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Truncation and Occlusion as Different Labels in Driving Data

Abstract
Truncation and occlusion do not identify the same vehicle observations in KITTI tracking annotations.
Among 26,805 eligible car rows, 2,735 have a positive truncation code, and only 935 of those are also
marked occluded. A depth-adjusted, sequence-controlled linear probability model estimates a 0.076
occlusion difference for positive truncation, with a wide interval spanning zero. This label-only secondary
study highlights distinct visibility concepts. It provides conditions for future driving-video evaluation
without measuring a generator, detector, or deployed driving system.

1. Different labels describe different observation problems
A vehicle can extend beyond the image boundary without being hidden by another object, or it can be
occluded while remaining inside the recorded frame. These are different relationships between the object
and the observation. An evaluation that combines them into one generic visibility label can obscure the
evidence required for each test. The present study compares the released truncation and occlusion codes in
KITTI's tracking archive, using the definitions of that archive rather than importing another task's label
scale.

OmniDrive proposes multi-agent choreography and latent co-compression for multi-view driving video
generation (Meng et al., 2026d). This motivates evaluating difficult observation conditions separately.
The current study does not generate video, reproduce OmniDrive, or verify its reported multi-view results.
It analyzes reference annotations to clarify the population that a future visibility-focused test could
sample. The distinction is substantive: a label association can inform evaluation design, but it cannot
establish that a model handles either visibility problem successfully.

Replication has several levels: a second measurement, a second trajectory, and a second independently
acquired setting are different additions to evidence. Statistical calculations should retain those
distinctions. Heteroskedasticity-robust regression inference concerns unequal conditional variances
(White, 1980); cluster-robust inference concerns dependencies shared within groups (Cameron and
Miller, 2015). The group definition should be justified through the data collection and evaluation process,
and not chosen because it produces a preferred significance result. Unequal group sizes also influence
what a pooled average represents. Reporting both the group count and observation count permits a reader
to see whether the calculation describes common cases, heavily recorded cases, or an explicitly balanced
group population. No variance estimator alone resolves that choice of estimand.

A driving-data analysis should preserve the path from a benchmark's broad description to the specific
observations it uses. KITTI (Geiger et al., 2012), nuScenes (Caesar et al., 2019), BDD100K (Yu et al.,
2018), and Waymo's open perception collection (Sun et al., 2019) differ in their data organization and
assessment purposes. Datasheets encourage documenting why a particular subset is appropriate (Gebru et
al., 2021). For annotation-only work, the key details include sequence selection, class definitions,
visibility eligibility, track identity, and the units of recorded coordinates. These determine what a
row-level association represents. They also limit transfer: observations from one archive do not
automatically describe every road, sensor configuration, or generated scene. A result can guide future
benchmark construction while remaining descriptive. The next empirical step would obtain the visual or
geometric evidence required by the proposed capability claim. Keeping that step separate avoids implying
that an annotation table has already tested a generator's synchronized cameras, physical compatibility,
perception benefit, or behavior in a deployed driving system.
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2. Eligible annotations and the adjusted comparison
The source is the public KITTI tracking training-label archive. Eligible rows have class Car, a
nonnegative track identifier, positive recorded camera-depth coordinate, and an occlusion code of zero,
one, or two. They yield 26,805 annotations from 574 sequence-specific tracks across twenty sequences.
Truncation is represented by the archive's integer code. The analysis defines positive truncation as a code
above zero and any occlusion as an occlusion code above zero. It does not treat truncation as the fractional
quantity used in a different annotation setting.

The cross-tabulation has 11,826 rows with neither positive truncation nor occlusion, 12,244 occluded
rows without positive truncation, 1,800 positively truncated rows without occlusion, and 935 with both.
Positive truncation therefore appears in 2,735 rows, or 10.2 percent of eligible annotations. These counts
show substantial nonoverlap between the labels. They do not establish whether any label is erroneous;
both can be consistent descriptions of different aspects of the same recorded object.

Ordinary least squares relates the binary occlusion outcome to positive truncation, base-two log depth,
and sequence indicators. This is a linear probability model with sequence-clustered standard errors and the
saved t-based interval. The truncation coefficient is 0.076, with a 95 percent interval from -0.062 to 0.214.
In percentage-point terms, the estimate is 7.6 with substantial uncertainty under this specification. The
interval should not be read as precise evidence that truncation necessarily increases occlusion after
adjustment.

An association can suggest a research direction without identifying an intervention. Causal diagrams
make it possible to state which variables precede the proposed change, which are consequences, and
which selection processes remain uncontrolled (Greenland et al., 1999). Their value lies in exposing
assumptions rather than decorating a regression with a causal label. A second issue arises when many
outcomes or subgroups are explored: selecting the most favorable comparison can exaggerate the
impression of support. False-discovery procedures address a defined family of inferential tests (Benjamini
and Hochberg, 1995). They do not turn an exploratory pattern into a replicated mechanism. A careful
report distinguishes prespecified comparisons, descriptive sensitivities, and hypotheses requiring new
observations. This distinction is especially important when an evaluation offers many plausible metrics.

Temporal identity is an assessment target distinct from per-frame appearance. HOTA (Luiten et al., 2020)
provides a tracking-evaluation foundation, while ByteTrack (Zhang et al., 2021) and AB3DMOT (Weng
et al., 2020) illustrate practical association settings with different input structures. A study drawing on this
literature should still distinguish reference labels from algorithm outputs. Repeated ground-truth
annotations can describe track lengths, visibility changes, and the observation population, but they cannot
establish detection recall or association accuracy in the absence of predictions. For a driving generator, a
separate protocol would need to define how an object is identified across views and time and what counts
as a consequential inconsistency. A pair of plausible camera images is insufficient evidence if their
objects cannot belong to one scene. Conversely, a difficult visibility interval can make assessment
uncertain without proving an error. Preserving the observation hierarchy and assessment coverage
connects a useful annotation result to such a protocol without claiming that the protocol has already
produced a performance finding.
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3. What adjustment and label separation accomplish
The adjusted coefficient differs from a simple interpretation of the cross-tabulation because depth and
sequence composition also enter the fitted comparison. Adjustment defines a partial association; it does
not turn label co-occurrence into a causal effect. Occlusion and truncation can share unmeasured scene
conditions, object positions, and annotation practices. The model has not randomized either property, and
its binary construction intentionally discards differences among positive codes. Alternative label
granularities would answer different descriptive questions.

Repeated annotations share vehicles and recording histories. Sequence clustering acknowledges one
declared dependence level, but only twenty eligible sequences are available for the car analysis. The raw
row count should not be mistaken for that many independently acquired scenes. Nor do the filters describe
every object in the archive. They exclude other classes and uncertain occlusion codes from this particular
comparison. The final claim should therefore remain tied to the eligible car-label population rather than to
all road users or all forms of poor visibility.

A future generated-video test could include separate truncation and occlusion conditions with adequate
cross-view evidence. It would need actual clips, object correspondences, and independent assessment of
whether the same scene remains compatible across cameras. The present study supplies none of those
outcomes. Its contribution is to keep the annotation concepts distinct so that a broad visibility average
does not hide which condition was tested, which was omitted, and which remained unassessable in a later
generation experiment.

Generated-video quality should not be reduced to a single unqualified resemblance score. Structural
similarity (Wang et al., 2004), LPIPS (Zhang et al., 2018), FVD (Unterthiner et al., 2018), and VBench
(Huang et al., 2023) measure or organize different aspects of visual evidence. Their units and input
requirements differ. A paired image comparison is not the same as a collection-level distributional
assessment, and neither automatically verifies object compatibility between camera views. A
driving-world claim should therefore state its intended consequence and select observations accordingly.
Synchronized scene geometry, temporal persistence, instruction execution, and general visual appearance
may all matter while remaining distinct. If the current empirical input is an annotation archive, none of
these visual outcomes has been newly measured. The archive can reveal where difficult visibility or
sparse support occurs and can guide later test sampling. A clear separation between that descriptive role
and a proposed generation evaluation prevents a useful data analysis from being presented as a completed
validation of visual realism or world-model consistency.

An evaluation protocol should state what remains unfamiliar at assessment time. Leaving out an
observation while retaining its close relatives can test interpolation rather than the broader transfer
suggested by the study's wording. Validation methods for structured data emphasize matching the split to
temporal, spatial, or hierarchical dependence (Roberts et al., 2017). Separately, parameter selection can
bias an evaluation if the same observations guide both choices and reporting (Varma and Simon, 2006).
These issues are not solved by calling a split a test set. The record should identify shared sources, the
information accessible during development, and the stage at which each design choice was fixed. A result
can be informative within a narrow boundary while providing no direct evidence about a more distant
deployment population.

Coverage should be reported whenever the system or its evaluator can avoid difficult cases. An abstention
policy changes the population on which an accuracy or fidelity score is calculated. Selective classification
formalizes the joint reporting of coverage and conditional performance (Geifman and El-Yaniv, 2017).
Distribution-shift research adds that estimated uncertainty can behave differently outside the development



4

population (Ovadia et al., 2019). A benchmark should therefore retain which observations were eligible,
accepted, rejected, or unavailable. A result on a carefully limited subset can be useful, provided the subset
is visible. The challenge is to prevent a narrow success claim from becoming a broad capability claim
through omission of the denominator or the circumstances in which the system declines to operate.

4. Measurement and transfer across road scenes
Prediction, generation, and decision utility are related research goals with distinct assessment
requirements. World Models (Ha and Schmidhuber, 2018) and Dreamer (Hafner et al., 2019) investigate
learned representations and behavior in particular settings. CLIP (Radford et al., 2021) supplies a
visual-language representation, while IP-Adapter (Ye et al., 2023) supplies an image-conditioning route.
Offline reinforcement learning (Levine et al., 2020) further motivates attention to the distributional
support of fixed experience. None of these roles makes an untested generated driving scene useful for
every downstream task. A study should specify whether it observes semantic compliance, scene
compatibility, perception transfer, or behavior under a declared decision process. The required inputs and
failure definitions follow from that choice. An annotation archive can describe visibility and coverage in
recorded data, but it has not generated synthetic training examples or measured their consequences. Its
scientific value is to inform targeted follow-up conditions while keeping the claims about unperformed
generation, task transfer, and control separate from the descriptive result.

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
KITTI tracking truncation and occlusion identify overlapping but clearly different sets of eligible car
annotations. The adjusted positive-truncation association is uncertain under the chosen model. These
findings support separate visibility records and condition-specific evaluation. They do not measure
generator robustness or explain the label relationship causally. A future driving-world study should retain
the distinction and obtain the visual evidence needed before either label-based condition becomes a claim
about generated scene quality or operational capability.
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