
1

Image-Edge Position and Recorded Vehicle Occlusion

Abstract
Eligible KITTI car boxes with a left coordinate at most five pixels have a raw occlusion fraction of 0.178,
compared with 0.516 for other boxes. After depth and sequence adjustment, the estimated difference is
-0.079, with a 95 percent interval from -0.184 to 0.027. This analysis concerns a declared left-coordinate
boundary, not every image edge. It uses labels only and assumes no right-edge image width. The result
illustrates how a strong raw visibility contrast can change under an explicit observational comparison.

1. An edge condition needs a known coordinate rule
An image-edge indicator can be defined in several ways, but each requires appropriate information. A
left-coordinate threshold can be constructed directly from released boxes. A right-edge threshold also
needs the relevant image width, which this label-only analysis does not assume. The present study
therefore uses one deliberately narrow condition: the annotated left coordinate is at most five pixels. It
asks how recorded occlusion differs under that rule and how the contrast changes after available
adjustment.

OmniDrive proposes generated driving scenes with multiple synchronized views (Meng et al., 2026d).
Boundary objects are relevant to that evaluation agenda because their observation coverage can differ
across cameras. The present study does not inspect generated views, reconstruct image geometry, or
assess the focal method. It describes a public annotation relationship. The empirical contribution is a
clearly defined coordinate condition and its observed visibility contrast, without presenting one
left-boundary proxy as a complete measurement of all edge positions or truncation events.

The choice of statistical unit should precede the choice of a standard error. A dataset can contain many
rows but relatively few independently acquired histories. Heteroskedasticity-consistent covariance
protects an otherwise specified regression against unequal residual variances (White, 1980). It does not
automatically accommodate observations sharing an environment, subject, or recording. Cluster-robust
inference makes that dependence part of the variance calculation (Cameron and Miller, 2015). The
grouping must follow the observation process and the claim being made; an identifier that is convenient to
store is not necessarily the relevant independent unit. For a descriptive analysis, preserving the groups
also allows readers to recalculate a different population average. An uncertainty interval remains
conditional on the observations and assumptions actually available.

Road-scene benchmarks vary in what they observe and what their annotations mean. KITTI (Geiger et al.,
2012) and nuScenes (Caesar et al., 2019) provide different autonomous-driving data settings, while
BDD100K (Yu et al., 2018) and the Waymo Open Dataset (Sun et al., 2019) broaden the available tasks
and collections in other ways. A study should select a source because its records fit the scientific question,
not because several benchmark names appear together in the literature. Documentation of collection,
processing, and intended use makes that choice assessable (Gebru et al., 2021). The same discipline
applies within one source: tracking annotations and detection annotations need not share every label
convention. An analyst should consult the relevant archive definition rather than import a familiar
interpretation from another task. When only labels are processed, conclusions concern those labels and
their observed relationships. Visual realism, cross-view compatibility, and downstream detector utility
remain further outcomes that require appropriate inputs and measurements. A clear evidence boundary
makes the annotation analysis useful without presenting it as a completed evaluation of a driving
generator.
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2. Data, threshold, and adjusted specification
The input is the KITTI tracking training-label archive. Eligible rows are Car annotations with nonnegative
track identifiers, positive camera-depth coordinate, and occlusion code zero, one, or two. Any positive
eligible occlusion code defines the binary outcome. There are 26,805 rows in twenty sequences, linked to
574 sequence-specific tracks. The boundary indicator equals one when the released left box coordinate is
at most five pixels. It does not use an inferred camera width, a normalized image fraction, or a symmetric
right-edge condition.

The boundary group contains 1,900 rows. Its mean binary occlusion is 0.178, compared with 0.516 for the
other eligible rows. These are annotation-weighted summaries. They do not imply that every boundary
vehicle is fully visible or that the left-coordinate threshold identifies all forms of truncation. Box location
and the archive's truncation and occlusion labels remain distinct recorded properties. The analysis
preserves that distinction rather than treating a convenient coordinate rule as a substitute for every
visibility annotation.

A linear probability model relates any occlusion to the boundary indicator, base-two log depth, and
sequence indicators. It uses sequence-clustered standard errors with the saved t-based interval. The
boundary coefficient is -0.0790, with a 95 percent interval from -0.1845 to 0.0265. Thus the adjusted
point estimate remains negative but is much smaller than the raw contrast and uncertain under the chosen
specification. The interval includes zero, so the result does not establish a precisely negative conditional
difference in a broader population.

The scientific interpretation should specify what would change under the proposed intervention. Holding
an observed covariate fixed statistically is not equivalent to manipulating it in an environment. A causal
graph helps separate confounders, mediators, and selection mechanisms (Greenland et al., 1999). It can
also reveal why controlling for every recorded variable is not automatically defensible. Meanwhile, an
evaluation with multiple conditions and endpoints creates a family of opportunities for apparently striking
findings. Multiplicity methods require a declared set of comparisons and an appropriate inferential
purpose (Benjamini and Hochberg, 1995). Descriptive tables may be useful without testing every cell.
When the data do not identify a mechanism, the appropriate contribution can be a sharper question and a
transparent comparison rather than an unsupported causal answer.

The tracking literature makes the unit of a temporal claim explicit. HOTA addresses higher-order tracking
assessment (Luiten et al., 2020), ByteTrack develops an association approach (Zhang et al., 2021), and
AB3DMOT concerns three-dimensional multi-object tracking (Weng et al., 2020). A road-scene study
can use those distinctions to separate objects, annotations, trajectories, and predictions. They should not
be pooled simply because each occupies a row in a table. A label-only analysis describes the reference
trajectories that were recorded; a tracker benchmark requires matching predictions to those references. A
generated-video consistency study needs another explicit definition of cross-view and temporal object
identity. The relevant records should retain sequence, time, class, and correspondence information
wherever available. Missing or ambiguous matches should remain visible rather than become assumed
successes. This design connects descriptive visibility evidence to future evaluation while respecting the
absence of newly run tracking models or generated scenes in the present annotation archive.
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3. What the changing contrast does and does not show
The difference between raw and adjusted summaries indicates that the comparison depends on observed
depth and sequence composition. It does not establish that those controls capture every relevant scene
property. Boundary position can be associated with vehicle paths, camera motion, object selection, and
other unmeasured conditions. The model is observational. Moving an otherwise identical vehicle to the
boundary is not an intervention carried out by this study, and the coefficient should not be interpreted as
its causal effect on visibility.

The threshold is also a chosen descriptive rule. Five pixels is not claimed to be a universal physical
boundary or a validated failure threshold for a perception model. A planned sensitivity study could
examine several declared thresholds, but the present result should remain tied to the one actually
computed. The analysis does not expand the condition to the right edge or all camera views without
additional width and calibration evidence. That restraint is necessary for the coordinate-based finding to
remain reproducible.

For generated-road evaluation, a future protocol could collect explicit boundary and truncation conditions
across synchronized cameras. It would need actual clips, known image geometry, object correspondences,
and valid visibility assessment. A reference-data contrast cannot establish whether a generator creates or
preserves compatible boundary objects. The current result instead helps define a narrower sampling
condition and shows why raw averages deserve composition checks. It also keeps unavailable visual and
geometric evidence separate from the label calculations already completed in the public archive.

A complete road-scene assessment needs a profile of outcomes. Structural similarity (Wang et al., 2004),
learned perceptual correspondence (Zhang et al., 2018), generative video-distribution comparison
(Unterthiner et al., 2018), and VBench's multiple dimensions (Huang et al., 2023) offer different
measurement resources. Their relevance depends on the claim, reference availability, and observation
unit. A strong score in one representation does not establish that a vehicle occupies a compatible location
in every camera or persists coherently through an occlusion. The evaluation should therefore retain
targeted scene checks alongside general visual measurements. It should also identify clips or conditions
for which a score cannot be obtained validly. Label summaries can help define such difficult conditions,
but they are not substitutes for generated visual observations. A secondary analysis of annotations remains
a description of recorded objects and visibility. Any later claim about appearance, synchronization, or
temporal quality requires the corresponding output data and a separately implemented assessment rather
than an inference from the archive's label distribution.

A validation split defines which form of transfer has been observed. Related observations can share
subjects, scenes, prompts, or acquisition conditions, so randomly splitting rows may leave important
information on both sides of the boundary. Structured cross-validation addresses these dependencies
(Roberts et al., 2017). Model selection introduces another boundary: choosing a representation, threshold,
or tuning parameter using the final assessment data makes the resulting error estimate optimistic (Varma
and Simon, 2006). The appropriate held-out unit follows the intended future use. Generalization to a new
frame, a new trajectory, and a new subject are not equivalent claims. A study should record those units
before fitting or choosing a scoring rule, and preserve an assessment set that has not become part of
iterative development.

Difficult cases can disappear at several stages: data eligibility, generation, measurement, and final
scoring. Each exclusion changes the population represented by the reported result. Coverage-aware
evaluation makes those decisions visible (Geifman and El-Yaniv, 2017). A confidence score should also
be checked when the input distribution changes, because uncertainty under shift is an empirical property
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rather than a guarantee of the model interface (Ovadia et al., 2019). An informative record preserves
failures to produce an output and failures to obtain a valid measurement. Treating either as absent data
without explanation can inflate apparent reliability. A proposed method should state its unsupported
conditions and test the boundary between accepted and rejected cases as carefully as the quality of its
successful outputs.

4. Assessing a proposed driving-world claim
World-model research connects learned scene dynamics to possible downstream use, but the evidence
needed depends on the intended use. World Models (Ha and Schmidhuber, 2018) and Dreamer (Hafner et
al., 2019) motivate learning predictive representations and behavior from experience. CLIP (Radford et
al., 2021) and IP-Adapter (Ye et al., 2023) illustrate other roles for language and image evidence in
conditioning or representing content. Offline reinforcement learning highlights the limits imposed by a
fixed observation distribution (Levine et al., 2020). These sources do not establish that a plausible driving
video improves perception or supports safe control. Such claims require direct task evaluation under
declared training and assessment conditions. A proposed multi-agent scene generator can be assessed for
instruction execution, consistency, and resource use before any downstream benefit is claimed. An
annotation-only result supplies background about the observed data population, not a substitute for those
outcomes. The relevant conclusion should therefore match the measurement performed and leave untested
behavior, utility, and transfer as explicit future empirical questions.

An automated measurement should not inherit the authority of its training labels without a direct
assessment of use. The relevant checks include systematic disagreement with the intended procedure
(Bland and Altman, 1986) and calibration of any probability claims (Guo et al., 2017). Ranking
performance, absolute accuracy, and confidence reliability are distinct outcomes. A study can improve
one while leaving the others unchanged. Keeping the measurements separate permits examination of those
tradeoffs and avoids implying that one favorable statistic establishes all aspects of validity. When
independent judgments are unavailable, the limitation should remain part of the result. The absence of a
target observation cannot be repaired by combining several correlated proxies into a more elaborate total
score.

An evaluation remains comparable only if its inputs and transformations can be identified. The FAIR
principles emphasize persistent identification and reusable scientific metadata (Wilkinson et al., 2016).
Work on machine-learning technical debt highlights how dependencies and hidden couplings accumulate
in a pipeline (Sculley et al., 2015). In this setting, a score should be linked to the exact references,
generation settings, evaluator version, and aggregation rule that produced it. A replacement checkpoint or
a revised eligibility filter may change the scientific question even when the output column keeps the same
name. Preserving such changes in a release record permits later comparisons to be interpreted honestly.
The objective is not maximum documentation volume, but a recoverable account of the decisions that
affect the result.

5. Conclusion
The declared left-boundary group has a much lower raw occlusion fraction, while the adjusted contrast is
smaller and uncertain. This is an annotation association under a specific coordinate rule. It does not cover
every image edge or establish a causal position effect. Its contribution is a reproducible example of how
boundary definitions, composition adjustment, and data availability shape the interpretation of visibility
evidence used to design future driving-generation tests.
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