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Advanced Certificate in Autonomous Vehicle Data Strategies

Data Acquisition for Autonomous Vehicles

Autonomous vehicles rely on a continuous stream of data captured from a diverse set of sensors, each
contributing unique information about the surrounding environment. Understanding the terminology used
in data acquisition is essential for anyone working in autonomous vehicle (AV) development, especially
within the scope of the Advanced Certificate in Autonomous Vehicle Data Strategies. This document
presents a comprehensive glossary of key terms, organized thematically to aid memory retention and
practical application. Examples are interwoven to illustrate how each concept appears in real-world AV
projects, and challenges are highlighted to prepare learners for the complexities they will encounter during
system integration and testing.

Sensor Suite encompasses all hardware devices mounted on the vehicle that generate raw measurements.
Typical components include LiDAR, Radar, cameras, Inertial Measurement Units (IMUs), and Global
Navigation Satellite System (GNSS) receivers. The selection and placement of sensors determine the fidelity
of the data pipeline, influencing downstream perception and decision-making modules. For instance, a
city-driving platform may prioritize high-resolution cameras for lane detection while relying on mid-range
radar to track moving objects through adverse weather.

LiDAR (Light Detection and Ranging) emits laser pulses and measures the time-of-flight to calculate
distances, producing a three-dimensional point cloud. A typical 64-beam LiDAR generates up to 2.2 Million
points per second, enabling precise mapping of static infrastructure and dynamic obstacles. In practice,
engineers often use point cloud data to train object-detection networks that classify pedestrians, cyclists,
and other vehicles. A notable challenge is the high data volume; a single minute of LIDAR operation can
exceed 10GB, demanding efficient storage and compression strategies.

Radar (Radio Detection and Ranging) transmits radio frequency waves and interprets reflected signals to
estimate range, velocity, and angle of objects. Automotive radars operate primarily in the 77 GHz band and
excel at detecting objects at long distances (up to 200 m) and through occlusions such as fog or dust. Radar
returns are typically represented as range-Doppler maps, which can be visualized as heatmaps indicating
object speed. A practical use case involves fusing radar velocity data with camera-based object classification
to improve tracking robustness during high-speed highway maneuvers.

Camera systems capture visual information in the form of pixel arrays. Monocular, stereo, and
omnidirectional (fisheye) cameras are common configurations. Stereo pairs enable depth estimation by
triangulating corresponding features across the two images, effectively providing a dense depth map that
complements sparse LiDAR points. For example, a lane-keeping algorithm might rely on a forward-facing
monocular camera to detect lane markings, while a surrounding fisheye camera supplies a 360° view for
obstacle avoidance. Camera data is highly sensitive to lighting conditions, making illumination
normalization a frequent preprocessing step.

Inertial Measurement Unit (IMU) combines accelerometers and gyroscopes to measure linear acceleration
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and angular velocity. The IMU supplies high-frequency (200 Hz or higher) motion cues that are critical for
dead-reckoning when GNSS signals are temporarily unavailable, such as in tunnels. In sensor-fusion
pipelines, IMU data is often integrated with GNSS using an Extended Kalman Filter (EKF) to produce a
smooth vehicle pose estimate. A challenge arises from sensor bias and drift; regular calibration and
bias-estimation algorithms are required to maintain accuracy over long trips.

GNSS Receiver obtains positioning data from satellite constellations (GPS, GLONASS, Galileo, BeiDou). Raw
GNSS output includes latitude, longitude, altitude, and a timestamp. To achieve centimeter-level accuracy,
many AV platforms employ Real-Time Kinematic (RTK) corrections, which require a base station transmitting
differential corrections to the vehicle. In urban canyons, multipath reflections degrade GNSS precision,
prompting the use of sensor fusion with LiDAR and IMU to correct pose estimates.

CAN Bus (Controller Area Network) is the primary vehicle-internal communication protocol, enabling
electronic control units (ECUs) to exchange messages such as steering angle, throttle position, and brake
pressure. Data acquisition systems tap into the CAN bus to record vehicle dynamics synchronously with
external sensor streams. A practical example is logging steering wheel angle alongside LiDAR point clouds
to train a steering-control model. Challenges include message prioritization and limited bandwidth;
high-frequency data may need to be sampled or aggregated to avoid bus saturation.

Data Logger refers to the hardware and software components responsible for capturing, timestamping, and
storing sensor outputs. Modern data loggers support multiple high-speed interfaces (e.G., Ethernet, PCle,
USB 3.0) And can write directly to solid-state drives (SSDs) or NVMe arrays. A typical logger may be
configured to record LiDAR at 10Hz, radar at 20 Hz, cameras at 30 fps, and CAN messages at 100 Hz.
Ensuring precise time alignment across all streams is critical; any drift can corrupt the temporal relationship
needed for sensor fusion.

Timestamp is a precise marker indicating when a particular sample was captured. High-resolution
timestamps (nanosecond granularity) enable accurate synchronization of heterogeneous data sources. In
practice, timestamps are often generated by a central clock (e.G., A GPS-disciplined oscillator) and
distributed via Precision Time Protocol (PTP) to each sensor. A common challenge is clock drift between
devices that do not share a common time base, which necessitates post-processing alignment algorithms
such as linear interpolation or dynamic time warping.

Synchronization denotes the process of aligning data from multiple sensors so that each sample
corresponds to the same real-world instant. Two main approaches exist: Hardware-level sync (using trigger
signals or shared clocks) and software-level sync (using timestamps and interpolation). For example, a
camera and LiDAR may be hardware-synced by sending a trigger pulse from the LiDAR to the camera,
guaranteeing that each image is captured exactly when a LiDAR sweep begins. When hardware sync is
infeasible, engineers resort to software techniques that estimate the temporal offset and adjust the streams
accordingly. Synchronization errors can manifest as ghost objects or misaligned trajectories in perception
outputs.

Bandwidth describes the maximum data rate that a communication channel can sustain. High-resolution
sensors generate massive data streams; a 4-K camera at 60 fps produces roughly 12 Gbps, while a 64-beam
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LiDAR can require 8 Gbps. Managing bandwidth involves selecting appropriate transmission media (e.G,,
Ethernet, fiber optic) and employing compression or down-sampling. In field trials, limited onboard
bandwidth often forces developers to record raw data to local storage and transmit only processed
summaries (e.G., Object lists) to the cloud for real-time monitoring.

Compression reduces the size of sensor data while preserving essential information. Lossless compression
algorithms (e.G., LZ4, Zstandard) are preferred for LiDAR and radar to maintain measurement integrity. For
visual data, lossy codecs such as H.264 Or H.265 Are widely used, balancing visual fidelity against storage
constraints. An example workflow compresses raw camera frames using H.265 Before archiving, then later
decompresses them for training convolutional neural networks (CNNs). A key challenge is ensuring that
compression artifacts do not introduce bias into model training; thorough validation of compressed versus
raw data is therefore mandatory.

Annotation (or labeling) is the process of assigning semantic information to sensor data, creating
ground-truth references for supervised learning. For LiDAR, annotators may draw 3-D bounding boxes
around objects, while for cameras, they may outline pixel-level masks. Annotation tools often support
multi-modal synchronization, allowing annotators to view LiDAR point clouds overlaid on camera images. A
practical scenario involves annotating a night-time dataset to improve pedestrian detection under low-light
conditions. Challenges include the high labor cost of 3-D labeling, inter-annotator variability, and the need
for quality control pipelines.

Ground Truth represents the most accurate representation of the environment available for a given dataset.
It can be obtained from high-precision sensors (e.G., Survey-grade LiDAR) or manually verified annotations.
Ground truth is essential for evaluating perception algorithms, calculating metrics such as precision, recall,
and mean average precision (mAP). For example, a vehicle's lane-keeping system may be benchmarked
against ground-truth lane markings derived from a high-definition map. Generating reliable ground truth is
challenging in dynamic scenes where objects move rapidly, requiring careful temporal alignment between
sensor streams.

Dataset is a curated collection of synchronized sensor recordings, annotations, and metadata used for
training and evaluating machine-learning models. Datasets are often split into training, validation, and test
subsets to assess model generalization. A well-known example is the Waymo Open Dataset, which includes
millions of LIDAR frames and corresponding camera images. When constructing a proprietary dataset,
engineers must consider diversity (weather, lighting, geography), class balance, and representation of edge
cases such as construction zones or unusual traffic participants.

Labeling Bias occurs when the annotated data does not accurately reflect the true distribution of real-world
scenarios. This can stem from over-representation of certain object classes (e.G., Cars) and
under-representation of others (e.G., Motorbikes). Bias may cause a model to perform poorly on rare but
critical events, such as detecting a child on a bicycle. Mitigation strategies involve systematic sampling,
targeted data collection in under-represented conditions, and the use of synthetic data augmentation to
enrich minority classes.

Data Fusion is the methodology of combining information from multiple sensors to produce a richer, more
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reliable perception of the environment. Fusion can occur at various levels: Raw (early) fusion merges sensor
measurements before any processing, feature-level fusion combines extracted features, and decision-level
(late) fusion merges independent predictions. An example of early fusion is stacking LiDAR point clouds
with camera pixel intensities to form a joint representation for a deep network. A challenge in fusion is
dealing with heterogeneous data rates and latencies; sophisticated buffering and interpolation mechanisms
are required to maintain temporal coherence.

Feature Extraction refers to the process of transforming raw sensor data into a set of descriptive variables
that a learning algorithm can consume. For LiDAR, common features include point density, surface normals,
and intensity histograms. For cameras, features may be edges, textures, or deep embeddings from
pretrained CNNs. Feature extraction reduces the dimensionality of the data, enabling faster training and
inference. However, aggressive feature reduction can discard subtle cues essential for detecting small or
partially occluded objects, necessitating careful trade-off analysis.

Voxel Grid is a three-dimensional discretization technique that partitions space into uniformly sized cubes
(voxels) and aggregates points within each voxel. This representation is widely used to downsample LiDAR
point clouds, reducing computational load while preserving structural information. For instance, a voxel size
of 0.1 M may reduce a 2-million-point cloud to a few hundred thousand voxels, suitable for real-time
occupancy-grid mapping. Selecting an appropriate voxel resolution is a challenge: Too coarse a grid loses
detail, while too fine a grid burdens processing resources.

Latency measures the time elapsed between a physical event (e.G., A pedestrian stepping onto the road)
and the moment the AV's perception system produces a usable output. Low latency is critical for
safety-critical decisions such as emergency braking. Typical end-to-end perception pipelines aim for
sub-100 ms latency. Sources of latency include sensor exposure time, data transfer delays, processing
queues, and algorithmic computation. Reducing latency often involves hardware acceleration (GPU, FPGA)
and pipeline optimization, but must be balanced against power consumption and thermal constraints.

Throughput denotes the volume of data processed per unit time. In the context of data acquisition,
throughput is constrained by sensor output rates, bus bandwidth, and storage write speeds. For
high-resolution LiDAR, achieving a throughput of >10GB/s may require multiple parallel SSDs and a RAID
configuration. System designers must profile each component to identify bottlenecks; for example, a
bottleneck at the USB 3.0 Interface could throttle camera frame rates despite the camera’s native
capabilities.

Edge Computing describes the execution of data-intensive algorithms on the vehicle itself rather than
transmitting raw data to a remote server. Edge processing reduces latency, preserves bandwidth, and
enhances privacy. A typical edge use case is running a lightweight object-detection model on a dedicated
automotive GPU to produce bounding boxes that are then logged alongside raw sensor data. Challenges
include limited compute resources, thermal management, and the need for robust fault tolerance in
safety-critical environments.

Cloud Storage serves as the long-term repository for large-scale AV datasets. Cloud platforms provide
scalable capacity, redundancy, and access control, enabling collaborative research across geographically
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distributed teams. Data is often uploaded in batches after field tests, using high-throughput network links
or portable storage devices when connectivity is unavailable. Security considerations, such as encryption at
rest and in transit, are essential to protect proprietary sensor data. A practical challenge is managing the
cost of storing petabytes of high-resolution LiDAR and video, which motivates selective archiving and tiered
storage policies.

Metadata comprises descriptive information about each recorded segment, including vehicle ID, route,
weather conditions, sensor configuration, and software version. Proper metadata facilitates dataset
indexing, search, and reproducibility. For example, a metadata field “rain_intensity” allows researchers to
filter recordings for wet-road training scenarios. Inconsistent or missing metadata can hinder data curation,
leading to wasted effort during model development. Automated metadata capture tools integrated with the
data logger can mitigate this risk.

Calibration is the procedure of determining and correcting systematic errors in sensor measurements.
Calibration types include extrinsic (relative pose between sensors), intrinsic (internal sensor parameters such
as camera focal length), and temporal (clock offsets). A common calibration workflow involves placing a
calibration target (e.G., A checkerboard) within the field of view of both LiDAR and cameras, then solving for
the transformation that aligns the point cloud with the image plane. Calibration drift over time, due to
mechanical vibrations or temperature changes, necessitates periodic recalibration or online self-calibration
methods.

Extrinsic Parameters define the rotation and translation that map coordinates from one sensor’s reference
frame to another’s. Accurate extrinsic parameters are vital for sensor fusion; an error of just a few
centimeters can cause a detected pedestrian to appear inside a vehicle's future trajectory, leading to false
alarms. Extrinsic calibration is often expressed as a 4x4 homogeneous transformation matrix. Automated
extrinsic calibration techniques use feature correspondences across modalities, such as aligning LiDAR
intensity edges with camera edges.

Intrinsic Parameters describe a sensor's internal geometry, such as focal length, principal point, and lens
distortion coefficients for cameras, or beam divergence and scan pattern for LiDAR. Intrinsic calibration
ensures that raw measurements are correctly mapped to metric space. For a camera, correcting radial
distortion is essential for accurate lane-line extraction. In LiDAR, intrinsic parameters affect the accuracy of
distance calculations, especially at long ranges where beam divergence can cause measurement spread.

Data Integrity refers to the assurance that recorded data has not been corrupted or altered unintentionally.
Techniques to verify integrity include checksums (e.G., MD5, SHA-256) computed on each file and stored
alongside the data. During data transfer, integrity checks can detect transmission errors, prompting
retransmission of affected files. In safety-critical AV pipelines, loss of data integrity could lead to mislabeling
or inaccurate model evaluation, underscoring the need for robust verification procedures.

Data Redundancy involves storing multiple copies of critical datasets to protect against hardware failure or
accidental deletion. Redundant Array of Independent Disks (RAID) configurations, cloud replication across
regions, and offline backups are common strategies. While redundancy increases storage cost, it is justified
by the high value of collected driving data, which often represents months of field testing. A challenge is

Read online: https://learnuni.com/guides/24270203/data-acquisition- LearnUNI - 15 Jul 2026
for-autonomous-vehicles



LearnUNI GUIDE

LEARNING SHOULD BE FREE

ensuring that all redundant copies remain synchronized, especially when incremental updates are applied.

Streaming describes the continuous flow of sensor data from acquisition devices to processing units, often
in real time. Streaming protocols such as Real-Time Transport Protocol (RTP) or UDP are employed for
low-latency transmission. In a test-track scenario, LiIDAR data may be streamed over Ethernet to an
on-board GPU for immediate obstacle detection, while a separate thread streams camera images to a
perception server for off-board analysis. Managing stream reliability, packet loss, and jitter is essential to
maintain consistent performance.

Batch Processing denotes the offline handling of recorded data in large groups, typically after a drive is
completed. Batch pipelines can perform computationally intensive tasks such as high-resolution map
generation, offline sensor calibration, and deep-learning model training. For example, a batch job may
ingest terabytes of raw LiDAR scans to produce a high-definition map used for localization. Since batch
processing is not time-critical, it can leverage distributed computing clusters to reduce overall runtime, but
it requires careful orchestration to avoid resource contention.

Map Generation is the creation of a digital representation of the environment, often combining LiDAR point
clouds, GNSS trajectories, and semantic annotations. High-definition (HD) maps include lane geometry,
traffic signs, and curb information, providing a prior for vehicle localization. The map generation pipeline
typically involves point-cloud registration, loop closure detection, and semantic labeling. A practical
challenge is handling dynamic elements (e.G., Parked cars) that may change between mapping runs, which
can degrade localization accuracy if not filtered out.

Localization is the process of determining the vehicle's pose (position and orientation) within a reference
map. Techniques include Monte Carlo Localization (MCL), graph-based SLAM, and visual-inertial odometry.
Accurate localization depends on high-quality sensor data and well-aligned timestamps. For instance, a
vehicle may use a combination of GNSS, IMU, and LiDAR scan-matching to achieve centimeter-level pose
estimates. Environmental changes such as construction or foliage growth introduce map-to-reality
mismatches, requiring adaptive localization strategies.

Simultaneous Localization and Mapping (SLAM) jointly estimates the vehicle's trajectory while building a
map of the environment. LiDAR-based SLAM algorithms like LOAM (LiDAR Odometry and Mapping) exploit
scan-to-scan correspondences to incrementally construct a point-cloud map. Camera-based SLAM methods
such as ORB-SLAM rely on visual features. Hybrid SLAM pipelines fuse LiDAR and visual cues to improve
robustness. SLAM systems must manage loop closure detection, pose graph optimization, and real-time
constraints, presenting significant algorithmic complexity.

Temporal Resolution indicates how often a sensor captures data over time. High temporal resolution (e.G.,
100Hz IMU) captures rapid dynamics, while lower resolution (e.G., 1Hz GNSS) provides coarse position
updates. Matching temporal resolutions across sensors is crucial for effective fusion; otherwise,
interpolation may introduce errors. In high-speed scenarios, a mismatch between a 30fps camera and a
10 Hz LiDAR can cause motion blur in the fused representation, necessitating motion compensation
techniques.
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Spatial Resolution defines the granularity of measurement in physical space. For LiDAR, spatial resolution is
determined by beam density and angular step size; finer resolution yields denser point clouds. For cameras,
spatial resolution corresponds to pixel count (e.G., 1920x1080). Higher spatial resolution improves object
detail but increases data volume and processing load. Engineers often balance resolution against
computational budget, opting for multi-scale strategies where a coarse resolution guides region-of-interest
selection for higher-resolution processing.

Dynamic Range describes the ratio between the largest and smallest measurable signal a sensor can
capture. Cameras with high dynamic range (HDR) can handle scenes with bright sunlight and deep shadows
simultaneously, reducing over-exposure and under-exposure artifacts. LIDAR dynamic range affects the
ability to detect low-reflectivity objects such as black tires or dark surfaces. Enhancing dynamic range may
involve hardware solutions (e.G., Larger aperture) or software techniques like tone mapping for images and
adaptive gain control for LiDAR.

Signal-to-Noise Ratio (SNR) quantifies the level of desired signal relative to background noise. Higher SNR
yields clearer measurements and more reliable detection. Radar systems often operate with high SNR in
clear weather but suffer degradation in heavy rain due to scattering. Improving SNR can be achieved
through sensor design (e.G., Higher-power lasers) or signal processing (e.G., Filtering, averaging). Low SNR
data may require denoising algorithms, but overly aggressive filtering can smooth away critical features.

Data Augmentation is the technique of artificially expanding a dataset by applying transformations to
existing samples. Common augmentations for camera images include rotation, scaling, brightness
adjustments, and Gaussian noise addition. For LiDAR point clouds, augmentations may involve random
point dropout, jittering, or applying simulated sensor noise. Augmentation helps mitigate overfitting and
improves model generalization to unseen conditions. However, unrealistic augmentations can introduce
distribution shift, so augmentation pipelines must be carefully validated.

Synthetic Data refers to artificially generated sensor data, often created through simulation environments
such as CARLA, AirSim, or NVIDIA Isaac. Synthetic datasets can provide perfect ground truth and enable the
creation of rare edge cases (e.G., Pedestrian crossing at night in heavy fog). They are valuable for
pre-training models before fine-tuning on real data. A challenge is the “reality gap,” where models trained
on synthetic data perform poorly on real-world inputs due to differences in sensor noise, texture fidelity, or
physics modeling. Domain adaptation techniques are employed to bridge this gap.

Domain Adaptation encompasses methods that adjust a model trained on one data distribution (source
domain) to perform well on another (target domain). Techniques include adversarial training, feature
alignment, and style transfer. For AV data, domain adaptation may involve aligning synthetic LiDAR intensity
distributions with those of real sensors, or adapting a camera model trained on sunny weather to rainy
conditions. Effective domain adaptation reduces the need for extensive manual labeling of target-domain
data, accelerating deployment.

Edge Cases denote rare or extreme driving situations that are under-represented in typical datasets but
critical for safety validation. Examples include sudden animal crossing, unexpected debris on the road, or
atypical vehicle behavior. Capturing edge cases requires targeted data collection campaigns, often guided
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by risk analysis and scenario-based testing frameworks. Because edge cases are scarce, synthetic data
generation and scenario simulation become important tools for augmenting real-world recordings.

Scenario-Based Testing involves defining specific driving situations (scenarios) and evaluating the AV's
response. Scenarios are described using parameters such as road geometry, traffic participants, weather,
and time of day. Data acquisition for scenario-based testing may involve replaying recorded sensor streams
in a simulation environment, allowing repeatable evaluation. A practical example is a “cut-in" scenario where
a vehicle abruptly changes lanes in front of the AV; the system’s ability to detect and react is measured
against predefined safety metrics. Designing comprehensive scenario libraries is challenging due to the
combinatorial explosion of possible parameter combinations.

Real-Time Operating System (RTOS) provides deterministic scheduling and low-latency task execution
required for on-board data acquisition and processing. An RTOS ensures that high-priority sensor drivers
(e.G., LiDAR) receive CPU time within strict deadlines, preventing missed frames. Popular automotive RTOS
platforms include AUTOSAR Adaptive and QNX. Implementing data acquisition on an RTOS demands careful
resource allocation and priority assignment, as well as thorough testing to verify timing guarantees under
varying load conditions.

Middleware is the software layer that abstracts communication between sensors, processing modules, and
actuators. Middleware frameworks such as ROS 2 (Robot Operating System) or DDS (Data Distribution
Service) provide standardized message definitions, discovery, and quality-of-service (QoS) settings.
Middleware simplifies integration of heterogeneous components but introduces overhead; configuring
appropriate QoS policies (e.G., Reliability, durability) is essential to meet latency and bandwidth
requirements. In safety-critical AV stacks, middleware must be certified or isolated to prevent fault
propagation.

Quality-of-Service (QoS) parameters dictate how messages are delivered across middleware, influencing
reliability, latency, and resource usage. For high-frequency sensor streams, a “best-effort” QoS may be
acceptable, allowing occasional packet loss to preserve low latency. For critical control commands, a
“reliable” QoS ensures delivery at the cost of higher latency. Selecting appropriate QoS settings requires
analysis of each data flow's importance and tolerance for delay or loss.

Data Pipeline encompasses the sequence of stages through which raw sensor data passes, from acquisition
to storage, preprocessing, annotation, and model training. A well-designed pipeline includes modular
components that can be independently scaled and updated. For example, a pipeline may consist of a
capture node (data logger), a preprocessing node (synchronization and compression), a storage node
(cloud uploader), and an annotation node (labeling interface). Pipeline bottlenecks often arise at the
interface between stages, such as insufficient network bandwidth between the preprocessing node and the
storage node, prompting the need for load-balancing strategies.

Parallelism refers to executing multiple data-processing tasks concurrently to improve throughput. In AV
data acquisition, parallelism can be achieved by distributing sensor streams across multiple CPU cores or
GPUs. For instance, LiDAR point-cloud processing may run on a dedicated GPU while camera image
preprocessing runs on a separate CPU thread. Managing parallelism entails handling thread safety, avoiding
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race conditions, and synchronizing shared resources like timestamps. Ineffective parallelism can lead to
contention, degrading overall system performance.

Time-Series Database (TSDB) is a specialized storage system optimized for handling sequential data indexed
by time. TSDBs are useful for logging high-frequency sensor measurements such as IMU or CAN data,
where efficient range queries over time intervals are required. Examples include InfluxDB and TimescaleDB.
Using a TSDB enables rapid retrieval of sensor histories for debugging or post-mortem analysis. However,
TSDBs may not be ideal for storing large binary blobs like raw LiDAR packets, which are better suited for
object storage solutions.

Object Storage provides a flat namespace for storing binary data (blobs), commonly accessed via RESTful
APIs. Cloud providers offer services like Amazon S3, Google Cloud Storage, and Azure Blob Storage. Object
storage is the de-facto standard for archiving massive AV datasets, allowing scalable retrieval and lifecycle
management (e.G., Automatic tiering to cold storage). A practical workflow involves uploading compressed
LiDAR files to an S3 bucket, then generating signed URLs for team members to download specific segments.
Challenges include managing access permissions, ensuring data durability, and controlling egress costs.

Data Governance encompasses policies, procedures, and standards that dictate how data is managed
throughout its lifecycle. Governance includes data ownership, privacy compliance (e.G., GDPR, CCPA),
retention schedules, and audit trails. In the AV context, governance ensures that personally identifiable
information (PIl) captured by cameras is handled appropriately, often by applying automatic blurring or
anonymization before storage. A robust governance framework reduces legal risk and supports
reproducibility by documenting data provenance.

Privacy Preservation techniques aim to protect the identity of individuals captured in sensor data. Methods
include pixelation, face detection followed by masking, and point-cloud anonymization (e.G., Removing
points that correspond to human silhouettes). For LiDAR, privacy preservation may involve down-sampling
near-field points that could reveal fine details about pedestrians. Implementing privacy preservation at the
data-capture stage reduces the need for post-processing and helps meet regulatory requirements.
However, excessive anonymization can degrade data utility for tasks such as pedestrian behavior analysis.

Data Provenance tracks the origin, transformation, and lineage of each data element. Provenance metadata
records include sensor ID, acquisition timestamp, processing steps applied, and software version.
Provenance enables reproducibility, as researchers can trace back from a model’s training sample to the
exact raw sensor recording. Tools such as DVC (Data Version Control) or custom metadata databases are
used to capture provenance. Maintaining accurate provenance becomes challenging as datasets evolve,
especially when multiple teams perform independent preprocessing.

Version Control is the practice of managing changes to code, configuration files, and sometimes data assets.
For AV data strategies, version control is applied to annotation schemas, preprocessing scripts, and model
definitions. Systems like Git provide branching and merging capabilities, allowing experimental pipelines to
coexist without interfering with production workflows. Data versioning is more complex due to file size;
solutions often combine Git for code with external storage references for large binary assets. Consistent
version control reduces the risk of “configuration drift” that can lead to inconsistent model performance.

Read online: https://learnuni.com/guides/24270203/data-acquisition- LearnUNI - 15 Jul 2026
for-autonomous-vehicles



LearnUNI GUIDE

LEARNING SHOULD BE FREE

Continuous Integration (Cl) automates the building, testing, and validation of software components
whenever changes are committed. Extending Cl to data pipelines involves running automated checks on
newly acquired datasets, such as verifying timestamp alignment, checking for missing frames, and ensuring
that annotation files adhere to schema definitions. Cl pipelines can trigger alerts if data quality falls below
thresholds, enabling early detection of sensor malfunctions. Implementing Cl for data acquisition demands
scalable compute resources and robust test suites that cover a wide range of sensor modalities.

Data Quality Metrics quantify the suitability of recorded data for downstream tasks. Common metrics
include completeness (percentage of expected frames captured), consistency (absence of time-drift),
signal-to-noise ratio, and annotation accuracy (e.G., Inter-annotator agreement measured by Cohen’s
kappa). Monitoring these metrics over time helps identify degrading sensor performance or labeling
bottlenecks. For example, a sudden drop in camera completeness may indicate a faulty cable, prompting
immediate maintenance. Establishing baseline thresholds for each metric is essential for automated quality
assurance.

Fault Detection mechanisms monitor sensor health and data integrity in real time. Techniques include
checking for abnormal value ranges, sudden spikes in data rate, or loss of synchronization signals. When a
fault is detected, the system may switch to a safe mode, discard corrupted frames, or trigger redundancy
usage (e.G., Relying more heavily on radar when LiDAR fails). Implementing fault detection requires defining
failure modes for each sensor type and integrating diagnostic callbacks into the data-acquisition software.

Redundancy Management involves orchestrating multiple sensors that provide overlapping information to
increase reliability. Redundant configurations may include dual LiDAR units covering the same field of view,
or a combination of radar and camera for object detection. The data-fusion layer must resolve conflicts,
such as differing distance estimates for the same object, often using confidence weighting based on sensor
performance models. Redundancy improves robustness but adds cost, weight, and complexity to the vehicle
architecture.

Latency Budget is a predefined allocation of allowable delay for each stage of the perception pipeline. For
example, a latency budget might allocate 10 ms for sensor capture, 20 ms for data transfer, 30 ms for
preprocessing, and 40 ms for inference, totaling 100 ms end-to-end. Designing a latency budget requires
profiling each component and identifying optimization opportunities. Exceeding the budget can
compromise safety, making rigorous testing and verification a mandatory part of the development cycle.

Throughput Optimization strategies aim to increase the amount of data processed per unit time without
sacrificing accuracy. Techniques include batch inference (processing multiple frames simultaneously), model
quantization (reducing numerical precision), and pruning (removing redundant network connections). In the
context of data acquisition, throughput optimization may also involve selective logging, where only frames
containing relevant events (e.G., Near-misses) are stored at full resolution, while routine cruising data is
down-sampled. Balancing throughput with data richness requires careful policy design.

Scalability describes the ability of the data-acquisition system to handle increasing numbers of vehicles,
sensors, or data volume. Cloud-native architectures, containerization (e.G., Docker, Kubernetes), and
microservices facilitate horizontal scaling by adding more compute nodes as needed. A scalable system can
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ingest data from a fleet of hundreds of AVs simultaneously, supporting large-scale model training.
Architectural decisions made early—such as choosing a stateless logging service—have long-term impacts
on scalability and operational cost.

Edge-to-Cloud Pipeline outlines the flow of data from on-board acquisition to remote processing and
storage. Typically, raw sensor data is compressed and transmitted over a cellular network to the cloud,
where it is stored, indexed, and made available for offline analysis. Intermediate steps may include edge
inference (e.G., Generating object detections) that reduces bandwidth usage by sending only high-level
results. Designing an efficient edge-to-cloud pipeline involves trade-offs between latency, bandwidth cost,
and data fidelity.

Network Topology defines the arrangement of communication links among sensors, compute units, and
storage devices. Common topologies include star (each sensor connects directly to a central logger),
daisy-chain (sensors pass data along a serial link), and hierarchical (multiple sub-loggers aggregate data
before forwarding). Topology selection influences latency, fault tolerance, and cabling complexity. For
instance, a star topology simplifies synchronization but may overwhelm the central logger's bandwidth,
whereas a hierarchical design can distribute load but adds synchronization challenges between tiers.

Power Management is critical for on-board data acquisition, especially for electric vehicles where energy
budget is limited. Sensors consume varying amounts of power; LiDAR units may draw several watts, while
cameras consume less than a watt. Power-aware strategies include duty-cycling sensors (turning them off
when not needed), dynamic voltage scaling for processors, and leveraging low-power modes of storage
devices. Monitoring power consumption in real time helps avoid unexpected depletion that could
compromise a test drive.

Thermal Management ensures that sensors and compute hardware operate within safe temperature ranges.
High-performance GPUs used for real-time perception generate significant heat, requiring active cooling
(fans, liquid loops). Overheating can cause sensor drift or hardware throttling, degrading data quality.
Thermal design must consider ambient conditions (e.G., Hot summer climates) and vehicle airflow patterns.
Embedding temperature sensors and implementing thermal throttling policies safeguard system reliability.

Regulatory Compliance encompasses adherence to standards and laws governing vehicle data handling. In
the United States, the Federal Automated Vehicles Policy outlines requirements for data recording and
retention during testing. In Europe, the UN Regulation No. 79 Specifies data-logging obligations for
automated driving systems. Compliance involves maintaining accurate logs, providing access to authorities
upon request, and ensuring that data is stored securely for the mandated retention period (often several
years). Failure to comply can result in fines or suspension of testing permits.

Ethical Considerations pertain to the responsible collection, use, and sharing of sensor data. Issues include
privacy of individuals captured by cameras, bias in datasets that could affect model fairness, and the
potential misuse of recorded data (e.G., For surveillance). Ethical guidelines encourage transparent
data-collection practices, informed consent where feasible, and the implementation of bias-mitigation
techniques during model development. Embedding ethical review checkpoints into the data-acquisition
workflow promotes responsible innovation.
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Data Lifecycle describes the stages a data asset passes through: Creation (capture), processing
(synchronization, compression), storage (local and cloud), utilization (training, analysis), archiving, and
eventual deletion. Managing the lifecycle includes defining retention policies, automating transitions
between storage tiers, and ensuring that obsolete data is securely erased. A well-managed lifecycle reduces
storage costs, improves data discoverability, and mitigates security risks associated with stale data.

Security Threats to data acquisition systems include unauthorized access, tampering, and ransomware
attacks.
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