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Abstract

A trajectory file's first and last timestamps can conceal long intervals without intervening reference poses.
Across 52 public TUM RGB-D pose files, intervals longer than 50 milliseconds accounted for 5.26% of
elapsed time on an equal-file basis. Eighteen files contained such intervals; the largest individual gap
was about 130 seconds. Restricting both chord distance and duration to shorter intervals changed the
mean distance rate from 0.2034 to 0.2117 meters per second, with an uncertain mean difference. The
audit makes the supported interval explicit while leaving the missing trajectory unresolved.

Availability audit of official camera reference trajectories. Excluding long intervals identifies a different observed-time
summary; it does not reconstruct the unobserved physical path.
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Which Seconds Were Observed? Reference-Trajectory Gaps
and Distance-Rate Summaries

> Availability audit of official camera reference trajectories. Excluding long intervals identifies a different
observed-time summary; it does not reconstruct the unobserved physical path.

Abstract

A trajectory file's first and last timestamps can conceal long intervals without intervening reference poses.
Across 52 public TUM RGB-D pose files, intervals longer than 50 milliseconds accounted for 5.26% of
elapsed time on an equal-file basis. Eighteen files contained such intervals; the largest individual gap was
about 130 seconds. Restricting both chord distance and duration to shorter intervals changed the mean
distance rate from 0.2034 to 0.2117 meters per second, with an uncertain mean difference. The audit
makes the supported interval explicit while leaving the missing trajectory unresolved.

A path between observations is an assumption

Joining two recorded camera positions with a straight line is a useful numerical operation. It does not
establish that the camera traveled along that line or that its movement was observed throughout the
intervening time. When reference measurements disappear for a substantial interval, the sum of adjacent
chords and the time span between the first and last records can conceal different kinds of missing
information.

We examine how much of an available reference-file span lies outside closely observed intervals and how
a distance-divided-by-duration summary changes when its numerator and denominator use the same
retained intervals. The primary operational definition retains adjacent observations at most fifty
milliseconds apart. A twenty-millisecond alternative is calculated separately to show sensitivity to the
chosen definition.

Meng, 2026 addresses scale-calibrated camera-motion transfer. We do not test that transfer method or
estimate its parallax number. The connection is a requirement for interpreting geometric summaries: the
time and position support underlying a distance claim should be stated before the number is used to
characterize camera motion. A reference gap is not resolved merely by having metric coordinates at its
endpoints.

The goal is an availability audit rather than a corrected estimate of continuous travel. A short-interval
summary excludes some periods; an all-span summary includes them through endpoint chords and
elapsed time. Their difference is informative about the reporting convention. It does not identify which
summary is closer to an unobserved physical path that the reference file does not supply.

Acquiring the public text subset

The official TUM RGB-D resource supplies RGB-D sequences and camera reference trajectories (Sturm
et al., 2012). We download the separately linked ground-truth text files, leaving the much larger image
and bag archives outside this acquisition. The captured listing contains 53 distinct public trajectory-text
links. Their total downloaded size is 42,008,171 bytes, and original files are retained with hashes and
source URLs.

One file contains comments but no numerical pose rows. The remaining 52 contain 615,924 raw pose
records. We record the comment-only file explicitly instead of counting it as a usable trajectory. No



withheld validation ground truth is obtained. The public source license permits attributed use under its
stated conditions, and the local text bundle retains attribution and the original byte content.

The official format describes timestamp, three position coordinates and a quaternion (TUM Computer
Vision Group, 2026). Position refers to the optical center of the color camera in the motion-capture world
frame, with time expressed in seconds since the Unix epoch. This point definition matters: the rows are
not an estimated vehicle center, an arbitrary sensor origin or newly inferred scene geometry.

The collection contains different experimental roles, including motion sequences and calibration
recordings. We include all usable public numerical files rather than select only ones described as visually
interesting. The resulting equal-file average describes this acquired collection. It is not an estimate of the

motion characteristics of a randomly sampled population of cameras, rooms or autonomous systems.

Other reference resources, such as KITTI, EuRoC and TUM VI, have their own acquisition and
evaluation conventions (Geiger et al., 2012; Burri et al., 2016; Schubert et al., 2018). They provide
context for the need to inspect support, not additional observations in the present denominator. In
particular, the existence of ground truth in one part of another benchmark does not establish continuous
reference availability in these text files.

Resolving ambiguous timestamps without choosing a preferred pose

The initial structural check found repeated timestamps carrying different pose values. A strict
original-order rule would have rejected nineteen entire numerical files because their timestamps were not
strictly increasing. Before writing the manuscript, we replaced that overly coarse admission rule with
explicit timestamp curation and preserved the initial audit as an exploratory artifact.

The final rule first checks for exact duplicate rows, then removes every row at a timestamp that still
carries different pose values. No exact row duplicates are present. Seventy-four ambiguous timestamps
involve 149 rows, all of which are excluded from the analysis copy. We do not select the first value,
average conflicting poses or infer which value a motion-capture system intended to report.

The remaining observations are ordered chronologically, yielding 615,775 poses across all 52 numerical
files. The original downloads remain intact. Curation has its own record of removed timestamp groups,
row counts and the processed archive hash. This makes it possible to distinguish an observed source
record from the unique-time series used in the calculations.

Removing ambiguous timestamps can itself affect nearby interval lengths. The gap statistics therefore
belong to the curated series, not to an assertion that every long interval existed independently of
processing. The affected row count is small relative to the inventory, but its treatment remains part of the
design. We do not assume that ambiguity or missingness follows a random mechanism.

Missing-data analysis distinguishes observed support from assumptions used to recover unobserved
values (Little and Rubin, 2002). Here no recovery model is fitted. Keeping ambiguous rows out of an
arithmetic interval calculation is a data-definition decision; it does not establish accurate clocks or
eliminate uncertainty in the retained physical reference measurements.

Distance, duration and the fifty-millisecond gate

Within each curated file, we calculate the time between adjacent records and the Euclidean distance
between their camera-center positions. Summing all distances gives the all-adjacent chord path. Summing
all time differences gives the elapsed span. Their ratio is an all-span chord rate, expressed in meters per
second.



For the supported-interval summary, we retain only adjacent pairs separated by at most 0.05 seconds. We
sum their chord distances and their durations separately, then divide those retained totals. A long gap
contributes neither its endpoint chord nor its duration to this conditional summary. It is not filled with a
zero velocity, interpolated trajectory or an estimate of the missing traveled distance.

The unsupported elapsed fraction is the sum of excluded interval durations divided by the full span. It is
an operational coverage measure tied to the cutoff. Fifty milliseconds is not asserted to be an official
missing-data standard or a universal maximum interval for accurate motion reconstruction. The source's
nominal acquisition description does not make every retained timestamp spacing identical.

Trajectory-evaluation research emphasizes the distinction between alignment, temporal correspondence
and the metric used to summarize an error (Zhang and Scaramuzza, 2018). Our calculation evaluates none
of those error metrics against an estimated trajectory. It examines the reference series itself and retains the
time support needed to interpret a motion summary before an algorithm comparison is attempted.

Geometric frameworks define positions, poses and their composition (Hartley and Zisserman, 2004;
Barfoot, 2017; Blanco-Claraco, 2021). We use only the supplied camera-center translations for this audit.
No orientation parameterization is needed for the chord calculation, and no pose-estimation method is
substituted when reference samples are absent.

File-level models

53 official trajectory texts; 52 numeric Adjacent chords and elapsed intervals

615,924 raw reference pose rows 50 ms primary / 20 ms alternative

support
Compute
Curate .
Summarize
Y
Remove 149 conflicting-timestamp A 4
rows

615,775 ordered poses; raw files kept Missing-time fraction / matched rates

52 file rows; HC3 t51; no imputation

Endpoint chords do not recover missing travel; supported-time rate changes its time set; related motion and calibration recordings are not
independent camera replications.

Figure 1. Timestamp curation precedes interval calculations. Long-interval duration and endpoint chords are
separated from the short-interval distance and time used in the conditional rate; missing paths remain unestimated.

Model 1 summarizes the unsupported elapsed fraction with one intercept and 52 file rows. Model 2
summarizes the supported-interval chord rate minus the all-span chord rate, paired within the same file.
Both regressions use HC3 covariance, t51 intervals and no covariates. Intercept-only R-squared is zero
apart from numerical rounding.

Heteroskedasticity-consistent inference supplies a working variance across file summaries (White, 1980).
Related recordings can share devices, environments and acquisition processes, which this covariance does
not fully represent. A clustering approach would also require a defensible grouping and enough



independent groups (Cameron and Miller, 2015). We therefore describe the intervals as conditional
summaries rather than established coverage for future motion-capture studies.

Table 1. Equal-file means, N=52, intercept-only OLS, HC3 standard errors and t51 intervals. M1 uses a fraction of
elapsed time; M2 uses meters per second. A positive M2 coefficient describes a changed observation-time estimand,
not a correction proven to recover true average speed.

Model Term Estimate (SE) 95% CI N
Ml Mean outcome/contrast ~ 0.052580 (0.023859) [0.004681, 0.100478] 52
M1: fit R-squared = 0.0000 - - 52
M2 Mean outcome/contrast ~ 0.008345 (0.004868) [-0.001427,0.018118] 52
M2: fit R-squared = 0.0000 - - 52

Model labels: M1 = Fraction of elapsed span in intervals longer than 50 ms; M2 = Supported-chord rate
minus all-span chord rate.

Eighteen of the 52 files contain at least one adjacent interval longer than fifty milliseconds, with 359 such
intervals in total. The mean unsupported fraction is 0.052580, standard error 0.023859 and interval
[0.004681, 0.100478]. Most files have no interval crossing this cutoff, so a modest collection average can
coexist with substantial missing support in individual files.

Across files, total elapsed span is 3,208.285 seconds and retained interval time is 2,890.706 seconds. All
adjacent chords total 604.040 meters, of which 576.154 lie on retained intervals. The difference, 27.886
meters, is a sum of long-gap endpoint chords. It is not the distance known to have been traveled during
those gaps.

Only 359 of the 615,723 adjacent intervals cross the primary cutoff, yet together they contain about
317.579 seconds. An interval-count coverage statistic would give each tiny step the same weight as a
ninety-second gap and could make missing time appear negligible. Duration weighting reveals a different
aspect of availability. We retain both the edge count and elapsed-time quantities rather than substitute one
coverage denominator for the other.

These spans begin and end at the available reference-file timestamps. They are not established
image-recording spans, because RGB timestamps are not associated in this text-only acquisition. A
camera may have image observations outside or inside a particular reference period. The present fractions
therefore describe time within the pose file and cannot be reported directly as the fraction of video frames
lacking reference truth.

The equal-file mean all-span chord rate is 0.203404 meters per second, compared with 0.211749 for
retained intervals. Model 2 estimates their mean difference at 0.008345, standard error 0.004868 and
interval [-0.001427, 0.018118]. The interval crosses zero. More importantly, the two rates summarize
different time sets even where their numerical difference is small.

Long gaps are concentrated rather than evenly distributed

The freiburg?2 large-no-loop file has an unsupported fraction of about 0.804063 under the primary gate,
with a maximum interval of 90.1232 seconds. The large-with-loop file has a fraction of 0.755927 and a
maximum interval of 129.8651 seconds. The official listing already notes incomplete middle reference
coverage for these long recordings; the numerical audit makes that support explicit.



Other files also matter. The freiburg? large-checkerboard calibration recording has an unsupported
fraction of 0.559117, while the freiburg2 desk file has 0.257268. We retain them rather than redefine the
cohort around the two known large-loop examples. Influence analysis motivates inspecting concentrated
contributions without silently deleting them (Cook, 1977).

The twenty-millisecond alternative gives an equal-file unsupported fraction of 0.056159 and a mean rate
change of 0.008480 meters per second. These values are close to the primary summaries in this acquired
collection. They do not prove that every file is insensitive to the cutoff or that any chosen threshold
identifies fully observed continuous motion.

Measurement scale and weighting both affect interpretation (Stevens, 1946; Solon et al., 2015).
Averaging file-specific fractions gives each file equal importance; dividing pooled excluded time by
pooled span weights long files more heavily. Similarly, an average of file-specific rates differs from one
total-distance-to-total-time ratio. We preserve the totals and file rows instead of presenting these
quantities as interchangeable.

What a gap-aware summary cannot supply

A chord over an unobserved interval can be much shorter than the actual path if the camera turns or
returns near its earlier position. Deleting that chord does not discover the missing distance. It simply
avoids inserting the endpoint shortcut into a summary claimed to describe closely observed intervals. The
amount of unobserved travel remains unidentified by these data.

Nor is the short-interval sum a perfect continuous-distance measurement. Sampling and position noise can
affect adjacent chords even at short time intervals. Measurement-error reasoning distinguishes the
reference variable from the intended physical construct (Carroll et al., 2006). Our support gate describes
available observations, not a bound on reference-coordinate accuracy or the true path between them.

Agreement-oriented assessment encourages attention to discrepancies with stated units (Bland and
Altman, 1986; Lin, 1989). A high correlation between two file-level rates would not establish that they
cover the same time intervals. The shared data and different denominators should be examined before a
closeness claim is converted into a statement of physical equivalence.

Numerical handling is also documented. Subtracting large epoch timestamps to form short intervals
requires attention to floating-point resolution (Higham, 2002; Goldberg, 1991). The recorded values and
cutoff are used consistently, and numerical routines are part of the saved environment (Virtanen et al.,
2020). We do not round time gaps into a favorable category or revise a cutoff after inspecting which rate
difference looks strongest.

Implications for later trajectory analysis

Bundle adjustment, ORB-SLAM?2 and COLMAP address pose or structure estimation (Triggs et al., 2000;
Mur-Artal and Tardos, 2016; Schonberger and Frahm, 2016). Their outputs are not run or ranked here. A
later comparison against these reference files should declare temporal association and gap handling, so
that missing reference periods do not silently become algorithm failures or artificial straight-line truth.

Imputation methods such as BRITS and GRIN treat missing values as a prediction problem under their
own information and modeling assumptions (Cao et al., 2018; Cini et al., 2021). They are not
implemented in this audit. A reconstructed interval would need validation as an estimate, and its
uncertainty would belong in the analysis rather than being erased by calling the resulting series complete.



Validation should match the intended camera-motion question and its observation boundary (Roberts et
al., 2017). The saved files identify which intervals support the conditional summary and which remain
unresolved. Documentation and reusable provenance make that distinction inspectable (Gebru et al.,
2021; Wilkinson et al., 2016). The central empirical result is concentrated missing time in an otherwise
large pose inventory, accompanied by rate summaries whose distance and duration conventions are stated
explicitly.
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