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Abstract

The rapid integration of deep learning based object detection into autonomous vehicle perception systems has improved
detection accuracy substantially, yet the opacity of these models continues to constrain their acceptance among regulators,
engineers, and the travelling public. This paper undertakes a theoretical and conceptual synthesis of the expanding literature
on explainable artificial intelligence as it applies specifically to object detection within autonomous driving contexts. Drawing
on a structured narrative review of peer-reviewed scholarship spanning computer vision, human-computer interaction, and
artificial intelligence governance, the study examines how post-hoc explanation techniques, attention-based architectures, and
counterfactual reasoning methods have been adapted to the particular demands of real-time vehicular perception. The review
identifies persistent tension between explanatory fidelity and computational latency, inconsistent standards for evaluating
explanation quality, and a scarcity of frameworks that connect technical explainability to the trust calibration processes
of human operators and pedestrians. Building on these findings, the paper proposes a layered conceptual framework that
situates explanation generation as an intermediary function between perception and human-machine interaction rather than
as an auxiliary diagnostic feature appended after deployment. The framework is illustrated through a comparative analysis
of five widely referenced explainability techniques evaluated against interpretability, latency, and deployment suitability.
The paper concludes that explainability in autonomous vehicle object detection should be treated as a design requirement
embedded from the earliest stages of system architecture, carrying implications for regulatory certification, public trust, and
the direction of future empirical research.
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Introduction

The deployment of autonomous vehicles has
moved, within little more than a decade, from a
speculative engineering ambition to a commercially
situated reality tested on public roads across several
continents. Central to this progress has been the
maturation of deep convolutional neural networks
capable of detecting pedestrians, vehicles, cyclists,
and road infrastructure with a level of accuracy that
would have seemed implausible only a generation
ago. Architectures such as You Only Look Once,
Faster Region-based Convolutional Neural Networks,
and Single Shot Multibox Detector have become the
computational backbone of contemporary perception
stacks, enabling vehicles to interpret dense and
rapidly changing visual scenes in real time (Rana,
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2024). Yet the very characteristics that make these
architectures powerful, namely their depth, their
nonlinearity, and their capacity to learn highly
abstract feature representations, also render them
resistant to straightforward human interpretation. A
detection model may correctly identify a pedestrian
at an intersection, but the internal reasoning
that produced that classification remains largely
inaccessible to the engineers who built it, the
regulators who must certify it, and the passengers
whose safety depends upon it.

This opacity is not a marginal technical
inconvenience. It sits at the intersection of engineering
reliability, legal accountability, and public trust, three
concerns that converge with particular force in the
domain of autonomous driving because errors carry
immediate physical consequences. When a detection
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system misclassifies an object or fails to register
one altogether, stakeholders reasonably ask not only
what happened but why it happened, and existing
deep learning architectures are frequently unable
to answer that question in terms intelligible to a
human observer. It is this gap between predictive
competence and interpretive transparency that has
given rise to the interdisciplinary field of explainable
artificial intelligence, commonly abbreviated as
XAI, which seeks to render the internal logic of
complex models accessible without unacceptably
compromising their performance (Gunning & Aha,
2019; Adadi & Berrada, 2018).

The present paper is concerned with the specific
intersection of explainable artificial intelligence
and object detection within autonomous vehicle
perception systems. Although a substantial body
of scholarship now exists on both explainability in
general and object detection in autonomous driving
specifically, comparatively little work has attempted
to synthesize these two literatures into a coherent
conceptual architecture that treats explanation not
as an afterthought but as a structural component
of the perception pipeline. Mankodiya et al. (2022)
offer an important early contribution in proposing
a semantic explainability framework for object
detection, yet subsequent scholarship has tended to
remain fragmented across disciplinary boundaries,
with computer vision researchers emphasizing
algorithmic fidelity and human-computer interaction
scholars emphasizing user comprehension, often
without sustained dialogue between the two camps.

This paper therefore pursues three interlocking
objectives. The first is to synthesize the fragmented
literature on explainability techniques as they have
been applied, adapted, or proposed for autonomous
vehicle object detection, identifying the theoretical
assumptions and empirical findings that underpin
each approach. The second is to identify the
conceptual and practical gaps that persist within
this literature, particularly concerning the trade-
off between explanatory depth and real-time
computational feasibility, and the absence of shared
standards for evaluating what constitutes a good
explanation in a safety-critical context. The third is to
advance a layered conceptual framework, grounded
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in the reviewed literature, that positions explanation
generation as an intermediary architectural layer
between raw perception and human-machine
interaction, thereby offering a structure through
which future empirical and design-oriented research
might proceed.

The research is oriented by two central questions.
First, how have existing explainable artificial
intelligence techniques been adapted to address
the particular constraints of real-time object
detection in autonomous vehicles, and what trade-
offs characterize these adaptations? Second, what
conceptual architecture would allow explainability
to be integrated as a design requirement rather
than a retrospective diagnostic feature, and what
implications would such integration carry for
regulatory practice and public trust? These questions
are addressed through a qualitative, theory-building
synthesis of peer-reviewed scholarship rather
than through primary empirical data collection, a
methodological choice justified in detail in the third
section of this paper.

Two theoretical orientations inform the analysis
that follows. The first is the taxonomic framework
advanced by the Defense Advanced Research Projects
Agency’s explainable artificial intelligence program,
which distinguishes between the performance of a
model and the explainability of its decisions, treating
the two as design parameters to be jointly optimized
rather than as inherently opposed goals (Gunning &
Aha, 2019). The second is Miller’s (2019) account of
explanation as fundamentally a social and contrastive
act, one grounded in the cognitive science of how
humans construct and evaluate causal narratives
rather than in the mathematics of the underlying
model alone. Taken together, these orientations
suggest that explainability in autonomous vehicle
perception cannot be reduced to a purely technical
problem of algorithm design; it must also account
for the epistemic needs of the humans who receive,
interpret, and act upon the resulting explanations.
The remainder of this paper is organized as follows.
The second section synthesizes the relevant literature
across six thematic clusters. The third section
details the methodological approach underpinning
the synthesis and the subsequent framework. The
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fourth section presents the resulting conceptual
framework and a comparative analysis of prevailing
explainability techniques. The fifth section discusses
the implications, limitations, and future research
directions arising from this analysis, and the sixth
section offers concluding observations.

Literature Review

The Computational Foundations of Object Detection
in Autonomous Vehicle Perception

Object detection within autonomous driving
systems has advanced through several overlapping
generations of architectural innovation. Early two-
stage detectors, exemplified by Faster Region-based
Convolutional Neural Networks, separated the tasks
of region proposal and classification, achieving high
accuracy at the cost of computational overhead that
constrained their suitability for real-time deployment
(Ren et al., 2015). This limitation prompted the
development of single-stage detectors, most notably
You Only Look Once, which reframed detection as
a unified regression problem capable of processing
entire images in a single forward pass and thereby
achieving the inference speeds necessary for onboard
vehicular computation (Redmon et al., 2016). Single
Shot Multibox Detector pursued a parallel strategy,
distributing detection across multiple feature map
resolutions to preserve accuracy for objects of varying
scale while retaining computational efficiency (Liu
et al., 2016). Subsequent refinements, including the
focal loss formulation introduced by Lin et al. (2017),
addressed the persistent problem of class imbalance
between densely sampled background regions and
comparatively sparse foreground objects, further
improving detection reliability in cluttered urban
scenes.

The maturation of these architectures has
depended heavily on the availability of large,
annotated driving datasets that simulate the visual
complexity of real-world traffic environments.
The KITTI Vision Benchmark Suite, introduced
by Geiger et al. (2012), established an early
standard for evaluating detection, tracking, and
scene understanding tasks under realistic driving
conditions, while the more recent nuScenes dataset
extended this paradigm to multimodal sensor fusion,
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incorporating camera, radar, and light detection
and ranging data across a substantially larger and
more diverse set of driving scenarios (Caesar et al.,
2020). These datasets have not merely served as
benchmarks; they have shaped the research agenda
itself, orienting much of the field toward incremental
gains in mean average precision rather than toward
the interpretability of the resulting models. Rana’s
(2024) recent review of artificial intelligence based
object detection and traffic prediction underscores
this trajectory, cataloguing substantial improvements
in detection accuracy and computational efficiency
while simultaneously noting that the interpretability
of these systems has received comparatively limited
sustained attention within the mainstream computer
vision literature.

Grigorescu et al. (2020) situate object detection
within the broader architecture of autonomous
driving software stacks, observing that perception
modules feed directly into prediction, planning,
and control subsystems, such that any epistemic
uncertainty or misclassification introduced at the
detection stage propagates through the entire decision
chain. This observation carries direct relevance
for the present analysis, because it suggests that
explainability limited to the detection module alone,
however sophisticated, addresses only one link in
a considerably longer causal chain that ultimately
determines vehicular behavior. The literature
reviewed in this subsection therefore establishes
both the technical sophistication of contemporary
detection architectures and the structural reasons
why their opacity cannot be treated as a peripheral
concern.

The Opacity Problem and the Case Against
Unexamined Black-Box Deployment

The critique of black-box machine learning models
has developed into a substantial subfield in its own
right, most forcefully articulated by Rudin (2019),
who argues that the presumed trade-off between
accuracy and interpretability is frequently overstated
and that high-stakes decisions, including those
made by autonomous vehicles, warrant interpretable
models by design rather than post-hoc explanations
layered onto inherently opaque architectures. Rudin’s
position remains contested within the computer
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vision community, where the empirical performance
advantages of deep architectures over inherently
interpretable alternatives have proven difficult
to relinquish, particularly for tasks as visually
complex as object detection in unconstrained driving
environments. Doshi-Velez and Kim (2017) offer
a more measured position, arguing for a rigorous
science of interpretability that distinguishes between
different evaluation contexts, ranging from controlled
laboratory assessments of explanation quality to
functionally grounded evaluations embedded within
the actual task for which the model was designed.

Within the specific context of autonomous vehicles,
the opacity problem acquires additional urgency
because of the immediacy and severity of potential
consequences. Omeiza et al. (2021) synthesize this
concern in their survey of explanations in autonomous
driving, contending that opacity undermines not
only engineering diagnosis but also the broader
social contract between automated systems and the
publics who share the road with them. Their analysis
distinguishes between explanations intended for
engineers engaged in system validation, explanations
intended for regulators engaged in certification, and
explanations intended for passengers or bystanders
engaged in real-time trust calibration, a distinction
that recurs throughout the literature reviewed in
this paper and that proves central to the framework
developed in the fourth section.

Legal and regulatory scholarship has approached
the opacity problem from a complementary angle,
emphasizing the emerging expectation, whether
statutory or normative, that automated decisions
affecting individuals should be accompanied by some
form of accessible justification. Wachter et al. (2017)
develop the influential concept of counterfactual
explanation precisely in response to this expectation,
arguing that explanations framed in terms of the
minimal change required to alter an automated
decision can satisfy legal and ethical demands
for accountability without requiring disclosure of
proprietary model internals. Although their analysis
was developed primarily with reference to automated
decision-making in credit and employment contexts,
its logic extends readily to autonomous vehicle
incidents, where post-hoc counterfactual reasoning
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about why a detection system failed to identify
a hazard may prove indispensable to accident
investigation and liability determination.

Foundational Techniques in Explainable Artificial
Intelligence

The technical toolkit of explainable artificial
intelligence has diversified considerably since the
field’s emergence as a distinct research agenda.
Ribeiro et al. (2016) introduced Local Interpretable
Model-Agnostic Explanations, a technique that
approximates the behavior of a complex model in the
local vicinity of a specific prediction using a simpler,
interpretable surrogate model, thereby offering
insight into which input features most influenced
a given decision without requiring access to the
underlying model’s internal parameters. Lundberg
and Lee (2017) subsequently proposed SHapley
Additive exPlanations, grounding feature attribution
in the cooperative game theory concept of Shapley
values and thereby providing a mathematically
principled and theoretically consistent method for
distributing credit among contributing features.
Both techniques have achieved wide adoption
across machine learning applications, yet both
incur computational costs that scale with model
complexity and input dimensionality, a limitation
with particular significance for the high-resolution
imagery processed by autonomous vehicle perception
systems.

Within computer vision specifically, Selvaraju
et al. (2017) developed Gradient-weighted Class
Activation Mapping, commonly known as Grad-
CAM, which produces coarse localization maps
highlighting the image regions most influential in
a convolutional network’s classification decision
by exploiting the gradients flowing into the final
convolutional layer. Grad-CAM’s comparatively
low computational overhead and its direct visual
correspondence to the input image have made it a
particularly attractive candidate for explainability
in object detection, where practitioners and end
users alike can readily interpret a heatmap overlaid
upon a detected object. Kim and Canny (2017)
extended this visual attention paradigm specifically
to autonomous driving, proposing an architecture that
generates causal visual attention maps to explain the
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driving decisions of an end-to-end steering model,
demonstrating that attention-based explanations
could be integrated directly into the model’s forward
computation rather than appended as a separate post-
hoc analysis.

Taxonomies and Conceptual Frameworks Structuring

the XAI Field

As the number of explainability techniques
proliferated, several scholars undertook efforts
to impose conceptual order upon the resulting
landscape. Adadi and Berrada (2018) provide an
early and widely cited survey organizing XAl
methods along dimensions including scope, which
distinguishes global from local explanations, and
dependency, which distinguishes model-specific
from model-agnostic techniques. Arrieta et al. (2020)
extend this taxonomic effort considerably, situating
explainability within the broader normative project
of responsible artificial intelligence and arguing that
transparency, fairness, and accountability constitute
interdependent rather than separable design goals.
Their framework proves particularly relevant to the
present paper because it explicitly links technical
explainability to the social and regulatory functions
that explanations are ultimately intended to serve, a
linkage that the autonomous vehicle literature has
only partially operationalized.

The Defense Advanced Research Projects
Agency’s explainable artificial intelligence program,
described by Gunning and Aha (2019), advances
a particularly influential conceptual distinction
between the explainable model itself, the explanation
interface through which that model communicates
with a human user, and the psychological model
of explanation held by that user. This tripartite
structure anticipates, in important respects, the
layered framework developed later in this paper,
insofar as it treats explanation not as a static
output but as a communicative process spanning
computational, interface, and cognitive layers.
Miller’s (2019) contribution, though situated
within cognitive and social psychology rather
than computer science proper, complements this
structure by emphasizing that human explanation is
characteristically contrastive, selective, and social,
meaning that effective explanations answer not
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simply why an event occurred but why it occurred
rather than some contrasting alternative, and that they
are shaped by the interpersonal context in which they
are delivered. This insight carries direct implications
for autonomous vehicle interfaces, where the
relevant contrast for a passenger, such as why the
vehicle braked rather than continued at speed, may
differ substantially from the relevant contrast for an
engineer conducting post-incident diagnosis.

Explainability Applied to Autonomous Vehicle
Perception

A growing body of scholarship has begun to
apply these general explainability techniques and
taxonomies to the specific demands of autonomous
vehicle perception. Mankodiya et al. (2022)
propose an explainable artificial intelligence based
semantic object detection framework, designated
OD-XALI, that integrates saliency-based explanation
generation directly into the object detection pipeline,
demonstrating that explanatory outputs could be
produced alongside standard detection results without
prohibitive computational penalty. Their contribution
represents one of the earliest attempts to move
beyond generic explainability techniques toward
architectures purpose-built for the semantic and
temporal characteristics of driving scenes, including
the need to explain not only static object classification
but also the trajectory and intent inferred for dynamic
road users.

Zablocki et al. (2022) provide a comprehensive
review of explainability specifically within
deep vision-based autonomous driving systems,
distinguishing between explanations directed at
the perception stage, explanations directed at the
decision and control stage, and explanations that
attempt to bridge the two. Their analysis identifies
a persistent methodological challenge, namely the
absence of standardized benchmarks or ground-truth
explanations against which candidate explanatory
techniques can be validated, a gap that complicates
comparative evaluation across the diverse array of
proposed methods. Atakishiyev et al. (2024) extend
this review with particular attention to the regulatory
and certification implications of explainability,
arguing that as autonomous driving systems
approach higher levels of automation, the demand for
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explanations capable of satisfying legal and insurance
requirements will intensify, and that current technical
approaches remain insufficiently mature to meet this
emerging demand comprehensively.

Bojarski et al. (2016) offer an earlier but
foundational contribution in this domain,
demonstrating that end-to-end steering models
trained directly on raw pixel input could be rendered
partially interpretable through visualization of the
salient image regions driving the network’s output,
a technique that anticipated much of the subsequent
attention-based explainability literature. Rana’s
(2024) review similarly acknowledges the growing
integration of explainability considerations into
traffic prediction and object detection research,
though it observes that such integration remains
uneven across the field, with a substantial proportion
of published detection architectures continuing
to prioritize accuracy metrics over interpretive
transparency.

Human Factors, Trust Calibration, and the Social
Dimension of Explanation
A parallel strand of scholarship addresses the human
factors dimension of explainability, emphasizing that
the value of an explanation depends not merely on
its technical fidelity but on its capacity to calibrate
appropriate levels of trust between a human user and
an automated system. Excessive trust, sometimes
termed automation complacency, and insufficient
trust, which manifests as unwarranted override or
disengagement, both represent failure modes that
well-designed explanations might mitigate. Holzinger
et al. (2019), writing primarily within the medical
domain but offering conclusions of broader relevance,
distinguish between explainability, understood as
the capacity of a system to render its internal logic
accessible, and causability, understood as the extent
to which a human user can integrate that explanation
into a coherent and actionable causal understanding,
a distinction that maps closely onto the challenges
facing autonomous vehicle interface design.
Miller’s (2019) social account of explanation,
introduced earlier in this review, carries particular
weight within this subsection because it suggests
that trust calibration cannot be achieved through
technically accurate but socially inert explanations
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alone. A saliency heatmap that accurately identifies
the pixels responsible for a detection decision
may satisfy an engineer’s diagnostic requirements
while remaining entirely unintelligible, or worse,
misleading, to a passenger unfamiliar with
convolutional feature representations. Omeiza et al.
(2021) develop this point further by proposing that
autonomous vehicle explanations should be tailored to
distinct stakeholder groups, each possessing different
background knowledge, different informational
needs, and different temporal constraints on when an
explanation must be delivered relative to the event
it concerns.

Synthesis: Identifying the Gap Addressed by the
Present Study

Considered together, the literature reviewed across
the preceding subsections reveals a field characterized
by considerable technical sophistication but persistent
conceptual fragmentation. Object detection research
has achieved remarkable gains in accuracy and
computational efficiency, yet interpretability has
generally been treated as a secondary consideration
appended after architectural decisions have already
been finalized. The explainable artificial intelligence
literature, meanwhile, has produced a rich array
of techniques and taxonomies, but relatively few
of these have been developed with the specific
latency, safety, and multi-stakeholder demands of
autonomous vehicle perception in mind. Where
domain-specific applications do exist, as in the
contributions of Mankodiya et al. (2022), Kim and
Canny (2017), and Zablocki et al. (2022), they tend
to address particular technical components, such
as saliency generation or attention visualization,
without situating these components within a broader
architectural framework that connects perception,
explanation generation, and human-machine
interaction as interdependent design layers.

This fragmentation carries practical consequences.
Without a shared conceptual architecture, individual
research contributions risk optimizing narrowly
for technical fidelity or computational efficiency
while neglecting the communicative and regulatory
functions that explanations must ultimately serve. The
present paper responds to this gap by synthesizing
the reviewed literature into a layered conceptual
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framework that treats explanation generation as
a structural intermediary between the perception
and interface layers of an autonomous vehicle’s
software architecture, and by evaluating prevailing
explainability techniques against the joint criteria
of interpretability, computational latency, and
stakeholder suitability. In doing so, the paper
aims to extend the conceptual groundwork laid by
Mankodiya et al. (2022) and Rana (2024) toward
a more integrative architectural proposal, while
remaining grounded in the taxonomic and human
factors insights developed by Adadi and Berrada
(2018), Arrieta et al. (2020), Gunning and Aha (2019),
and Miller (2019).

Methodology

Research Design and Rationale

This study adopts a qualitative, theory-building
research design grounded in conceptual synthesis
rather than primary empirical data collection.
The choice of design follows directly from the
nature of the research questions articulated in the
introduction, both of which concern the identification
of conceptual patterns and gaps across an existing
body of scholarship and the construction of a novel
architectural framework from those patterns, tasks
for which a structured narrative review combined
with design-oriented synthesis is methodologically
appropriate. This approach aligns with what
Doshi-Velez and Kim (2017) describe as necessary
groundwork preceding rigorous empirical evaluation
of interpretability claims, namely the conceptual
clarification of what interpretability entails within
a given application domain before that domain’s
specific evaluation metrics can be meaningfully
developed. The design further draws upon the logic
of design science research, in which the objective is
not solely to describe an existing state of knowledge
but to produce an artifact, in this case a conceptual
framework, capable of guiding subsequent design
and empirical inquiry.

A purely descriptive literature review was judged
insufficient to fulfill the paper’s objectives, since
summarizing individual contributions in isolation
would not generate the integrative architecture called
for by the second research question. Conversely, a fully
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empirical study involving, for example, controlled
experiments comparing user comprehension across
different explanation modalities, while valuable,
would presuppose precisely the conceptual clarity
that the current literature lacks and that this paper
seeks to establish as a necessary preliminary step. The
synthesis method adopted here therefore occupies a
deliberate middle position, systematic enough to
ensure comprehensive and traceable engagement
with the relevant literature, yet interpretive enough
to permit the conceptual integration required to
construct the proposed framework.

Search Strategy and Source Selection

Sources were identified through a structured search
of established academic databases, including IEEE
Xplore, ScienceDirect, SpringerLink, and Google
Scholar, using combinations of search terms including
explainable artificial intelligence, interpretable
machine learning, object detection, autonomous
vehicles, autonomous driving perception, trust
calibration, and human-machine interaction. Search
terms were combined using Boolean operators and
iteratively refined as initial searches revealed relevant
subfields, such as counterfactual explanation and
attention-based visualization, that had not been
anticipated in the original search terms. Reference
lists of retrieved articles were also examined for
additional relevant sources, a technique commonly
described as citation snowballing, which proved
particularly valuable for identifying foundational
contributions, such as the original Grad-CAM and
LIME papers, that continued to be cited across the
more recent domain-specific literature.

Inclusion criteria required that sources be published
in peer-reviewed journals or reputable conference
proceedings, that they engage substantively with
either explainable artificial intelligence methods or
autonomous vehicle perception architectures, and
that they be available in full text through institutional
or open access channels. Sources were excluded if
they consisted solely of preliminary preprints without
peer review, unless no peer-reviewed alternative
addressing an equivalent contribution could be
located, or if their engagement with the paper’s core
themes was incidental rather than substantive. This
process yielded a final corpus of twenty-five sources
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spanning foundational computer vision architectures,
foundational explainability techniques, domain-
specific applications to autonomous driving, and
human factors scholarship, a corpus judged sufficient
to support the thematic synthesis presented in the
second section while remaining focused enough
to permit the depth of engagement that conceptual
synthesis requires.

Analytical Procedure

The analytical procedure proceeded in three stages.
The first stage involved close reading and thematic
coding of each source, during which recurring
concepts, such as the distinction between model-
agnostic and model-specific explanation techniques,
or the tension between explanatory fidelity and
computational latency, were identified and recorded.
The second stage involved clustering these codes into
the six thematic categories that structure the literature
review presented above, a process informed by an
iterative comparison of emerging clusters against the
paper’s guiding research questions to ensure that the
resulting structure remained analytically purposeful
rather than merely descriptive. The third stage
involved the constructive synthesis of these clusters
into the layered conceptual framework presented in
the fourth section, a process that required identifying
points of conceptual compatibility across otherwise
disparate contributions, for example, reconciling
the Defense Advanced Research Projects Agency’s
tripartite model of model, interface, and user with the
multi-stakeholder distinctions proposed by Omeiza
et al. (2021).

The comparative evaluation of specific
explainability techniques presented in the fourth
section, summarized in Table 1 and Figure 2,
was constructed through a structured qualitative
assessment of each technique against three criteria
drawn directly from the reviewed literature:
explanatory fidelity or interpretability, computational
latency relative to the millisecond-scale constraints
of onboard vehicular inference, and dependency on
the underlying model architecture. These criteria
were derived from recurring evaluative dimensions
employed across the reviewed sources, including
Adadi and Berrada (2018), Arrieta et al. (2020), and
Zablocki et al. (2022), rather than from independent
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empirical measurement, a limitation addressed
explicitly in the discussion section.

Ethical Considerations

As a conceptual synthesis of published, peer-reviewed
literature rather than a study involving human
participants, this research did not require institutional
ethical clearance in the conventional sense associated
with primary data collection. Nonetheless, several
ethical considerations informed the conduct of the
review. Every source cited was verified against its
original publication to ensure accurate representation
of its claims and to avoid the misattribution of
findings, a practice of particular importance given
the safety-critical subject matter under discussion.
Care was taken throughout to paraphrase and
synthesize source material in original language
rather than reproducing text verbatim, both in the
interest of academic integrity and in recognition of
the intellectual property rights of the cited authors.
Additionally, given that the paper’s subject matter
bears directly on public safety, the analysis was
conducted with explicit attentiveness to the potential
real-world consequences of explainability failures,
treating the reviewed literature not merely as an
academic corpus but as evidence bearing on decisions
that affect the physical safety of drivers, passengers,
and pedestrians.

Validity, Reliability, and Trustworthiness

Within qualitative and conceptual synthesis
research, validity and reliability are conventionally
reconceptualized in terms of credibility, dependability,
and confirmability. Credibility was pursued through
the deliberate inclusion of sources representing
diverse disciplinary perspectives, including computer
vision, human-computer interaction, cognitive
science, and technology law, thereby guarding
against the risk that the resulting framework would
reflect the assumptions of a single subfield alone.
Dependability was supported through the transparent
documentation of the search strategy and analytical
procedure described above, allowing subsequent
researchers to trace how the reviewed literature
informed the resulting framework and, where
warranted, to extend or revise that framework in light
of additional sources. Confirmability was addressed
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Figure 1: Layered architecture connecting perception, explanation generation, human-machine interface, and feedback layers, synthesized
from Rana (2024), Mankodiya et al. (2022), Omeiza et al. (2021), and Grigorescu et al. (2020).

by grounding each element of the proposed framework
in specific, citable contributions from the reviewed
literature rather than in unsubstantiated inference,
a practice reflected throughout the results section
in the explicit linkage drawn between each layer
of the proposed architecture and its corresponding
theoretical antecedent. It should nonetheless be
acknowledged that, as with any qualitative synthesis,
the interpretive judgments involved in clustering
themes and constructing the resulting framework
cannot achieve the reproducibility associated with
quantitative measurement, a limitation that is
addressed further in the discussion section.

Results and Findings

The synthesis of the reviewed literature converges
upon a layered conceptual framework, depicted
in Figure 1, that positions explainability as an
intermediary architectural function connecting raw
perception to human-machine interaction rather
than as a supplementary feature appended after core
detection functionality has already been finalized.
The framework comprises four interdependent
components. The perception layer encompasses the
sensor input and the object detection backbone itself,
corresponding to the convolutional architectures
discussed extensively in the literature review,
including You Only Look Once, Faster Region-based
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Convolutional Neural Networks, and Single Shot
Multibox Detector variants (Redmon et al., 2016;
Ren et al., 2015; Liu et al., 2016). The explanation
generation layer sits immediately downstream of
detection output, drawing upon techniques such
as Grad-CAM and attention mechanisms that
can be computed with sufficiently low latency
to accommodate onboard deployment, alongside
offline techniques such as SHAP and counterfactual
explanation that are better suited to post-incident
diagnostic analysis (Selvaraju et al., 2017; Lundberg
& Lee, 2017, Wachter et al., 2017).

The third component, the human-machine
interface layer, translates the output of the explanation
generation layer into a form appropriate to the
specific stakeholder receiving it, whether a passenger
requiring an immediate and simplified justification
for a sudden braking maneuver, an engineer requiring
detailed saliency information for model validation,
or a regulator requiring documented evidence for
certification purposes, a distinction drawn directly
from Omeiza et al. (2021) and reflected in the
framework’s explicit accommodation of multiple
downstream audiences. The fourth component,
the trust calibration and feedback loop, closes the
architecture by returning operator responses and
validated incident data back toward the model
refinement process, an arrangement consistent with
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Table 1:Comparative Evaluation of Explainability Techniques for Autonomous Vehicle Object Detection

XAl Technique Explanation Type Model Dependency

Relative Latency Suitability for Real-Time AV Deployment

Grad-CAM Visual saliency / heatmap  Requires access
over input regions to convolutional
gradients
LIME Local surrogate Model-agnostic
approximation of decision
boundary
SHAP Feature attribution Model-agnostic
grounded in cooperative (approximated for
game theory deep nets)
Attention Learned weighting of Requires
Mechanisms salient input regions architectural
integration

Counterfactual
Explanations

Minimal input alteration
needed to change output

Model-agnostic

Low High — compatible with onboard
inference cycles

High Limited — sampling overhead unsuited to
millisecond constraints

High Low for onboard use; suited to offline
auditing

Low High — explanation generated as part of
forward pass

High Low for real-time use; valuable for post-

incident analysis

the iterative validation logic described by Grigorescu
et al. (2020) in their broader account of autonomous
driving software stacks.

Table 1 summarizes the comparative analysis of
five prevailing explainability techniques evaluated
against the criteria of explanation type, model
dependency, relative computational latency, and
suitability for real-time deployment within the
autonomous vehicle context. This comparison,
visualized further in Figure 2, reveals a consistent
pattern across the reviewed literature: techniques

offering the highest explanatory fidelity, notably
SHAP and counterfactual explanation, tend to incur
computational costs that render them poorly suited to
onboard, real-time deployment, whereas techniques
compatible with millisecond-scale inference
constraints, notably Grad-CAM and integrated
attention mechanisms, tend to offer comparatively
coarser or less theoretically grounded explanations.
This trade-off, rather than being incidental, appears
structurally embedded within the current generation
of explainability techniques, suggesting that no single

Figure 2. Comparative Positioning of XAl Techniques for Real-Time AV Perception
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Figure 2: Comparative positioning of explainability techniques along latency and interpretability dimensions, synthesized from Selvaraju
etal. (2017), Ribeiro et al. (2016), Lundberg and Lee (2017), Kim and Canny (2017), and Wachter et al. (2017).
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method reviewed in the literature fully satisfies the
joint demands of fidelity and real-time feasibility
simultaneously.

A further pattern emerging from the synthesis
concerns the differentiated suitability of explanation
types across the four stakeholder groups identified
in the framework. Visual saliency techniques such
as Grad-CAM align closely with the immediate,
intuitive comprehension needs of passengers
and bystanders, since a heatmap overlaid upon
a detected pedestrian requires little specialized
training to interpret, consistent with the accessibility
emphasis found in Kim and Canny (2017). Feature
attribution techniques such as SHAP, by contrast,
align more closely with the diagnostic needs of
engineers, who benefit from the theoretical rigor
of Shapley value decomposition even at the cost
of computational overhead unsuited to real-time
delivery. Counterfactual explanations, meanwhile,
appear particularly well suited to the retrospective
and legal-institutional needs identified by Wachter
et al. (2017) and reinforced by Atakishiyev et al.
(2024), since regulatory and insurance processes
typically unfold well after an incident has occurred,
relaxing the latency constraints that govern onboard
explanation delivery. These findings collectively
support the framework’s central architectural
premise, namely that explainability in autonomous
vehicle perception cannot be adequately served by a
single technique but instead requires a differentiated,
layered approach calibrated to the temporal and
cognitive demands of each downstream stakeholder.

Discussion

The findings synthesized above bear directly
upon both research questions guiding this study.
In response to the first question, concerning how
existing explainability techniques have been adapted
to the constraints of real-time autonomous vehicle
perception, the reviewed literature demonstrates that
adaptation has proceeded unevenly, with techniques
compatible with onboard latency constraints,
such as Grad-CAM and integrated attention
mechanisms, achieving broader practical adoption
than theoretically richer but computationally intensive
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alternatives such as SHAP and counterfactual
explanation. This unevenness suggests that the field
has, to a considerable extent, allowed computational
feasibility rather than explanatory completeness
to determine which techniques receive sustained
development attention, a pattern consistent with
the broader critique advanced by Rudin (2019)
regarding the field’s tendency to prioritize model
performance considerations even within ostensibly
interpretability-focused research programs.

In response to the second question, concerning
the conceptual architecture required to integrate
explainability as a foundational design requirement,
the layered framework proposed in this paper
suggests that such integration depends upon
recognizing explanation generation as a distinct
architectural layer possessing its own design
requirements, evaluation criteria, and stakeholder
considerations, rather than treating explainability as
a single monolithic property that a given model either
possesses or lacks. This reconceptualization carries
meaningful implications for regulatory practice,
since certification frameworks premised upon a
single explainability standard risk overlooking the
differentiated needs of engineers, regulators, and
passengers documented throughout the literature,
echoing concerns raised by Atakishiyev et al. (2024)
regarding the current immaturity of regulatory
mechanisms relative to the technical and social
complexity of the explainability challenge.

Several limitations constrain the conclusions
that can be drawn from this study. As a qualitative
conceptual synthesis rather than an empirical
investigation, the proposed framework has not been
subjected to controlled evaluation against real-world
driving data or human subject testing, and its practical
viability, while grounded in the reviewed literature,
remains to be validated through subsequent empirical
research. The comparative evaluation summarized in
Table 1 and Figure 2 reflects qualitative judgments
derived from the reviewed sources rather than
standardized quantitative benchmarking, a limitation
that mirrors the broader absence of standardized
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explainability benchmarks noted by Zablocki et al.
(2022) within the field as a whole. Future research
might productively pursue controlled experimental
studies comparing passenger comprehension and
trust calibration across the explanation modalities
identified in this paper, alongside engineering studies
quantifying the precise computational overhead
of integrating explanation generation directly into
onboard perception pipelines. Such empirical work,
situated within the conceptual architecture proposed
here, would help translate the present synthesis into
actionable design guidance capable of informing
both engineering practice and regulatory standard-
setting as autonomous vehicles continue their gradual
integration into global transportation systems.

Conclusion

This paper has undertaken a conceptual synthesis
of the literature connecting explainable artificial
intelligence to object detection within autonomous
vehicle perception systems, identifying a persistent
trade-off between explanatory fidelity and real-
time computational feasibility, alongside a broader
fragmentation between technically oriented and
human factors oriented strands of scholarship. In
response to these gaps, the paper has proposed
a layered conceptual framework that situates
explanation generation as a structural intermediary
between perception and human-machine interaction,
differentiated according to the distinct temporal and
cognitive needs of engineers, regulators, passengers,
and bystanders. The comparative analysis of
prevailing explainability techniques presented in
this study suggests that no single method currently
satisfies the joint demands of interpretive richness
and real-time deployability, reinforcing the argument
that explainability should be approached as a multi-
layered design requirement rather than a unitary
technical property. As autonomous vehicles continue
to advance toward higher levels of automation, the
capacity of their perception systems to render their
reasoning intelligible to the humans who depend
upon them will remain a determining factor in their
safe, accountable, and publicly trusted deployment,
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and the framework proposed here offers a foundation
upon which subsequent empirical and design-
oriented research might build.
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