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The next-generation autonomous vehicles (AVs), embedded with frequent real-time
decision-making, will rely heavily on massive multisource and multimodal data.

In real-world settings, the data quality (DQ) of different sources and modalities
varies due to unexpected environmental factors or sensor issues. However, both
researchers and practitioners in the AV field overwhelmingly concentrate on
models/algorithms while undervaluing the DQ. To improve an AV'’s functionality,
efficiency, and trustworthiness, this article proposes a novel task-centric and data
quality vase framework, which consists of five layers: data, DQ, task, application,
and goal. The proposed framework aims to map DQ with task requirements

and performance goals. This paper opens up a range of critical but unexplored
challenges at the intersection of DQ, task orchestration, and performance-oriented
system development in AVs. It is expected to guide the AV community toward
building more adaptive, explainable, and resilient AVs that respond intelligently to
dynamic environments and heterogeneous data streams.

Tesla, and Mobileye demonstrates the transfor-

mative potential of autonomous driving (AD) to
improve transportation safety, reduce traffic conges-
tion, and enhance mobility for all." However, the wide-
spread adoption of autonomous vehicles (AVs) still
faces significant challenges, particularly in ensuring
real-time, accurate, and reliable decision-making in a
dynamic environment that involves long-tail risks and
high uncertainty. These challenges are compounded
by constrained computational and storage resources
in AVs.

AVs make intelligent decisions using machine
learning (ML) models trained on multisource, multi-
modal data collected from diverse sensors. The effi-
ciency and effectiveness of AV decisions depend not
only on the capacity of ML models but also critically on
the quality of data.? While significant progress has been
made in model development and benchmark-driven
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evaluation, current AV frameworks often overlook the
critical role of data quality (DQ) in determining sys-
tem performance, such as accuracy, robustness, and
efficiency.

Existing data quality frameworks® are mostly de-
signed for traditional, homogeneous datasets and fall
short in addressing the following complex demands
of AV systems. First, AVs must handle multisource,
multimodal data streams while simultaneously sup-
porting a wide range of applications, each of which
may impose different quality requirements on shared
or unique data streams. Second, cost constraints re-
sources in AVs, making it essential to carefully balance
data quality with task performance. Third, AVs oper-
ate under stringent real-time constraints, where even
a correct decision is ineffective if it arrives too late.
Thus, a mechanism to evaluate the data quality and
select an appropriate subset of data that satisfies all
the previous requirements is vital.

While prior research has explored dataset char-
acterization,* curation,® generation,® and testing,’ to
the best of our knowledge, there remains a lack of a
unified framework that systematically addresses data
quality in the AV context. To bridge this gap, we take a
first step to propose a task-centric, multisource, and
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multimodal data quality framework tailored for AVs.
This five-layer framework uses decision-making tasks
as the central link between data quality metrics and
AV performance objectives, offering a novel perspec-
tive for evaluating and improving data quality in re-
al-time, safety-critical scenarios.

The contributions of this article are twofold. We
first propose a five-layer vase framework with tightly
coupled layers—data, data quality, task, application,
and goal. Our system treats driving tasks as first-class
entities, orchestrates data pipelines in real-time, and
evaluates decisions through multidimensional data
quality indicators. We not only highlight these criti-
cal yet overlooked factors but also advocate for rec-
ognizing the relationships among them for iterative
improvement. Building on this vision, we put forward
open discussions and future directions. We outline a
few critical research questions and directions under
the multilayer task-centric and data quality frame-
work. These open research questions will inspire and
guide the community to explore more efficient and re-
liable techniques for AVs.

Traditional frameworks present the following research
gaps:

1) They mainly emphasize model-centric architec-
tural designs and overlook data quality despite
its significance in assuring the performance, ef-
ficiency, and reliability of AVs.

2) While the quality of multisource and multimodal
data in AVs varies under dynamic environments,
existing DQ frameworks are not well-suited to
handle these complexities, highlighting the need
for a novel DQ framework tailored to the unique
challenges of AV systems.

3) Current strategies not only overlook DQ evalua-
tion but also treat all the AV tasks with similar DQ
requirements. Consequently, the lack of DQ eval-
uation and task-centric awareness prevents AV
systems from feeding quality diagnostics back
into the loop and iterating on the performance.

Motivated by addressing the aforementioned gaps
and inspired by the five-layer architecture of the Inter-
net of Things,® we propose a multilayer task-centric
and data quality vase framework in Figure 1. The vase
framework is a five-layer architecture: data, data qual-
ity, task, application, and goal. It emphasizes that mul-
tisource and multimodal data quality must be tailored
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to the specific goals of each task and its broader appli-
cation. This framework can guide task-centric data se-
lection and quality evaluation to improve robustness,
efficiency, and reliability for AD.

Five-Layer Framework Breakdown

Data Layer

Data in AVs presents two main features: multisource
and multimodal, as shown in Figure 2. At the mul-
tisource level, AVs gather information from various
sensors, such as lidar, cameras, and radar, as well as
other feeds like information collected from connect-
ed autonomous vehicles (CAVs), user behavior data,
weather reports, and infrastructure updates. Since
one AV can be equipped with more than one camera,
the front, back, and side cameras are considered dif-
ferent data sources. This blend of inputs can validate
data and reduce the impact of errors or noises from
individual sensors, which enables a more comprehen-
sive view of the driving environment and a more accu-
rate and robust performance.

Modalities are the corresponding data types gen-
erated by the sources and widely discussed in data
fusion techniques. Multimodal in AVs refers to the di-
verse forms and types in which data are captured and
represented, including raw sensor readings, images,
textual data, video, and audio.

Combining multisource and multimodal data can
enhance the performance and reliability in AVs com-
pared to a single data source or modality. Zhang et al.
improved vehicle localization by integrating vehicle
headlights and taillights detected from multiple cam-
eras.” Sanchez et al. found that single-source lidar de-
tectors generalize poorly when AVs enter unfamiliar
zones, and multisource lidar training can improve do-
main generalization by over 10% and source-to-source
transfer accuracy by 5.3% over any individual dataset.”®
Sensor complementarity is another reason why multi-
source and multimodal data are essential. Under night,
fog, rain, or snow, camera performance degrades, and
fusing radar or lidar restores robustness, increasing
detection score by up to 29%." In dense urban sce-
narios, cameras often miss vehicles occluded by large
objects, while lidar and radar reveal them.? When lidar
points are sparse for tiny objects, a camera could help
recover them by visual cues.

Data Quality Layer

While multisource and multimodal data enhance
AV perception and decision-making, they also in-
troduce data quality challenges with varying accu-
racy and noise. Conflicting information from various
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Relationship Layer

Quality-aware and Task-centric Model Example

( { Multisource data refers to information collected |
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FIGURE 1. The multilayer task-centric and data quality vase framework. It integrates five layers, with corresponding examples,

explanations, and relationships.

sources and modalities could impact data con-
sistency and correctness. Fusing these data may
cause calibration incorrectness, redundant infor-
mation, and imbalanced issues. To address these, a
structured data quality layer can contribute to the
evaluation and improvement of data. The following
introduces key data quality dimensions designed
for multisource and multimodal data in AVs to em-
phasize the quality-aware focus of this framework.
Table 1 presents the main and common DQ dimen-
sions, which could be expanded or tailored based on
different scenarios.

Traditional DQ models are inadequate for evalu-
ating multisource and multimodal data in AVs, which
introduces unique challenges that necessitate a more
rigorous data quality evaluation framework. DQ di-
mensions of multisource and multimodal data in AVs
are similar but not identical. Both types require cor-
rectness, consistency, relevance, and timeliness to en-
sure reliable perception and decision-making. At the
same time, the definition of the same DQ dimension
may vary for multisource and multimodal data. For
example, in multimodal data, completeness refers to
capturing and integrating all necessary data from dif-
ferent sensors, whereas in multisource data, it empha-
sizes collecting data that covers the required spatial
areas and time intervals. Redundancy can arise from
duplicate detections by multiple sensors on the same
vehicle or from overlapping reports across AVs and in-
frastructure nodes. Managing redundancy effectively
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prevents unnecessary data processing while preserv-
ing critical information for robust task performance.
Redundant multimodal data occurs when multiple
sensors provide overlapping information, which can
be beneficial for fault tolerance and safety, but ineffi-
cient if excessive.

Task Layer

Data quality evaluation and improvement should fol-
low the principle of “fit for purpose.”'* There are two
reasons for the task-centric layer design:

1) The specific task requirements should guide the
selection of data quality dimensions. Each task
also involves various conditions, such as weath-
er, scenarios, and light, impacting its own set of
critical quality attributes.

2) In real-world scenarios, gathering perfect data to
meet all quality dimensions is challenging. There-
fore, it is essential to select the most critical di-
mensions that fit specific tasks and contexts in
AVs.

Targeted data quality improvements can direct-
ly enhance the performance of each module in the
closed-loop system. Tasks such as object detection,
segmentation, and tracking require investigation and
comparison of the detailed characteristics of the data-
set.? For instance, tasks that involve real-time decision
making, such as obstacle detection, may prioritize
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TABLE 1. Data quality dimensions, explanations, and their impacts in AV tasks.

DQ dimension Explanation

AV task

Impact

Completeness The extent to which all required data
elements are present for a task. For
labeling, it ensures all valid objects in

aframe are labeled.?

Object detection
and tracking

Missing annotations and bounding
boxes reduce recall and increase bias.

Consistency The extent to which information

Vehicle recognition

Cross-modal divergence can trigger a

before a deadline.

planning

provided by sensors and modalities is | and labeling high-fault flag in an information-fusion
noncontradictory. monitor.”?

Data remains noncontradictory over | Semantic The representation and labels for the
time without discrepancies due to perception same object viewed at different points
latency, environmental changes, or in time should be the same.
synchronization issues.

Correctness The extent of data values or labels Object detection Raindrops and snow on windshields or
reflects real-world entities, positions, | under adverse camera lenses impair visibility.
and attributes.? weather

Noise level The degree to which a sensor stream | Object detection High-ISO noise and motion blurin
is contaminated by random or for night-time urban | camera images inflate the false-negative
systematic distortions that obscure driving rate.
the true signal.

Redundancy The presence of overlapping Scene Consecutive lidar data are highly
information does not increase task understanding redundant due to the high sampling
performance.’ frequency and the massive surrounding

environment information besides the
objects of interest.

Relevance The degree to which the data Trajectory prediction | Irrelevant or weakly related inputs can
contributes useful information to the | and planning cause unsafe actions, such as reacting
current task. to distant objects first.

Timeliness Data is delivered and processed Prediction and path | If the trajectory prediction of localized

objects misses its deadline, the planner
may make outdated motion hypotheses,
leading to unsafe conditions.”

timeliness and correctness over others. In contrast,
tasks like post-event analysis might place higher value
on data completeness. From the task-centric perspec-
tive, the cross-modal redundancy requirements may
vary for different performance goals. For driving on a
highway, the buildings as background are redundant
data; For localizing and parking, the building data are
not as redundant because this task requires more de-
tails on the buildings.

Application Layer

Applications are organically aggregated tasks. One
task can be mapped to multiple applications, and one
application can involve many goals. For example, ob-
ject detection is a fundamental task across most AD
applications. Recognizing the overall context and sub-
tasks can help refine data quality requirements and
ensure performance.

There are different categorizations of autonomous
driving applications. A widely adopted application
pipeline is a serial design of perception, prediction,
planning, and controlling. Perception is the detection
and interpretation of objects and their surroundings
using sensors. Prediction anticipates future move-
ments of detected objects based on current data.
Planning refers to deciding an optimal trajectory by
the environmental context and the predicted behavior
of objects. Controlling executes these planned vehicle
operations, such as steering, acceleration, and brak-
ing. There are also end-to-end approaches integrating
the pipelines.

Goal Layer

The goal layer is the highest level within the vase
framework, providing the overall objectives that appli-
cations and tasks aim to achieve, including efficiency,
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FIGURE 2. lllustration of multisource and multimodal data in au

latency, and accuracy. Without this layer, data quality
and task optimizations could not get feedback and
improve iteratively. Taking pedestrian prediction as an
example, the Goal layer defines high-level performanc-
es as sufficient accuracy and low response latency.
Flagged sensor data informs quality issues in data
curation and labeling, and engineers could refine the
model to restore speed or precision.

High efficiency can enhance the driving experience
and reduce operational costs and environmental im-
pact in AVs. Latency evaluates if the model's response
time and processing speed satisfy the real-time de-
mands of autonomous driving across data collection,
computation, consumption, and communication. High
latency can compromise real-time decision-making
capabilities, resulting in delayed reactions to dynamic
road conditions and potentially increasing safety risks.
High accuracy typically demands high computational
power, leading to increased energy consumption and
reduced efficiency.

Relationships Between Layers

The relationships between layers are important for
the following reasons. First, there are tradeoffs in AV
design. Higher-resolution sensors can capture small-
er or distant objects more reliably, but also increase
data processing costs. In addition, enhancing one DQ
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tonomous driving.

dimension may come at the cost of another. These
tradeoffs must be carefully managed to align with
overall goals. Second, feedback loops in these layers
provide better traceability and interpretability, answer-
ing questions such as “For object detection at night,
what are the DQ requirements to achieve an 80% pre-
cision?” Finally, a relational view supports modular it-
eration and deployment. New sensors, learning algo-
rithms, or application modes can be integrated quickly
when their relationships in a task are clear. In summa-
ry, analyzing the interlayer relationships can enhance
a coherent, verifiable, and adaptive AD system. The
aforementioned reasons also clarify that tasks, data,
and quality are not isolated elements, but are part of
an overall framework.

Figure 3 presents how the framework’s layers inter-
actinloops. Consider an object detection and tracking
task within a perception application. Current practice
seeks robustness by adding heavier models, stacking
sensors, or applying data augmentation strategies.”®
These measures address only parts of the DQ issues
and rarely explain how each change influences down-
stream performance, making the system less adapt-
able to task requirements.

Under our framework, the workflow changes. As-
sume the task is performed in a scene with good vis-
ibility. During data selection, the pipeline may keep
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that requires improvement, and the blue ones represent the high-quality data that can fulfill the task goals. The loops between

DQ improvement and task highlight that this data quality framework is task-centric.

only the image modality and discard lidar streams. The
subsequent DQ evaluation stage chooses redundancy
as its primary dimension because other dimensions,
such as correctness, are satisfied under this setting.
The evaluation quantifies overlap among camera
views and retains only nonredundant information
for training. Next, performance metrics validate the
data and model. If the reduced redundancy degrades
detection accuracy, the loop returns to DQ improve-
ment and relaxes the redundancy thresholds. The flow
repeats until the data satisfies the task-specific qual-
ity. This process shows how the continuous feedback
turns data, data quality, and task performance into
mutually reinforcing levers, driving the system toward
ever-higher robustness and efficiency.

While our proposed task-centric and DQ framework of-
fers a foundational approach, it also opens up a range
of critical but unexplored challenges that merit further
investigation. This section outlines key open research
questions at the intersection of DQ, task orchestra-
tion, and performance-oriented system development
in AVs.

How to develop a taxonomy of task-specific DQ
dimensions for multisource and multimodal data in
AVs? A formal taxonomy would help standardize how
quality is defined for images, lidar, radar, GPS, and so
on. In addition, how does each DQ type contribute to
specific tasks? For example, how do spatial resolution,
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temporal consistency, and labeling accuracy impact
object tracking, while pixel-wise accuracy, label dis-
tribution balance, and occlusion influence semantic
segmentation?

How to design DQ metrics that are task-adaptive
and dynamic across AV modules? Different tasks, such
as object detection, lane keeping, trajectory planning,
and emergency braking in AVs, may require different
sources and modalities of high-quality data. A single
static DQ metric may not be sufficient. This question
will investigate task-conditioned DQ metrics that dy-
namically adjust based on the goal and current envi-
ronmental context. For example, in low-light environ-
ments, the DQ metric could weigh lidar data higher
than image data for perception. The objection detec-
tion task in AVs may prioritize visual clarity and spatial
resolution, while the trajectory planning task may pri-
oritize temporal continuity.

What is the optimal tradeoff between data volume,
DQ, and system latency in AVs? As datasets for AVs
continue to expand, the cost of storing, processing,
and computing for multisource and multimodal data,
especially videos and images, will escalate rapidly. Ex-
ploiting methods for subsampling large datasets and
evaluating the most relevant DQ dimensions to a set
of downstream multimodal vision and language tasks
are critical. This question explores how to mathemati-
cally model and optimize tradeoffs between data qual-
ity, task performance, and latency.

How can the AV systems detect and respond to dy-
namic DQ changes in real time? Sensor degradation
due to dirt, fog, rain, occlusion, or hardware failure
may compromise data streams. Investigating real-time
DQ monitoring mechanisms and autonomous failover
strategies will enhance the robustness, adaptability,
and safety of AVs. For example, if the front camera is
occluded, how can we design an algorithm to guide
the system to reweight lidar and side cameras for deci-
sion-making within a short time?

How can DQ-aware mechanisms be applied to en-
hance explainability in AVs? Explainable artificial intel-
ligence (XAIl) in AVs aims to understand why a model
made a particular decision, which is very important
for public trust, regulatory compliance, and system
safety. However, current XAl in AVs focuses on the
model internals, such as feature attributions, atten-
tion weights, or decision trees, while ignoring that DQ
could be an equally critical source of error. This ques-
tion will bridge DQ with XAl by understanding the re-
lationship between the quality of input data and the
explanation made in AVs.

How can a task-centric DQ evaluation framework
be used to support synthetic data generation and
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augmentation in AVs? Data synthesis and data aug-
mentation using LLMs have been widely used in AVs.
However, one of the key challenges is to evaluate and
select high-quality data for training. The proposed
framework can be instrumental in determining what
synthetic data to generate, evaluating the quality
of synthetic samples from the perspective of down-
stream tasks, and helping determine which synthetic
data should be integrated into training datasets.

How can we integrate feedback from human us-
ers into a task-centric DQ framework to enhance da-
ta-driven decision-making in AVs? Semi-autonomous
driving systems, such as those offering driver-assist
features, involve continuous human-machine col-
laboration. In such systems, the vehicle may perform
most tasks, but human drivers still oversee, intervene,
or take over under certain conditions. It opens up an
interdisciplinary avenue involving human-computer
interaction, cognitive modeling, and data engineering.

Future directions aim to guide the community toward
building more adaptive, explainable, and resilient AVs
that respond intelligently to dynamic environments
and heterogeneous data streams.

DQ Metrics for AV Benchmarks and

Task-Centric Evaluation

Guided by the vase framework, future work will focus
on defining, modeling, and measuring DQ metrics us-
ing established AD benchmarks. The proposed frame-
work should also be extended across multiple data
sources and sensor modalities, including camera im-
ages, lidar cloud points, and radar. In addition, it is es-
sential to investigate how different AV tasks prioritize
DQ under varying operational conditions, considering
driving scenarios and environmental factors. These
conditions not only affect multisource and multimod-
al inputs and the standards for DQ metrics, but also
shape the relationships among each layer. As the five
layers form a “many-to-many” mapping relationship,
further research could conduct extensive studies of
“multi dimension-one task-multi goal,” “multi dimen-
sion-multi task-multi goal,” and so on.

Quality-Aware Data Selection

Developing an integrated and practical data quality
evaluation workflow based on this framework is es-
sential. This overarching approach should specify the
methodologies to systematically and iteratively evalu-
ate, improve, and monitor data quality in AVs and other
important multimodal domains. To select high-quality



data and improve low-quality data, future studies could
adopt active learning to selectively retain, discard, or
request new data based on evolving task demands and
data quality profiles.

Hardware-Aware DQ Optimization on
the Edge

Future work should move beyond software-only fixes
and pursue sensor-pipeline co-design. This calls for
joint optimization models that balance sensor set-
tings, edge-compute schedules, data processing pipe-
lines, and quality-aware task adaptation.

DQ-Aware Simulation and Digital

Twins for Safety Evaluation

Current simulators vary in weather and traffic but as-
sume “perfect” data. The next step is to simulate the
effects of varying data quality in synthetic environ-
ments, such as injecting controlled quality degrada-
tion of sensor noise and time-sync drift. Embedding
these capabilities in digital-twin platforms would ac-
celerate investigation of the feedback loop, robust
testing, certification, and fault injection studies.

Reinforcement Learning (RL) Agents
for DQ-Task-Goal Alignment

RL agents could help dynamically adjust data selec-
tion, sensor configurations, and computation strat-
egies to optimize task outcomes. By optimizing a
reward that aligns DQ metrics with task goals, an RL
agent can navigate complex tradeoffs.

Multimodal Models and Agentic Al in
AVs

Multimodal foundation models trained on large-scale
and heterogeneous datasets without rigorous DQ
evaluation may face cross-modal inconsistency, re-
dundancy, object class imbalance issues, and others.
Moreover, agentic driving systems rely on iterative per-
ception-reasoning—action loops. DQ issues in one mo-
dality or one source can propagate across planning and
decision layers. Overlooking how multimodal misalign-
ment, annotation ambiguity, and source imbalance can
constrain model robustness, generalization, and safety.

Human-in-the-loop Interfaces for DQ-
Aware Debugging and Governance
Data engineers and regulators need to capture how
data quality propagates into decisions. Visual ana-
lytics dashboards could plot quality metrics along-
side task goals, enable data quality-task relationship
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checks, facilitating simulations and debugging un-
der altered quality thresholds. Advances in this area
will facilitate DQ standard design, foster transparen-
cy, and build public trust in DQ-aware autonomous
systems.

AV systems intake and output data from diverse sourc-
es and modalities, and they need a holistic DQ frame-
work that tailors quality dimensions to each task’s
unique demands and ensures data meets required
standards at each stage. This underscores the neces-
sity of a framework that aligns data quality with task
requirements and overall objectives, bridging data-lev-
el quality metrics and application-level goals. Motivat-
ed by this, we put forward a five-layered framework
and emphasize that the data work in this field should
be task-centric and quality-aware. The relationships
between the five layers could further guide experiment
design. This again emphasizes the idea that dataset
choice should be aligned with the task requirements
in a structured and goaloriented way. At last, the re-
search goals and open questions point out the follow-
ing main directions of our study.

From a practical perspective, we outline the steps
for operationalizing data quality across multisource
and multimodal AV systems. First, the design of DQ
metrics should consider the source and modality
features. Second, DQ evaluation should be task-cen-
tric. Recognizing that different tasks require varying
standards for specific DQ issues. Third, the frame-
work should support condition-aware monitoring with
adaptive DQ thresholds. Finally, feedback loops can be
incorporated by linking each layer, from targeted data
collection to the task goals, enabling continuous DQ
improvement throughout the AV systems.
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