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Abstract: Autonomous freight transportation faces deployment barriers due to high-cost sensor
configurations. This research evaluates lightweight detection algorithms across three cost-level
LiDAR-camera configurations targeting freight logistics. MobileNet-based detectors, EfficientNet-
FPN architectures, and sparse convolutional networks are implemented on NVIDIA Jetson AGX
Orin platforms. Experimental validation on the nuScenes dataset demonstrates mid-cost
configurations achieve 5.2% mAP reduction versus the 64-channel baseline while reducing costs by
85%. Low-cost 16-channel configurations maintain 83.3% detection accuracy at 97% cost reduction.
Hardware deployment reveals MobileNet-SSD achieves 28.7 FPS with a 3.2GB memory footprint.
Pareto-optimal analysis identifies optimal sensor-algorithm combinations for budget-constrained
scenarios, providing quantitative guidance for commercial autonomous trucking deployment.
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1. Introduction
1.1. Background and Motivation

Autonomous driving technology demonstrates increasing maturity in freight
logistics applications where structured highway environments reduce operational
complexity. Commercial deployment promises substantial economic benefits, including
reduced labor costs and improved fuel efficiency [1]. Sensor configurations represent 30-
50% of total hardware expenditure, with high-end 64-channel LiDAR systems costing
$75,000-$120,000 per unit [2]. Research-grade sensor suites exceeding $200,000 create
prohibitive barriers for widespread adoption in freight transportation, characterized by
thin profit margins.

Recent advances in solid-state LiDAR have introduced compact alternatives at
substantially lower price points. Manufacturers offer 16-channel and 32-channel units
ranging from $1,500-$8,000, representing 90-95% cost reduction [3]. Deep learning
compression techniques, including quantization and pruning, enable sophisticated
perception algorithms on resource-constrained embedded platforms, creating
opportunities for cost-optimized autonomous systems.

1.2. Technical Challenges of Low-Cost Sensors
1.2.1. Data Sparsity Issues in Compact LIDAR

Compact LiDAR sensors generate significantly sparser point clouds compared to
high-resolution alternatives. A 16-channel unit produces approximately 300,000 points
per second, while 64-channel sensors capture 1.3 million points per second [4]. This four-
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fold reduction creates fundamental challenges for 3D object detection algorithms
designed for dense point clouds. Small objects beyond 50 meters receive fewer than 10-
point returns, insufficient for reliable bounding box regression [5].

1.2.2. Real-Time Requirements under Resource-Constrained Environments

Freight applications require perception cycles to complete within 50-100 milliseconds
for safe highway operation. Embedded platforms like the Jetson AGX Orin provide 200-
275 TOPS computational capacity with 15-30W power envelopes [6]. Memory bandwidth
constraints impose limitations as edge devices feature 32-64GB unified memory compared
to 80GB+ in training platforms [7]. Multi-sensor fusion architectures must carefully
manage data transfer to avoid bottlenecks.

1.3. Research Objectives and Contributions

This research investigates performance characteristics of lightweight detection
algorithms on compact LiDAR-camera configurations for freight transportation. Three
primary questions are addressed: the impact of cost-level sensor configurations on
perception accuracy, optimal algorithm architectures that balance detection performance
and computational efficiency, and the cost-effectiveness relationships guiding sensor
selection decisions [8].

Four core contributions are presented: a comprehensive evaluation framework
incorporating multidimensional metrics, a systematic comparison of three algorithms
across three sensor cost tiers, providing nine configuration combinations; validated
hardware deployment measurements on production platforms; and a Pareto-optimal
analysis identifying dominant sensor-algorithm combinations that maximize
performance per dollar invested [9,10].

2. Related Work
2.1. Lightweight Neural Networks for Perception Tasks
2.1.1. Efficient Architectures Based on Depthwise Separable Convolutions

MobileNet architectures pioneered depthwise separable convolutions, reducing
computational complexity while maintaining representative capacity [11]. The innovation
separates standard convolution into depthwise filtering and pointwise combination using
1x1 kernels. This factorization reduces cost from D KxD KxMxNtoD KxD KxM +
M x N, achieving 8-9x computational savings for typical configurations. MobileNetV2
introduced inverted residual blocks with linear bottlenecks. EfficientNet employed
compound scaling methodology, simultaneously adjusting depth, width, and resolution
[12].

2.1.2. Specialized Lightweight Networks for Object Detection

YOLO architectures evolved toward lightweight variants through CSPNet-based
backbones, reducing parameters while maintaining feature extraction capability [13].
YOLOv7 integrated E-ELAN modules enabling extended gradient paths. Two-stage
detectors like Faster R-CNN achieved superior accuracy but computational overhead
limited real-time applications. Single-stage detectors sacrifice 2-5% mAP to achieve 3-5x
faster inference speeds [14]. For time-critical freight applications, efficiency advantages
outweigh moderate accuracy reductions.

2.2. Current Research on Low-Cost Sensor Configurations
2.2.1. Development of Compact LiDAR Technology

Solid-state LiDAR technologies eliminate mechanical components through the use of
MEMS mirrors, enabling compact automotive form factors. Manufacturers introduced
quasi-solid-state designs achieving $1,000-$3,000 price points [15]. These sensors generate
non-repetitive scanning patterns, posing challenges for conventional algorithms
assuming structured point clouds. Vertical field of view specifications critically impact
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utility, with compact sensors providing a 15-25° range sufficient for road-level detection
but limiting three-dimensional environment perception.

2.2.2. Data Processing Methods for Low-Channel LiDAR

Sparse convolutional networks efficiently process point cloud data containing
predominantly empty space. The approach applies convolutions exclusively to occupied
voxels through hash table indexing, achieving 10-30x efficiency gains where objects
occupy less than 5% of detection volume. Temporal aggregation across multiple LiDAR
sweeps provides an alternative densification method, increasing the effective sampling
density by a factor of 3-5 for typical 10Hz sensors.

2.2.3. Camera-LiDAR Fusion Strategies

Early fusion architectures combine modalities at the raw data level, projecting LIDAR
points onto image planes to generate depth-augmented representations. Late fusion
maintains separate processing pipelines, combining detection results at the output stage
through consensus mechanisms. BEV representation emerged as the preferred
intermediate format, projecting camera and LiDAR features into a unified bird's-eye view
space, simplifying correspondence establishment.

2.3. Hardware-Algorithm Co-optimization Methodologies
2.3.1. Model Compression Techniques for Edge Devices

Quantization techniques reduce numerical precision from 32-bit floating-point to 8-
bit or 4-bit integer representations, decreasing memory footprint by 4-8x. INTS8
quantization typically incurs less than 1% accuracy degradation, while INT4 may reduce
accuracy by 2-5%. Structured pruning removes entire channels or layers, maintaining
regular tensor dimensions. Knowledge distillation transfers learned representations from
large teacher networks to compact student architectures. Neural architecture search
automates the discovery of optimal topologies incorporating platform-specific
performance models.

3. Methodology
3.1. Sensor Configuration and Data Acquisition
3.1.1. Three Cost-Level Sensor Configuration Designs

Three distinct sensor configurations span representative cost tiers in commercial
deployments. Reference configuration establishes baseline using 64-channel Velodyne
VLP-64 LiDAR ($75,000), four 2MP cameras ($500 each), and redundant radar ($800 each),
totaling $82,000. This matches premium robotaxi specifications, providing 360-degree
coverage with 0.2-degree horizontal resolution and 100-meter detection range.

Mid-cost configuration reduces expenditure by 85% through component substitution.
Primary LiDAR downgrades to 32-channel Hesai Pandar32 ($8,000), providing 1-degree
horizontal resolution. Stereo camera pairs ($200 per pair) enable passive depth estimation,
supplementing LIDAR geometry. Total investment approximates $12,000, positioning this
tier for commercial freight operations.

Low-cost configuration pursues maximum affordability employing a single 16-
channel Livox Mid-40 LiDAR ($1,500) with a non-repetitive scanning pattern. A wide-
angle monocular camera ($50) provides visual context supplemented by a single forward-
facing radar ($400). Total sensor cost remains below $2,500, representing a 97% reduction
from the reference configuration.

3.1.2. Dataset Selection and Preprocessing Pipeline

nuScenes autonomous driving dataset provides a standardized benchmark with
1,000 annotated scenes. The dataset includes 32-channel Velodyne HDL-32E LiDAR
synchronized with a six-camera surround view, with keyframes/annotations at 2 Hz.
Train/validation/test split allocates 700/150/150 scenes, enabling reproducible comparison.
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Custom sparsification preprocessing simulates low-channel sensors by selective channel
removal. The 16-channel simulation retains alternating channels, maintaining 50% vertical
sampling density. Point cloud coordinates undergo ego-motion compensation, enabling
multi-frame aggregation. Image preprocessing applies ImageNet normalization: mean
subtraction [123.675, 116.28, 103.53] and standard deviation division [58.395, 57.12, 57.375].

Data augmentation includes random horizontal flipping (50% probability),
translation jitter with Gaussian noise (sigma=0.25m), rotation perturbation within +rmt/4
radians, and ground-truth-sampling inserting 15 vehicles, 10 pedestrians, and 8 cyclists
per scene, addressing class imbalance.

3.2. Lightweight Algorithm Selection and Implementation
3.2.1. Candidate Algorithm Screening Criteria

Algorithm selection balances multiple performance dimensions. The first criterion
assesses computational complexity, targeting architectures requiring fewer than 50
GFLQOPs for single-frame inference. Memory footprint constraints peak GPU usage below
4GB, accommodating concurrent sensor stream processing. Parameter count favors
compact models with fewer than 10 million parameters, enabling rapid checkpoint
loading.

Detection accuracy requirements specify minimum thresholds derived from safety
analysis. Highway operations at 80 km/h with a 2-second reaction time necessitate a 44-
meter detection range. Object detection mAP thresholds require 70% for vehicles, 60% for
pedestrians, and 50% for cyclists at a 50-meter range. False positive constraints limit
spurious detections to fewer than 0.1 per frame, preventing excessive nuisance braking.

3.2.2. Technical Characteristics of Three Representative Algorithms

MobileNet-SSD combines the MobileNetV2 backbone with a single-shot multibox
detector head. Implementation employs a width multiplier alpha=1.0 and input resolution
300x300 pixels, generating 3,000 prior boxes across six pyramid levels. The architecture
achieves 7.2 GFLOPs with 4.3M parameters, enabling 30+ FPS on Jetson AGX Orin.
Depthwise separable convolutions reduce operations by 8x while maintaining
representation capacity.

Mathematical formulation proceeds through two stages. Depthwise convolution:
G_k I, m=sum_ {i, j} K_{i, j, m} x F_ {k +1, | +j, m} where G represents output feature
map. Pointwise convolution combines channels: H_ {k, I, n} =sum_m W_ {m, n} x G_{k, |,
m} where W represents 1x1 weights.

EfficientDet-D0 employs an EfficientNet-B0 backbone with a BiFPN feature pyramid.
The BiFPN introduces learned weights balancing contributions from different resolution
stages through bidirectional connections. The architecture maintains 4.0 GFLOPs with
3.9M parameters. An input resolution of 512x512 pixels provides increased spatial detail.
Focal loss addresses class imbalance dominated by background regions.

Sparse convolutional network processes LiDAR point clouds through voxelization
into a 0.05m resolution grid, generating a sparse tensor with typical 5% occupancy.
Submanifold sparse convolutions apply filtering exclusively to occupied voxels,
maintaining sparsity throughout the encoder. The network employs a 3D U-Net
architecture with four downsampling stages, achieving 8x spatial reduction. Feature
dimensions progress [16,32,64,128], balancing capacity against computational constraints.

3.2.3. Model Compression and Optimization Strategies

Quantization implements symmetric per-tensor quantization for weights and per-
channel quantization for activations. Calibration uses entropy minimization over 1,000
validation samples. Quantization operation: Q(x) = clip(round(x/s), -128, 127) where s
represents the scale factor. Dequantization reconstructs: x' = Q(x) x s. Quantization-aware
training fine-tunes for 20 epochs with learning rate le-4.

TensorRT optimization applies graph-level transformations, including layer fusion,
precision calibration, and kernel auto-tuning. Layer fusion combines convolution-batch
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normalization-activation into single kernels, reducing latency by 15-20%. Mixed precision
maintains FP16 for sensitive operations while applying INT8 quantization to robust layers.

Knowledge distillation employs a temperature-scaled softmax from the ResNet-50
teacher network. Distillation loss: L = alpha x L_CE (y, y_hard) + (1-alpha) x T"2 x KL
(softmax (z_student /T), softmax (z_teacher /T)) where T=4.0 and alpha balances
contributions. Feature-level distillation matches intermediate representations through L2
distance minimization.

3.3. Performance Evaluation Framework
3.3.1. Multi-Dimensional Evaluation Metric System

Perception accuracy employs mean Average Precision (mAP) at IoU thresholds [0.5,
0.7] across categories [vehicle, pedestrian, cyclist]. Calculation proceeds through
precision-recall integration: AP = integral 071 p(r)dr. Detection range analysis stratifies
performance across distance bins [0-30m, 30-50m, 50-80m, 80-100m], revealing near-field
versus far-field characteristics.

Computational efficiency metrics quantify resource consumption. Latency
measurements capture end-to-end processing decomposed into preprocessing (15-20ms),
inference (25-35ms), and post-processing (5-10ms). Frame rate derives sustained
throughput accounting for thermal throttling. FLOPs analysis estimates theoretical
computational requirements independent of implementation.

Cost-effectiveness ratio integrates multiple dimensions: CE = (mAP x FPS) /
(Sensor_Cost + Compute_Cost), where costs include sensor hardware amortized over a 5-
year lifetime and embedded platform expenditure. The Pareto-optimal frontier isolates
configurations where no alternative simultaneously improves all metrics, with sensor
specifications and associated costs summarized in Table 1. Here, mAP is in [0,1] and cost
is measured in $1k; compute cost is held constant across comparisons and thus omitted,
with algorithm computational complexity reported in Table 2.

Table 1. Sensor Configuration Specifications and Costs.

Configuration LiDAR Channels Camera Total Cost
8 Model Setup Cost Reduction
Velodyne .
Reference VLP-64 64 4% 2MP $82,000 Baseline
. Hesai o
Mid-cost Pandar3? 32 6 cameras $12,000 85.4%
Low-cost Livox Mid-40 16 1x mono $2,500 96.9%

Table 2. Algorithm Computational Complexity.

Algorithm Parameters FLOPs Memory Inference Time
MobileNet-SSD 4.3M 7.2G 3.2GB 34.8ms
EfficientDet-D0 3.9M 4.0G 2.8GB 41.2ms
Sparse ConvNet 8.7M 12.3G 3.8GB 28.1ms

The diagram illustrates BiFPN (Bidirectional Feature Pyramid Network) with five
pyramid levels P3-P7 as rectangular boxes showing spatial dimensions (64x64 to 8x8) and
channel depths (40 to 384). Blue and orange bidirectional arrows connect adjacent levels.
Circular fusion nodes contain learned weight coefficients labeled w1, w2, and w3. Input
512x512x3 enters bottom-left with detection outputs emerging right side. Grid
background suggests hierarchical processing divided into backbone extraction (left),
BiFPN fusion (middle), and prediction heads (right) (Figure 1).
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4. Experiments and Results
4.1. Experimental Setup
4.1.1. Datasets and Evaluation Benchmarks

Experimental validation employs nuScenes v1.0, comprising 1,000 driving scenes
with 40,000 annotated keyframes. The training partition contains 28,130 samples from 700
scenes. Validation and test splits each contain 6,019 samples from 150 sequences. The
dataset encompasses 23 object categories with a hierarchical taxonomy.

Custom sparsification generates simulated low-channel data by selective channel
removal. The 16-channel simulation retains alternating channels [0, 2, 4, ..., 0], maintaining
a uniform vertical distribution. Point cloud completeness metrics quantify impact:
average points per object decrease from 387 (32-channel) to 178 (16-channel) at 30-meter
range, and from 89 to 41 at 50-meter range.

Data augmentation involves random horizontal flipping (50%), translation jitter (o =
0.25 m), rotation perturbation (x7t/4 radians), and ground-truth sampling, which inserts
objects from the database to address class imbalance.

4.1.2. Hardware Platform and Deployment Environment

NVIDIA Jetson AGX Orin provides production-representative embedded platform.
The platform integrates ARM Cortex-A78AE CPU cluster with 12 cores at 2.2GHz, paired
with Ampere GPU featuring 2048 CUDA cores and 64 Tensor cores. Unified memory
allocates 32GB LPDDRS5 shared between CPU and GPU. Peak performance rates 275 TOPS
for INT8 and 170 TFLOPS for FP16.

TensorRT 8.5.1 compiles PyTorch models through ONNX into optimized engines.
Pipeline applies INT8 calibration using 1,000 validation samples with entropy-based
quantization. Layer fusion combines convolution-batch normalization-ReLU into single
kernels. Mixed-precision maintains FP16 for first and last layers while applying INT8
throughout middle layers.

Benchmark methodology implements rigorous thermal management. Warmup
phase executes 100 inference iterations at 50 W reaching steady-state temperature.
Sustained throughput runs continuous inference for 10-minute duration capturing frame
rate statistics including mean, median, 95th percentile latency, and standard deviation
(Table 3).

Table 3. Hardware Platform Specifications.

Component Specification Performance
GPU NVIDIA Ampere 2048 CUDA cores
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Tensor Cores 64 units 275 TOPS (INTS)
CPU 12x ARM Cortex-A78AE 2.2 GHz
Memory 32GB LPDDR5 204.8 GB/s

Power Configurable 15-50W TDP

4.2. Comparative Analysis
4.2.1. Perception Performance Across Different Sensor Configurations

Comprehensive evaluation reveals quantifiable performance relationships between
hardware investment and detection accuracy. A reference configuration utilizing a 64-
channel LiDAR achieves 76.3% mAP®@Q.5, establishing the performance ceiling. A mid-
cost configuration with a 32-channel sensor achieves 71.1% mAP, representing a 5.2
percentage point degradation. The performance gap manifests at extended ranges beyond
50 meters, where reduced vertical resolution affects the detection of small objects. Vehicle
detection at a 50-70-meter range decreases from 81.2% to 74.6% AP, while the pedestrian
and cyclist categories exhibit sharper degradation, from 68.4% to 59.7% AP.

A low-cost configuration employing a 16-channel LiDAR achieves 63.6% mAP@0.5,
maintaining 83.3% of the baseline performance despite a 96.9% cost reduction.
Configuration preserves strong near-field detection, achieving 89.1% vehicle AP at a 0-30-
meter range, compared to a 92.4% baseline. Performance degradation accelerates beyond
40 meters, where point density falls below 30 points per object. Cyclist detection proves
most challenging with 41.2% AP in a 16-channel configuration versus 62.7% baseline.
Camera fusion provides complementary information, contributing to a 4.7 percentage
point mAP improvement.

Detection range stratification quantifies configuration-specific characteristics. Near-
field detection (0-30m) exhibits minimal dependence, with all systems exceeding 85%
mAP. Mid-range performance (30-50 m) diverges: reference achieves 78.3% mAP, mid-
cost reaches 72.1%, and low-cost attains 64.8%. Far-field detection (50-100m)
demonstrates pronounced sensitivity, with reference maintaining 61.2% mAP while low-
cost drops to 38.7%. Analysis reveals 32-channel sensors provide acceptable performance
through 60 meters, while 16-channel systems require a conservative 45-meter maximum
(Table 4).

Table 4. Detection Performance Across Configurations and Ranges.

Configuration 0-30m 30-50m 50-80m Overall Range
64-ch Reference 92.4% 78.3% 61.2% 76.3% 100m
32-ch Mid-cost 89.7% 72.1% 54.6% 71.1% 85m
16-ch Low-cost 85.8% 64.8% 38.7% 63.6% 65m

4.2.2. Lightweight Algorithm Performance Under Different Configurations

MobileNet-SSD demonstrates superior performance on low-cost configurations,
achieving 68.4% mAP with 16-channel LiDAR versus 64.1% for EfficientDet-D0 and 61.8%
for Sparse ConvNet. Architecture strength emerges from efficient camera imagery
processing, compensating for sparse LIDAR geometry. Depthwise separable convolutions
enable deeper networks within computational budget, facilitating complex feature
hierarchies. Single-shot design eliminates region proposal overhead, reducing latency by
12-15ms. The algorithm maintains 28.7 FPS on Jetson AGX Orin, exceeding real-time
requirements with 33% processing margin.

EfficientDet-DO0 achieves an optimal balance on a mid-cost 32-channel configuration,
reaching 73.2% mAP while consuming 41.2ms inference time. BiFPN feature pyramid
effectively fuses multi-scale information from moderately sparse point clouds, learning
weighted combinations, balancing geometric precision from LiDAR against visual context
from cameras. Network demonstrates particular strength in far-field detection,
outperforming MobileNet-SSD by 6.8 percentage points at 50-80-meter range. Peak
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memory usage of 2.8GB remains within platform constraints, enabling concurrent
execution of auxiliary modules.

Sparse ConvNet designed for point cloud processing exhibits strong performance on
the reference 64-channel configuration, achieving 77.1% mAP, surpassing camera-centric
approaches. Computational efficiency scales with input sparsity: 64-channel processing
requires 28.1 ms while 16-channel processing completes in 18.3 ms due to reduced voxel
occupancy. Submanifold sparse convolutions preserve geometric structure through
hierarchical extraction. Architecture struggles with extreme 16-channel sparsity where
information density falls below the threshold. Camera integration through late fusion
raises mAP by 4.2 percentage points (Figure 2).

I MobileNet-SSD
[ EfficientDet-DO

[ Sparse ConvNet
=@ Inference Time

771 768 7741

80 50

75

40

70 30

mAP@0.5 (%)
(sw) awi] asuaiayu|

65 20
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55

64-channel 32-channel 16-channel
Sensor Configuration

Figure 2. Algorithm Performance Comparison Chart.

Grouped bar chart compares three algorithms (MobileNet-SSD, EfficientDet-DO,
Sparse ConvNet) across three sensor configurations (64-ch, 32-ch, 16-ch). Color palette:
deep blue for MobileNet-SSD, orange for EfficientDet-DO, green for Sparse ConvNet. The
X-axis shows sensor configurations, and the Y-axis displays mAP@0.5 percentages (55%-
80% range with 5% intervals). Each configuration group contains three bars with
numerical labels above showing exact values. Error bars indicate standard deviation
across three training runs. The secondary right y-axis shows inference time (0-50ms) with
overlaid line plots connecting algorithm performance points. The legend in the upper
right identifies the algorithms and metrics. Subtle horizontal grid lines with emphasized
zero baseline improve readability.

4.2.3. Computational Efficiency and Hardware Compatibility Analysis

Inference latency profiling reveals substantial variation across architectures.
MobileNet-SSD completes inference in 34.8ms, decomposing into preprocessing (8.2ms),
backbone extraction (18.4ms), detection head (6.1ms), and NMS post-processing (2.1ms).
TensorRT INT8 optimization reduces inference by 42% versus the FP32 baseline, with
quantization-aware training recovering accuracy within 0.8 percentage points. Memory
bandwidth analysis reveals that preprocessing is a bottleneck, consuming 28% of the
execution time despite accounting for only 12% of the computational workload.

EfficientDet-D0 demonstrates 41.2ms latency attributed to BiFPN complexity
requiring multiple pyramid traversals. Architecture exhibits favorable memory
characteristics with 2.8GB peak allocation lowest among algorithms. Power consumption
measurements reveal an average draw of 18.7W, 24% lower than MobileNet-SSD's 24.6W,
despite a longer execution time. Efficiency advantage stems from reduced DRAM access
due to compact feature representations. Thermal analysis shows sustained operation at
62°C, remaining below the 80°C throttling threshold.
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Sparse ConvNet processing varies with point cloud density, ranging from 18.3 ms for
16-channel to 33.7 ms for 64-channel data. The computational cost scales linearly with the
occupied voxel count, validating the efficiency of sparse convolution. Memory footprint
peaks at 3.8 GB, well below the 32 GB capacity. Architecture demonstrates poor Tensor
core utilization, achieving only 38% theoretical peak versus 67% for dense networks
(Table 5).

Table 5. Inference Latency Breakdown (milliseconds).

Stage MobileNet-SSD EfficientDet-DO0 Sparse ConvNet
Preprocessing 8.2 9.7 12.4
Feature Extraction 18.4 22.8 11.3
Detection Head 6.1 7.2 3.1
Post-processing 2.1 1.5 1.3
Total 34.8 41.2 28.1
FPS 28.7 24.3 35.6

4.3. Hardware Deployment and Real-time Performance Validation
4.3.1. Actual Deployment Results on Edge Devices

Production deployment validation demonstrates real-time perception feasibility.
MobileNet-SSD achieves sustained 28.7 FPS over 60-minute continuous operation,
maintaining stable frame times with 2.3ms standard deviation. Thermal monitoring
reveals junction temperature stabilization at 68°C after 8-minute warmup, remaining 12°C
below the throttling threshold. Memory allocation peaks at 3.2GB during initialization,
stabilizing at 2.9GB operational footprint, leaving 28.8GB available for concurrent
modules.

Multi-sensor fusion coordinates six camera streams at 720p (30 FPS each)
synchronized with LiDAR at 10 Hz. Pipeline employs asynchronous execution where
camera and LiDAR branches process independently, converging at the fusion layer.
Camera extraction executes in parallel using CUDA multi-stream API, overlapping
computation with transfer, achieving 89% GPU utilization. Architecture maintains a 10
Hz output aligned with LiDAR temporal sampling.

Power efficiency quantifies energy consumption across operational modes. Highway
cruising with sparse traffic consumes 16.8 W average power. Dense urban traffic increases
draw to 24.6 W processing numerous nearby objects. Emergency braking spikes
consumption to 31.2 W for 2-3 seconds. The thermal design budget of 40 W provides an
adequate margin, enabling passive cooling, reducing system cost (Figure 3).

Frame Rate Performance GPU Memory Utilization

Frame Rate (FPS)
3

GPU Memory (GB)
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o0 50
Junction Temperature Power Consumption

BD == e e e e e ey
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Temperature (°C)

Power (W)
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Figure 3. Real-time Performance Dashboard.
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Multi-panel dashboard displays performance metrics during 60-minute testing. Four
synchronized time-series plots in a 2x2 grid with a shared time axis (0-60 minutes). Top-
left: frame rate (0-35 FPS) showing MobileNet-SSD stable at 28.7 FPS with shaded
confidence intervals. Top-right: GPU memory utilization (0-32GB) tracking operational
footprint stabilizing at 2.9GB after initialization. Bottom-left: junction temperature (20-
90°C) depicting warmup curve plateauing at 68°C. Bottom-right: power consumption (0-
50W) with fluctuations corresponding to load variations. Color scheme: blue for primary
metrics, orange for smoothed averages, red dashed lines for critical thresholds (80°C
thermal, 32GB memory). Discrete event markers indicate scenario transitions (highway,
urban, emergency) along the timeline. Professional styling with grid lines and clear axis
labels.

4.3.2. Pareto-Optimal Analysis and Sensor Selection Recommendations

The Pareto-optimal frontier identifies dominant sensor-algorithm combinations
maximizing performance across objectives. Optimization considers detection accuracy
(mAP), computational efficiency (FPS), cost (sensor + compute), and range capability.
Non-dominated solutions emerge. Reference 64-channel with Sparse ConvNet achieves
maximum accuracy (77.1% mAP) at a premium cost ($82,000); mid-cost 32-channel with
EfficientDet-DO provides a balanced solution (73.2% mAP, $12,000); low-cost 16-channel
with MobileNet-SSD delivers a budget option (68.4% mAP, $2,500).

Cost-effectiveness calculations reveal a non-linear investment-capability relationship.
Reference configuration achieves 0.94 (mAP x FPS) per $1,000. Mid-cost substantially
improves efficiency to 4.97 per $1,000, representing 5.3x better value despite a 5.2
percentage point accuracy reduction. Low-cost reaches peak efficiency of 7.85 per $1,000,
though absolute performance compromises limit applicability. Analysis demonstrates an
inflection point around $10,000-15,000 sensor budget, where marginal accuracy gains
require exponentially increasing investment.

Application-specific recommendations guide selection based on operational
requirements. Dedicated freight corridors with limited access justify a low-cost 16-channel
configuration providing adequate 65-meter detection range. Mixed traffic environments,
including vulnerable road users, necessitate mid-cost 32-channel systems delivering an
85-meter range. Complex urban deployment or adverse weather operations require
reference-grade 64-channel sensors maintaining performance under -challenging
conditions. Cost differential ranges 3.3-32.8%, emphasizing the importance of matching
capability to mission requirements (Table 6, Table 7).

Table 6. Pareto-Optimal Combinations.

Sensor
Rank Configuration Algorithm mAP  FPS Cost Efficiency
($1k)
1 16-ch + Mono MobileNet-SSD  68.4%  28.7  $2,500 7.85
2 32-ch + Stereo EfficientDet-DO  73.2% 243  $12,000 4.97
3 64-ch + Multi Sparse ConvNet  77.1%  35.6 $82,000 0.94
Table 7. Application-Specific Recommendations.
Sensor
Scenario Config Justification Cost
($1k)
Freight .
. 16-ch + Mono 65m range, controlled environment $2-4K
corridors
Mixed highway 32-ch + Stereo Robust detection, 85m range $10-15K
Complex urban  64-ch + Multi Maximum performance, adverse $75-100K

weather
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5. Conclusion and Future Work
5.1. Summary of Findings

This research establishes quantitative relationships between sensor cost, algorithm
efficiency, and perception performance for freight transportation. Experimental
evaluation demonstrates mid-cost 32-channel LiDAR configurations achieve 93% of
reference accuracy while reducing expenditure by 85%. Low-cost 16-channel systems
maintain 83% relative performance at 97% cost reduction, enabling previously infeasible
commercial deployment scenarios.

Algorithm comparison reveals architecture-specific strengths. MobileNet-SSD excels
on sparse data, achieving 68.4% mAP on a 16-channel configuration. EfficientDet-D0
offers an optimal balance for mid-tier sensors, achieving 73.2% mAP and superior energy
efficiency. Sparse ConvNet demonstrates peak performance on dense point clouds but
limited adaptability to extreme sparsity. Hardware deployment validation confirms real-
time feasibility with sustained 28.7 FPS and stable thermal characteristics.

Pareto-optimal analysis identifies a cost-effectiveness inflection point near $12,000
sensor budget, where marginal improvements require exponentially increasing
investment. A mid-cost configuration achieves a 5.3x better value proposition,
representing a commercially viable solution for freight logistics deployment.

5.2. Practical Implications

Research findings inform commercial deployment strategies for autonomous freight
operators. Fleet managers can reference cost-performance curves to select sensor
configurations that align with operational requirements and budget constraints.
Dedicated freight corridors represent near-term opportunities leveraging low-cost 16-
channel configurations. The $2,500 sensor package reduces per-vehicle investment below
$15,000, enabling a positive return within 18-24 months based on driver cost savings.

Mixed traffic highway scenarios require increased capability. Mid-cost 32-channel
configurations offer robust detection over an 85-meter range, which is sufficient for
highway speeds of up to 110 km/h, with a 2.5-second reaction buffer. The $12,000
investment remains viable, particularly when amortized over a 5-year operational lifetime.

Edge computing deployment demonstrates technical readiness for commercial
rollout. Jetson AGX Orin provides 275 TOPS computational capacity within a 30W
envelope, enabling integration into existing vehicle systems. Lightweight
implementations maintain real-time performance with margins accommodating future
expansions. Over-the-air update capabilities enable continuous improvement, leveraging
fleet operational data.

5.3. Future Research Directions

Advanced sensor fusion incorporating uncertainty quantification represents a
promising approach for enhancing the reliability of low-cost systems. Bayesian deep
learning approaches estimate prediction confidence, enabling graceful degradation when
sensor quality decreases. Probabilistic fusion frameworks that weight modality
contributions based on estimated uncertainty provide robustness against sensor-specific
failure modes.

Adaptive inference mechanisms dynamically adjusting computational allocation
based on scene complexity offer improved efficiency potential. Neural architecture search,
which discovers hardware-specific optimized topologies, can extract maximum
performance from embedded platforms. Dynamic network pruning, which selectively
activates subnetworks, enables variable accuracy-latency trade-offs that match
instantaneous requirements.

Robustness enhancement under adverse weather addresses critical deployment
barriers for all-weather operation. Sensor fusion strategies that adaptively reweight
modality contributions as environmental conditions degrade show effectiveness.
Synthetic data generation through physics-based rendering enables training on rare
scenarios, including heavy precipitation and dense fog. Domain adaptation techniques,
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transferring knowledge from clear-weather training, reduce annotation requirements for
challenging conditions.

Extension to rural transportation and public transit applications expands
autonomous technology benefits beyond freight logistics. Rural environments present
unique challenges, including unpaved roads and sparse infrastructure. Low-cost
configurations prove particularly relevant given budget constraints. Public transit
benefits from fixed routes, enabling high-definition mapping and infrastructure-based
perception augmentation.
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