car Pedestrian Cyclist
Ref. Speed (Hz) FP32 INT8 FP32 INTS8 FP32 INTS8
E M H E M H E M H E M H E M H E M H
[16] 19 84.17 7612 7051 76.64 6733 6556 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
[26] 26.31 88.18 7821 7688 N/A N/A N/A 6936 6035 5423 N/A N/A N/A 8552 6676 6338 N/A N/A N/A
[27] 26.31 8836 79.57 7455 N/A N/A N/A 5464 4427 4023 N/A N/A N/A 8248 6120 5690 N/A N/A N/A
[18] 34.12 7939 6630 59.68 7423 60.55 55.63 3526 2810 26.06 329 26.01 24.10 63.15 50.89 46.11 59.85 47.77 43.09
[28] 384 N/A N/A 6592 N/A N/A 6564 N/A N/A 6565 N/A N/A 6556 N/A N/A N/A N/A N/A N/A
[19] 5.6 948 N/A N/A N/A N/A N/A 693 N/A N/A N/A N/A N/A 559 N/A N/A N/A N/A N/A
[29] 44.2 8797 7657 718 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
[20]* 16.33 90 90 45 43 72 68
Proposed 87.4 90.67 89.54 88.56 90.06 89.13 88.08 4645 4138 3879 4543 4136 38.09 69.13 51.01 48.04 73.8 55.14 51.52

Values represent the average of easy, moderate, and hard levels computed separately for FP32 and INTS8. Bold
values indicate the best result in each metric column. N/A indicates that the corresponding value was not reported
in the source work. * The results of [20] are reported as a single value per object class in the source work, without
a separate easy /moderate /hard breakdown.

For broader context, published FPGA-based implementations report total board power
consumptions ranging from 3.6 W [18] to 73.8 W [20]. The proposed system’s power
measurement of 6.842 W reflects the complete KV260 board-level consumption, comprising
the FPGA fabric, DPU overlay, DDR memory, and peripheral interfaces [30], and was
measured under full inference load. This places the proposed system in the lower tier of the
power spectrum while achieving the highest throughput (87.4 Hz) among full 3D detection
pipelines, confirming its energy efficiency advantage for edge deployment.

As shown in Figure 4, the trade-off between execution time and power consumption
further emphasizes the efficiency of the proposed approach. Figure 5 illustrates the P/P
ratio across evaluated methods; the proposed system leads in cost efficiency.
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Execution Time vs. Power Consumption Across FPGA-Based Implementations
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Figure 4. Execution time vs. power consumption across FPGA-based implementations. Compared
works: Park 2024 [17], Stanisz 2022 [16], Li 2023 [18], Adiyaman 2025 [19], Latotzke 2023 [20],
Li 2024 [25], Li 2022 [4], Deng 2021 [5].
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Figure 5. Comparison of P/P ratios across FPGA-based methods. The proposed system achieves the
highest P/P value, indicating superior cost effectiveness among all evaluated implementations. Com-
pared works: Park 2024 [17], Stanisz 2022 [16], Li 2023 [18], Adiyaman 2025 [19], Latotzke 2023 [20],
Li 2024 [25], Li 2022 [4], Deng 2021 [5].

The proposed system achieves the highest P/P ratio among all compared implementa-
tions. Operating at 300 MHz on the KV260, it achieves 11.4 ms per frame with 6.842 W. This
represents a significant latency reduction compared to Stanisz et al. [16], and a substantial
improvement over VEA [4], the closest FPGA baseline. BRAM usage is also significantly
lower than Li et al. [18] and Deng et al. [5], confirming optimized memory management.

5.4. Detection Accuracy Under Quantization

QAT was employed to bridge the accuracy gap between FP32 and INT8 deployment.
In this study, we focus on the moderate difficulty level, which provides a balanced and
statistically representative mix of real-world detection challenges compared to the easy or
hard subsets. For the Car class, the INT8 model achieves 89.13% 3D AP, nearly matching the
FP32 result of 89.54%. For the Cyclist class, the design achieves 55.14% INT8 vs. 51.01% FP32
at moderate difficulty. INTS slightly surpasses FP32 due to regularization effects during QAT.

The lower detection accuracy for the Pedestrian (41.36% INTS8, moderate) and Cy-
clist (55.14% INTS8, moderate) classes reflects the inherent difficulty of detecting small,
non-rigid objects in sparse LiDAR point clouds. These classes have fewer LiDAR returns
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per object than cars, leading to higher localization uncertainty under INT8 quantization.
QAT substantially mitigates quantization-induced accuracy loss compared to standard
post-training quantization as corroborated in the literature [21]. These trade-offs are accept-
able for the targeted embedded deployment scenario where inference speed and power
efficiency are primary constraints. Figure 6 shows class-wise detection performance under
moderate difficulty. Figure 7 illustrates the trade-off between accuracy and inference speed,
reinforcing the effectiveness of the proposed INT8 pipeline.

3D Object Detection Accuracy Across Implementations (Moderate Difficulty, KITTI)

B Car @@ Pedestrian B Cyclist

100

656 656

3D AP@0.5 (%)
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Figure 6. 3D object detection accuracy (Moderate-difficulty 3D AP@0.5, KITTI) across implemen-
tations. For works reporting INT8 results, the INT8 value is shown; otherwise the FP32 value is
used. Compared works: Stanisz 2022 [16], Yan 2018 [26], Yang 2020 [27], Li 2023 [18], Zhou 2024 [28],
Adiyaman 2025 [19], Lim 2024 [29], Latotzke 2023 [20]. N/ A indicates that the corresponding value
was not reported in the source work.

o5 Car Detection Accuracy vs. Inference Speed
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Figure 7. Car detection accuracy (Moderate-difficulty 3D AP@0.5, KITTI) versus inference speed. The
proposed system achieves the highest throughput while maintaining competitive 3D AP under INT8
quantization. For works reporting INT8 results, the INT8 value is shown; otherwise the FP32 value is
used. Compared works: Stanisz 2022 [16], Yan 2018 [26], Yang 2020 [27], Li 2023 [18], Lim 2024 [29],
Latotzke 2023 [20].
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5.5. Execution Time Breakdown and Throughput

The accelerated core pipeline consists of three hardware-measured components: HLS-
based pre/post-processing, DPU inference, and DMA transfer overhead. The correspond-
ing accelerated core latency is calculated as follows:

Teore = TH1s + Toru + Tiransfer = 4.336 +5.6 + 1.5 ~ 11.4 ms. (7)

The corresponding accelerated core throughput is

1000
f core — T

core

~ 87.4 Hz. (8)

It should be noted that the reported 11.4 ms latency refers to the accelerated core
pipeline latency, including HLS pre/post-processing, DPU inference, and DMA transfer
overhead. Since NMS is currently executed on the ARM PS, it is reported separately. Hard-
ware profiling shows that PS-side NMS requires up to 0.8 ms for typical KITTI scenes.
Therefore, the practical end-to-end latency including PS-side NMS is approximately

Tond-to-end = Lcore + Tnoms ~ 11.4 4+ 0.8 = 12.2 ms. 9)

Accordingly, the practical end-to-end throughput including PS-side NMS is approximately

1000
fend—to—end = T . =~ 82.0 Hz. (10)

end-to-end

These results satisfy the real-time requirements of typical LIDAR sensors operating
at 1020 Hz and confirm the applicability of the proposed system to real-time embedded
LiDAR perception. However, NMS latency is scene dependent and may increase in dense
urban environments with substantially larger numbers of candidate bounding boxes. There-
fore, while PS-side NMS does not constitute a bottleneck for typical KITTI workloads, an
HLS-based parallel NMS implementation is considered future work to improve robustness
under high-density detection scenarios. The current DPU-based backbone is also limited
to the layer types supported by the Xilinx DPU IP [21]; extending the system to sparse or
transformer-based backbones remains a promising future research direction.

6. Conclusions

The proposed system demonstrates a balanced trade-off among latency, power, cost,
and accuracy. By combining HLS-based pre- and post-processing with a quantized DPU
pipeline, the design achieves real-time inference at 87.4 Hz, maintains competitive accuracy
under INT8 deployment, and operates within strict resource budgets. Compared to state-of-
the-art FPGA implementations, it offers superior energy efficiency and price/performance,
making it an excellent candidate for edge-based autonomous systems.

Beyond the current 64-beam LiDAR configuration (80,000 points per frame), system
scalability to higher-density sensors merits discussion. For 128-beam sensors (160,000 points),
memory becomes the critical constraint. BRAM utilization would increase from 70.5 blocks
(48.96%) to approximately 141 blocks (97.9%)—tight but feasible with memory optimiza-
tion techniques (reduced FIFO depths and URAM utilization). Computational complexity
(RO filtering and pillarization) scales linearly with point count, adding approximately
1-2 ms to total latency, maintaining real-time capability at ~80 Hz. For 256-beam sensors
(320,000+ points), BRAM requirements exceed KV260 capacity (144 blocks), necessitating
migration to larger platforms (e.g., ZCU102 with 912 blocks, Alveo U50 with 5760 blocks).
Thus, 128-beam scalability is achievable within architectural constraints; 256-beam sensors
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require platform evolution but represent natural future research directions, as LiDAR sensor
density increases in next-generation autonomous systems.

This work presents a PL-accelerated, hardware/software co-designed pipeline im-
plementation of the PointPillars 3D object detection framework on the AMD Kria KV260
embedded platform, targeting low-power, real-time inference from LiDAR point clouds.
Custom HLS-based acceleration covers both pre-processing (ROI filtering, coordinate trans-
formation, pillarization) and post-processing (centroid extraction), in combination with a
quantized INT8 CNN backbone executed on an integer-only DPU. The complete system
has been experimentally validated on physical hardware.

HLS techniques, including loop pipelining, dataflow parallelism, array partitioning,
and FIFO buffering, were systematically explored and refined across five progressive
design iterations (I-V). The final HLS configuration achieves 4.336 ms for combined pre-
and post-processing; the INT8 backbone executes in approximately 5.6 ms at 300 MHz DPU.
Including DMA overhead, the total end-to-end execution time is approximately 11.4 ms,
corresponding to a real-time throughput of 87.4 Hz. Resource utilization remains within
KV260 capacity, with BRAM at 48.96% utilization. Total system power consumption is
6.842 W. The P/P ratio of 0.051 outperforms all compared FPGA implementations, ranging
from approximately 2.8 x improvement over the closest competitor [17] to over 1000 x
improvement over higher-cost platforms [20], confirming the superior cost efficiency of the
proposed approach for edge-based autonomous perception systems.

Limitations and Future Research Directions

While the proposed system demonstrates the viability of hardware-accelerated Point-
Pillars on embedded MPSoC platforms, several limitations merit acknowledgment. First,
the current evaluation uses the offline KITTI benchmark, which, while comprehensive and
standard for autonomous driving research, does not capture real-time sensor degradation,
thermal drift, or true edge cases encountered in production autonomous vehicles. Second,
hardware validation was conducted in controlled laboratory conditions with the KV260
mounted on a stationary testbed. Real-world deployments involve dynamic thermal varia-
tions, vibration, electromagnetic interference, and power sharing with concurrent system
tasks, which may alter performance characteristics. Third, evaluation relies on pre-recorded
dataset scenarios rather than true real-time LiDAR streams from moving platforms.

To address these limitations and strengthen reliability claims for production deploy-
ment, the following future research directions are recommended:

¢ Real-World Vehicle Deployment: Full-system validation on a moving autonomous
platform with live LiDAR streams across diverse environmental conditions (urban
traffic, highway, and adverse weather). This remains the most critical validation step
for production-grade autonomous systems.

e  Extended Dataset Evaluation: Evaluation on nuScenes (multi-city and higher diversity)
and Waymo Open (high-resolution sensors and denser scenarios) datasets to confirm
generalization beyond KITTI and assess robustness to distribution shifts.

* Thermal and Power Robustness Analysis: Characterization of system behavior
under sustained high-load operation, thermal throttling, and variable ambient
temperatures. Establish reliability margins and thermal stability guarantees for
safety-critical deployments.

e  Hardware NMS Acceleration: Implement parallel threshold-based NMS in HLS to
eliminate PS bottleneck for extreme-density scenes (>1000 boxes per frame) trade-off
analysis: +50 BRAM for —0.5 ms latency reduction.
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¢ 128-Beam LiDAR Support: Optimization and experimental validation for higher-
density sensors (128-beam, 160,000 points/frame), confirming 1-2 ms latency penalty
while maintaining real-time operation at ~80 Hz.

*  Dynamic Memory Deactivation: Integration of phase-based BRAM power manage-
ment techniques [31]. By powering down unused memory banks during inactive in-
ference periods, system power could potentially be reduced from 6.842 W to 5.5-6.0 W
under intermittent operation, particularly beneficial for battery-powered autonomous
drones and edge sensors in extremely low-power environments.

¢  Sparse Neural Network Variants: Exploration of emerging sparse PointPillars archi-
tectures [32] that process only non-empty pillars rather than full spatial grids. Sparse
variants could reduce DPU computational load by 15-30% in sparse-scene environ-
ments (e.g., highway driving with few objects). Integration with the current HLS
pipeline requires algorithmic adaptation of the pillarization stage but represents a
natural evolutionary direction for edge-grade perception systems.

*  Multi-Frame Temporal Fusion: Combining multiple consecutive LiDAR frames to
improve detection stability for small or partially occluded objects, leveraging temporal
coherence in autonomous driving scenarios.

*  Semantic Mapping and Tracking: Incorporating scene segmentation and object-level tem-
poral tracking to enable richer spatial understanding and dynamic scene interpretation.

*  Dynamic Resource Scheduling: Implementation of adaptive clock control and workload-
aware scheduling to optimize power efficiency based on scene complexity and
inference load.

*  Full End-to-End RTL Pipeline: Replacement of the DPU with a custom RTL design
for finer-grained latency control, enabling full pipeline specialization at the cost of
reduced flexibility and increased design complexity.
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