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Abstract

Vision-based inspection systems increasingly support
safety-critical decision-making in industrial settings. Their
reliability depends not only on predictive accuracy, but
also on whether visual evidence is interpreted in a man-
ner consistent with domain-specific rules. In many inspec-
tion tasks, labels such as hazard level are not intrinsic vi-
sual properties, instead, they are defined through external
domain references, including standards and empirical stud-
ies, that connect observable evidence to downstream oper-
ational consequences. However, many existing vision and
multimodal reasoning benchmarks implicitly treat such la-
bels as directly observable visual ground truth. As Vision
Language Models (VLMs) are increasingly used in inspec-
tion pipelines, datasets are needed to evaluate not only pre-
diction accuracy, but also whether decisions are supported
by sufficient visual evidence under domain-consistent rules.
To address this need, we introduce Evilnspect, an evidence-
guided annotation framework in which inspection labels are
derived by explicitly linking visual evidence to external do-
main references. Evilnspect combines Al-assisted evidence
extraction with human verification to assess whether the
available evidence is sufficient to support an assigned la-
bel and whether the decision is reproducible given the same
evidence. We demonstrate the framework in a Foreign Ob-
ject Debris (FOD) inspection use case and release FOD-
A-H, an evidence-grounded extension of the public FOD-A
dataset, with hazard and size annotations derived from Fed-
eral Aviation Administration (FAA) reference material. Us-
ing FOD-A-H, we evaluate state-of-the-art VLMs on their
ability to derive inspection labels under explicit evidence
constraints.

Figure 1. Conceptual overview of Evilnspect. Given a runway
image and a trusted FOD-A object class, the framework retrieves
relevant reference material, records supporting evidence in struc-
tured form, and derives hazard and size labels only when evidence
sufficiency and decision reproducibility are established under hu-
man verification.

1. Introduction

Vision-based industrial inspection systems operate within
complex workflows in which data quality, domain knowl-
edge, and human decision-making jointly determine overall
reliability [16]. In many such settings, inspection labels in-
cluding defect severity, hazard level, and operational risk
cannot be read directly from the image. Instead, they must
be derived by applying external domain references, such as
standards, technical reports, and empirical studies, to ob-



servable visual evidence. As a result, the correctness of an
inspection decision often depends not only on image con-
tent, but also on whether the available evidence is inter-
preted in accordance with domain-specific rules.

This distinction becomes increasingly important as
VLMs are introduced into inspection pipelines. Recent
multimodal reasoning benchmarks emphasize structured in-
termediate reasoning and explanation generation [6, 10],
but they often assume that the target label is visually well-
defined and can therefore be treated as image-grounded
ground truth. In safety-critical inspection, however, labels
such as hazard level or size class may require applying ex-
ternal domain references to visual cues rather than reading
the label directly from the image. Consequently, a model
may produce a coherent-looking explanation while still ar-
riving at an insufficiently supported or unsafe inspection de-
cision.

These challenges also affect dataset construction. In-
dustrial workflows often rely on domain experts to define
guidelines that are then applied by non-expert annotators.
While effective for visual categorization, this strategy be-
comes less reliable when annotations must encode domain-
defined semantics such as severity or risk. In such cases, an-
notators may overlook relevant evidence, apply rules incon-
sistently, or rely on subjective judgment, especially when
the evidence supporting a label is not recorded explicitly.
Recent industrial inspection datasets [1, 2, 4, 17] provide
valuable resources for benchmarking and model develop-
ment, but the external references used in real inspection
practice are rarely represented as part of the annotation pro-
cess itself.

To address this gap, we introduce Evilnspect, an
evidence-guided annotation framework in which inspec-
tion labels are derived by explicitly linking visual evidence
to external domain references. Rather than assigning la-
bels directly from images, Evilnspect structures annotation
as a staged procedure: relevant reference material is re-
trieved and summarized into an explicit evidence record,
after which labels are derived only when the available ev-
idence is sufficient and the decision is reproducible under
human verification. Figure 1 provides an overview of this
process.

We instantiate Evilnspect in a safety-critical FOD in-
spection setting. Specifically, we extend the FOD-A dataset
[19] with evidence-grounded annotations for hazard level
and size class derived from FAA reference material [9],
yielding FOD-A-H. In addition to supporting dataset con-
struction, FOD-A-H enables evaluation of VLMs under
evidence-constrained inspection settings, where success de-
pends not only on producing a label, but on deriving that
label from sufficient, domain-consistent evidence.

The main contributions of this paper are as follows:

* Evidence-guided annotation framework: We propose

Evilnspect, a framework for deriving inspection labels by
explicitly linking visual evidence to external domain ref-
erences.

* Evidence sufficiency and reproducibility criteria:
We introduce verification criteria that assess whether
recorded evidence adequately supports a proposed anno-
tation and whether the decision is reproducible given the
same evidence.

* Evidence-grounded dataset and benchmark: We re-
lease FOD-A-H, an evidence-grounded extension of
FOD-A with hazard and size annotations derived from
FAA reference material, and use it to evaluate VLMs in
evidence-constrained inspection settings.

2. Related Work

Benchmarks for Multimodal Reasoning and Safety
Evaluation

Recent benchmarks evaluate multimodal models under
structured reasoning, safety, and trust-oriented settings that
go beyond single-image perception. For example, MMRB
[6] evaluates reasoning across multiple images, while Mul-
tiTrust [35] and iSafetyBench [1] assess multimodal trust-
worthiness and industrial safety understanding. Related ef-
forts such as VLDBench [22] further construct large-scale
multimodal datasets for safety-critical applications using
semi-automated pipelines with expert review. While these
benchmarks advance reasoning evaluation, they place less
emphasis on whether labels are grounded in sufficient vi-
sual evidence under domain-specific constraints. Our work
addresses this gap by centering the annotation process itself
and incorporating domain references with human verifica-
tion.

Reasoning-Centric LVLM Evaluation and Evidence
Grounding

Recent Vision Language Reasoning Models (VLRMs)
show that reinforcement-based post-training can improve
multimodal reasoning and encourage explicit intermediate
steps. Models such as Vision-R1 [33], MMEureka [15],
Ocean-R1 [18], ThinkLite-VL [29], and OpenVLThinker
[7] report improved performance on reasoning benchmarks,
while complementary approaches incorporate perception-
aware signals to strengthen grounding [24, 31]. Other work
extends grounding beyond object identity and spatial ref-
erence toward richer concepts such as affordances, func-
tion, safety, and physical reasoning [23]. However, re-
cent analyses continue to highlight failures in perceptual
grounding, especially in semantically rich or multi-image
settings. EViSRAG shows that misinterpretation of visual
evidence can undermine otherwise coherent reasoning [25].
Our work complements these model-centric advances by
focusing on the data and annotation substrate required for
evidence-grounded evaluation in safety-critical inspection.

Vision-Based FOD Inspection



FOD detection on airport runways is a safety-critical vi-
sion task, with prior work focusing mainly on detection and
localization performance. FOD-A [19] serves as a widely
used public benchmark, and subsequent work has explored
detector-based and self-supervised approaches for runway
FOD analysis [11, 13, 14, 20, 27]. More recent efforts move
toward richer multimodal formulations, including image-
text pairing and LLM-assisted FOD analysis [5, 12]. How-
ever, existing approaches do not explicitly address hazard
severity and operational risk through evidence-grounded
annotation, which motivates our extension of FOD-A with
FAA-supported hazard and size labels.

3. Evilnspect: Evidence-Guided Annotation
for Industrial Inspection

3.1. Problem Formulation

In many industrial inspection tasks, target labels such as
severity, hazard level, or operational risk cannot be assigned
from image content alone, but must be derived by applying
external domain references to observed visual evidence. We
therefore formulate annotation as an evidence-guided pro-
cess in which labels are derived not directly from the image,
but from a chain linking image evidence to trusted external
references.

Let I denote an inspection image, ¢ an optional trusted
semantic anchor such as a ground-truth object class, and
D an external reference corpus such as standards, techni-
cal reports, or operational manuals. Evilnspect constructs
a structured evidence record F from observations in the in-
spection image together with retrieved reference material,
and derives inspection labels y only when the available evi-
dence is sufficient:

(I,¢,D) = Dr — E =y,

where Dr C D is the retrieved evidence subset. With
this formulation, annotation validity depends on both image
content and the adequacy of the supporting evidence chain.

3.2. Evidence-Guided Annotation Pipeline

Evilnspect consists of four stages, as shown in Figure 2.

Stage 1: Reference Retrieval. Relevant reference mate-
rial is retrieved from an external reference corpus consist-
ing of task-relevant standards, technical reports, manuals,
or empirical studies. Retrieval uses the trusted semantic
anchor when available and otherwise relies on directly ob-
servable visual cues from the inspection image. The goal is
to assemble candidate supporting evidence rather than as-
sign labels directly. If no sufficiently relevant material is re-
trieved, the sample is marked as unsupported. Human veri-
fication then determines whether this reflects limited corpus

coverage or retrieval failure. In the former case, the sam-
ple is excluded, while in the latter, it is returned for further
retrieval and evidence inspection.

Stage 2: Evidence Inspection. Retrieved material is in-
spected to identify content relevant to the target instance,
such as item correspondences, rule definitions, decision
criteria, or measured examples. Retrieved documents are
treated as visual evidence sources so that layout, tables, and
figures remain available during annotation.

Stage 3: Structured Evidence Recording. Potentially
relevant observations from the inspection image together
with the retrieved reference material are summarized into
a structured evidence record

E =9(1,c,Dg),

where ®(-) denotes evidence extraction and structuring.
In our workflow, the evidence record follows the struc-
tured evidence-recording format used in EVisRAG-style
reasoning over retrieved visual documents, in which the
system first inspects retrieved visual documents, records
per-document evidence, and then reasons from the aggre-
gated evidence to derive the final output [25]. In our set-
ting, this record captures image observations together with
rule-relevant information extracted from the retrieved refer-
ences.

Stage 4: Label Derivation. Final labels are derived from
the structured evidence record:

y=G(E),

where G(+) denotes the evidence-to-label mapping defined
by the referenced domain rules. In our workflow, Al assis-
tance may support earlier stages of retrieval and evidence
creation, but final labels are assigned only under human ver-
ification when the recorded evidence supports a sufficiently
specific and reproducible decision.

3.3. Evidence Sufficiency and Human Verification

A central property of Evilnspect is that annotation depends
not only on the final label, but also on whether the support-
ing evidence is adequate. We therefore evaluate candidate
annotations along two dimensions:

1. Evidence sufficiency: whether the recorded evidence
provides specific and relevant support for the proposed
label;

2. Decision reproducibility: whether another annotator
given the same retrieved material and evidence record
would likely reach the same conclusion.
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Figure 2. Operational view of Evilnspect. Given an inspection image and an optional trusted semantic anchor such as a ground-truth object
class, relevant reference material is retrieved and inspected as visual evidence. Candidate evidence is organized into a structured evidence
record, from which labels are derived only when evidence sufficiency is established and the annotation is judged reproducible under human

verification.

In our workflow, candidate annotations are verified by
human annotators using the structured evidence record
rather than assigning labels from scratch or searching the
reference corpus manually. This supports a more efficient
and consistent verification process, particularly for non-
expert annotators. A sample is accepted only when the ev-
idence chain is judged sufficiently specific and the result-
ing decision reproducible under verification. Otherwise, the
sample is first marked as unsupported. Under further re-
view, it may be excluded when the lack of support reflects
limited corpus coverage, poor image quality, or insufficient
evidence for a reproducible decision. The frequency of such
cases depends on factors such as reference quality, corpus
coverage, image quality, and task difficulty.

3.4. Role of AI Assistance

Evilnspect supports scalable annotation through Al-assisted
evidence inspection and evidence recording. In our appli-
cation, this workflow is inspired by EVisRAG-style [25]
reasoning over retrieved visual documents, where reference
pages are treated as visual evidence rather than flattened
text. We additionally use Rel-Attn [34] as an auxiliary vi-
sualization tool, applying the published method to retrieved
reference pages to highlight candidate supporting regions
for annotator review; these highlights are used only to speed
evidence inspection and are not treated as evidence them-
selves. Final labels are determined only from the structured
evidence record under human verification.

4. Experiments and Results

4.1. FOD-A-H Benchmark Construction

We instantiate Evilnspect in a safety-critical FOD in-
spection setting by extending FOD-A [19] with evidence-
grounded annotations for hazard level and size class. This
setting serves as a concrete instantiation of the framework
in a domain where inspection labels are defined through ex-
ternal reference material. While Evilnspect is formulated
in a domain-agnostic manner, we focus on this single use
case to study evidence-grounded annotation and evaluation
under controlled conditions. FOD-A provides runway im-
ages together with trusted object-class annotations, which
we use as the semantic anchor for evidence retrieval and
downstream label derivation. As the external reference cor-
pus, we use the FAA technical report Foreign Object Debris
Characterization at a Large International Airport [9].
FOD-A-H is constructed by conservatively remapping
FOD-A classes to FAA-supported concepts and assigning
labels only when both hazard level and size class can be jus-
tified through an explicit evidence chain under Evilnspect
and verified by human annotators for evidence sufficiency
and decision reproducibility. The starting point is the full
FOD-A collection, which contains 33,793 annotated im-
ages, split into 25,345 training/validation images and 8,448
test images. We relate the original 31 FOD-A object classes
to 15 FAA-aligned target concepts used for hazard-aware
characterization (Figure 3). This normalization step is in-



tentionally conservative: only correspondences supported
by the FAA report and verified under our framework are re-
tained, with the remaining 18 classes excluded because they
are not represented in the reference corpus and therefore
cannot support evidence-grounded label derivation. Exam-
ples of excluded classes include Battery, Cutter, Pliers, Pen,
and SodaCan. In the final mapping, each retained original
FOD-A class is assigned to a single FAA-aligned target con-
cept, so that each image contributes to only one normalized
concept label.

In the current construction of FOD-A-H, hazard and size
labels are largely determined at the concept level based
on FAA-supported mappings, resulting in limited instance-
level variation. While this simplifies the annotation setting,
the benchmark still evaluates evidence-grounded behavior
through retrieval alignment and abstention under insuffi-
cient evidence. Extending the framework to settings with
stronger instance-level variation is an important direction
for future work.

Under this evidence-grounded remapping, FOD-A-H
contains 14,355 images in total, with 10,754 images in
training/validation and 3,601 images in test. Within this re-
tained subset, 13 original FOD-A classes map to 8 of the 15
FAA-aligned target concepts. The conservative remapping
is shown in Figure 3.

Hazard labels follow the FAA categories High, Moder-
ate, and Low [9]. Size labels follow the FAA taxonomy
based on greatest dimension: Small for x < 1.5 in, Medium
for 1.5 < x < 3.0 in, Large for x > 3.0 in, and Other when
reliable length-based evidence is unavailable [9]. To assign
size labels, we use Appendix B of the FAA report as dimen-
sional support and estimate a representative size for each
retained concept from the matched hazardous-item records.

To assess annotation consistency, we performed human
verification on a random 10% subset of retained samples.
Two annotators were given the image, matched FAA evi-
dence, structured evidence record, and proposed hazard and
size labels, and used a structured checklist to judge whether
the assignment was sufficiently supported. Inter-annotator
agreement was 83.2% (raw agreement) across hazard and
size labels. Agreement was higher for hazard labels than
for size labels, reflecting the more explicit categorical def-
initions in the FAA reference material. Disagreements pri-
marily occurred in borderline cases where the available ev-
idence was insufficiently specific, particularly when distin-
guishing between adjacent size categories or when dimen-
sional evidence was incomplete. In such cases, annotators
followed a conservative strategy, marking samples as un-
supported when evidence sufficiency could not be estab-
lished. While the verification was conducted on a 10%
subset with two annotators, this process was designed as
a consistency check on evidence-grounded label derivation
rather than a full independent annotation study. The use

FOD-A classes FOD-A-H concepts
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Bolt+nut set (540)
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Metal sheet (394)
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Mapped source classes: 13 /31. Excluded classes: 18.

Figure 3. Conservative remapping from original FOD-A classes
to retained FOD-A-H concepts. Only source classes with suf-
ficiently supported FAA correspondences are preserved. Unsup-
ported classes are excluded.

of structured evidence records further reduces ambiguity by
constraining decisions to explicitly documented evidence.

4.2. Dataset Characterization

Figure 4 summarizes the image-level distribution of re-
tained FOD-A-H concepts after conservative evidence-
grounded remapping. The resulting benchmark exhibits a
strongly long-tailed concept distribution: Small fasteners is
the dominant retained category, accounting for 48.7% of
FOD-A-H, while several other concepts are substantially
rarer. We preserve this imbalance because it reflects the
evidence-supported distribution of retained instances in the
source data rather than an artificially balanced construction.

FOD-A-H is also imbalanced at the derived label level.
Hazard labels are concentrated in the Moderate and High
categories, with no retained Low instances under the current
evidence-supported mapping. Size labels are dominated by
Small, with fewer Medium and Large instances and a sub-
stantial number of Other assignments when reliable dimen-
sional evidence is unavailable.

These statistics are important for interpreting benchmark
performance. The dataset is imbalanced both at the concept
level and at the hazard/size label level, which motivates re-
porting macro-F1 in addition to Accuracy. The presence
of the Other size label further reflects a central property of
FOD-A-H: when evidence is insufficient for a reproducible
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Figure 4. Image-level distribution of retained FOD-A-H con-
cepts after conservative evidence-grounded remapping from FOD-
A. Bars show trainval and test counts per retained concept. The
right-side tags indicate the associated hazard and size labels for
each concept under the FAA-aligned mapping.

dimensional assignment, the benchmark preserves that un-
certainty instead of replacing it with a heuristic visual esti-
mate.

4.3. Evaluation Settings

We evaluate FOD-A-H under the two settings.

Class-conditioned grounding: The model receives the
runway image together with the trusted FOD-A object class
and must retrieve FAA evidence to derive hazard level and
size class. This setting isolates evidence-grounded label
derivation from errors in object-class prediction.

End-to-end grounding: The model receives only the
runway image and must first infer the object class, then re-
trieve the relevant FAA evidence, and finally predict hazard
and size. This setting evaluates the full pipeline, including
recognition, retrieval, evidence grounding, and final label
derivation.

4.4. Retrieval and Sufficiency Protocol

To evaluate VLMs on evidence-grounded label derivation
under controlled retrieval conditions, all baselines use the
same retrieval backend [32], to ensure that performance dif-
ferences primarily reflect grounding and reasoning rather
than retriever choice. Following recent visual-RAG practice
[8, 28, 32], we split the FAA report into page-level images
and use these page snapshots as retrieval units [25]. For
each test sample, the retriever returns the top-3 FAA page

images, which are provided to the model together with the
runway image and task prompt. We use VisRAG-Ret [32]
as the shared retriever in all experiments.

During dataset construction, we record for each sample
the FAA page-image IDs that serve as the required support-
ing evidence. At evaluation time, we compare these IDs
against the retrieved top-k page images. Following prior
sufficient/insufficient evidence evaluation [25], we mark a
query-context pair as sufficient if the retrieved set contains
the required supporting page image(s), and insufficient oth-
erwise. For insufficient cases, the correct output is insuffi-
cient to answer rather than a hazard or size label.

Using this protocol, we compare VLMs on more than
final answer accuracy. Correct behavior requires produc-
ing the correct label when the relevant FAA evidence is re-
trieved and abstaining when retrieval does not provide the
necessary support. Our approach and benchmark therefore
evaluate both evidence-grounded prediction and conserva-
tive behavior under incomplete retrieval.

4.5. Baselines

We compare three groups of baselines spanning general-
purpose multimodal models, reasoning-oriented models,
and retrieval-augmented models.

General VLMs: We include strong general-purpose
vision-language models that provide a reference point
for multimodal understanding without explicit specializa-
tion for retrieval-grounded reasoning: Qwen2.5-VL-7B,
Qwen2.5-VL-32B [3], and MiMo-VL-7B-RL [26].

Vision-language reasoning models (VLRMs): We in-
clude recent reasoning-oriented multimodal models de-
signed for more explicit or extended visual reasoning:
Vision-R1 [33], Ocean-R1-7B [18], MM-Eureka [15],
ThinkLite-VL-7B [29], and OpenVthinker [7].

Visual retrieval-augmented generation models
(VRAGSs): We include models explicitly designed for
retrieval-grounded multimodal generation and reasoning:
MMSearch-R1 [30], VRAG-RL [28], and R1-Router [21].
All built upon the Qwen2.5-VL-7B-Instruct architecture
(3]

Together, these baselines enable comparison of
evidence-grounded label derivation across models with
different capabilities, from strong general-purpose VLMs
to reasoning-specialized and retrieval-augmented systems.
All baselines use the same FAA page-image corpus and the
same VisRAG-Ret retriever [32], so differences primarily
reflect grounding and reasoning rather than retrieval
backend choice. All inferences were conducted on a single
NVIDIA RTX PRO 6000 Blackwell GPU, using a unified
prompting setup based on the EVisRAG prompt from the
original EVisRAG paper [25] unless otherwise specified.



Class-Conditioned Grounding

End-to-End Grounding

Hazard Level Size Average Hazard Level Size Average
Model Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
General VLMs
Qwen2.5-VL-7B  59.75 53.21 60.73 5422 60.24 53.72 54.19 48.19 53.81 49.70 54.00 48.95
MiMo-VL-7B-RL 5492 40.72 68.76 4594 61.84 4333 50.51 3394 62.67 41.69 56.59 37.81
Qwen2.5-VL-32B  69.78 61.35 78.63 66.70 7420 64.03 65.23 54.70 71.14 60.28 68.19 57.49
VLRMs
Vision-R1 56.12 50.20 29.42 2791 4277 39.05 48.55 42.37 24.03 20.58 36.29 31.47
Ocean-R1-7B 47.30 48.07 5328 52.71 5029 50.39 40.70 43.08 46.16 46.37 43.43 4472
MM-Eureka 63.52 5827 41.12 3991 5232 49.09 58.89 50.92 37.16 34.07 48.02 42.50
ThinkLite-VL-7B  57.18 54.28 62.19 61.54 59.69 5791 53.78 49.68 56.65 53.88 55.22 51.78
OpenVthinker 66.97 62.80 70.80 70.59 68.88 66.69 5990 57.10 62.98 64.57 61.44 60.83
VRAGs
MMSearch-R1 63.42 59.80 58.09 57.53 60.76 58.66 57.54 5535 54.14 53.60 55.84 54.48
VRAG-RL 47.18 10.28 64.82 11.55 56.00 1091 4039 290 57.20 4.34 4880 3.62
R1-Router 61.36 1621 60.64 15.00 61.00 15.61 54.83 11.83 53.58 7.75 5420 9.79

Table 1. Performance comparison under class-conditioned grounding and end-to-end grounding. Best results in each column are shown in

bold. Average columns report the mean across Hazard Level and Size.

4.6. Metrics

Model family behavior.

General-purpose VLMs provide

We report Accuracy and macro-F1 for hazard level, size
class, and their average across the two inspection labels.
We use macro-F1 because FOD-A-H is imbalanced both
at the retained-concept level and at the derived label level,
so balanced performance across categories is important for
evidence-grounded inspection.

Under the sufficient/insufficient protocol, the gold target
is the original label when retrieval is sufficient and insuffi-
cient to answer otherwise. The reported metrics therefore
jointly measure label prediction under sufficient evidence
and abstention behavior under insufficient evidence.

4.7. Overall Performance

Table 1 evaluates both prediction accuracy and model
behavior under evidence constraints. Under the suffi-
cient/insufficient protocol, correct performance requires
predicting the correct label when relevant FAA evidence
is retrieved and abstaining when it is not, enabling analy-
sis of evidence-aware decision-making. Class-conditioned
grounding consistently outperforms end-to-end grounding,
indicating that a substantial portion of the difficulty lies
in object recognition prior to evidence grounding. How-
ever, the remaining gap shows that even with correct class
information, aligning predictions with retrieved evidence
remains non-trivial. FOD-A-H is challenging across all
models. OpenVthinker and Qwen2.5-VL-32B achieve the
strongest performance, but both degrade in the end-to-end
setting, highlighting the difficulty of jointly solving recog-
nition, retrieval, and evidence-grounded prediction.

the most stable performance, with relatively balanced Ac-
curacy and macro-F1, suggesting reliance on learned vi-
sual and semantic priors. Reasoning-oriented models (VL-
RMs) show mixed results, indicating that improved reason-
ing does not consistently translate to better alignment with
external domain references. Retrieval-augmented models
(VRAGsS) are the least stable: although retrieval provides
access to relevant FAA material, these models often fail to
correctly use it and do not reliably adjust predictions when
evidence is insufficient.

Failure modes. A key pattern is the gap between Accu-
racy and macro-F1, especially for VRAG-based models.
Moderate Accuracy with low macro-F1 indicates inconsis-
tent performance across classes. In insufficient-evidence
cases, many models predict labels instead of abstaining, ef-
fectively treating the absence of evidence as evidence of
presence. Stronger models show better calibration between
prediction and abstention, but still fail when retrieved evi-
dence is only partially relevant or lacks sufficient specificity.

Error sources. Errors arise from multiple stages: object
recognition failures affect retrieval, retrieved evidence may
be misinterpreted, and models often fail to recognize when
evidence is insufficient. Hazard prediction primarily re-
quires alignment with FAA categories, while size prediction
requires interpreting dimensional ranges, making it more
sensitive to incomplete or ambiguous evidence.

Overall, success on FOD-A-H requires correct recog-



Q: What is the size class of the screw?

Image 4

Q: What is the size class of the metal strip?

Image 3
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<evidence>

[1]1, [2]: no relevant information for the size of the
screw.

[3]: the table lists various screws with their lengths in
inches. For example, screws with lengths of 1.125,
0.875 and 0.625 inches etc., are listed.

[4]: table 2 shows the size classes of hazardous items
based on the size in inches: Small (x < 1.5), Medium
(1.5 £ x <3.0), Large (x = 3.0), and Other (no
length).</evidence>

<answer>small</answer>

(a) Sufficient evidence.

<evidence>

[1]: no relevant information for the size of the metal
strip.

[2]: no relevant information for the size of the metal
strip.

[3]: the table lists various screws with their lengths in
inches. For example, screws with lengths of 1.125,
0.875 and 0.625 inches etc., are listed.

evidence>

<answer>insufficient to answer</answer>

(b) Insufficient evidence.

Figure 5. Qualitative examples of evidence-guided size grounding in FOD-A-H. (a) two screw images at different visual scales are assigned
the same size label (Small) because the FAA size taxonomy provides consistent dimensional support. (b) for the metal strip, the retrieved
material is relevant but does not provide sufficiently specific dimensional evidence, so the correct outcome is Insufficient.

nition, retrieval, evidence alignment, and conservative be-
havior under insufficient evidence, highlighting current
limitations of VLMs in safety-critical, evidence-grounded
decision-making.

4.8. Qualitative Evidence-Grounding Results

To complement the quantitative results, we provide quali-
tative examples that illustrate the evidence-grounded deci-
sion patterns evaluated by FOD-A-H. Figure 5 shows two
size-grounding examples from FOD-A-H. In the first case,
two screw images at different visual scales receive the same
size label because the assignment is supported by matched
FAA records and the FAA size taxonomy rather than image
scale alone. In the second case, the retrieved material is rel-
evant to the depicted metal strip but does not provide suffi-
ciently specific dimensional support for a reproducible size
assignment, so the correct outcome is insufficient
to answer.

5. Conclusion

We introduced Evilnspect, an evidence-guided annota-
tion framework for industrial inspection settings in which
labels must be derived from visual evidence interpreted
through external domain references. By structuring anno-
tation around reference retrieval, evidence recording, and
human verification of evidence sufficiency, Evilnspect sup-
ports transparent and reproducible label construction for
safety-relevant tasks.

We instantiated the framework in airport FOD inspec-
tion and introduced FOD-A-H, an evidence-grounded ex-

tension of FOD-A with hazard and size annotations derived
from FAA reference material. Experiments with state-of-
the-art VLMSs show that FOD-A-H remains challenging un-
der both class-conditioned and end-to-end grounding, high-
lighting the combined difficulty of recognition, retrieval,
and evidence-grounded decision-making.

More broadly, our results suggest that progress in vision-
based industrial inspection should be evaluated not only
by prediction accuracy, but also by whether decisions
are grounded in sufficient evidence under domain-specific
rules, enabling safer and more auditable inspection work-
flows.

While Evilnspect is formulated in a domain-agnostic
manner, we evaluate it here in a single FOD inspection set-
ting with one FAA reference corpus. FOD-A-H also uses
concept-level hazard and size mappings, resulting in lim-
ited instance-level variation, but still evaluates evidence-
grounded behavior through retrieval alignment and absten-
tion under insufficient evidence. Extending to broader do-
mains and stronger instance-level variation is an impor-
tant direction for future work, along with studying how
evidence-grounded supervision can improve model devel-
opment and human-AlI inspection pipelines.
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