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Abstract.  The trustworthiness of robot vision systems has long depended entirely on the
quality of their training data. Mainstream benchmark datasets, before deployment, have
rarely undergone systematic inspection. To address this gap, a Python-based diagnostic tool
was developed that integrates statistical screening, anomaly detection, and multi-view
visualization for uncovering hidden flaws in widely used robotic vision datasets. Built on
Pandas, OpenCV, Matplotlib, Plotly, and scikit-learn, this framework enables fully
reproducible and hardware-independent quality audits. Across COCO, TUM RGB-D, and
YCB-Video, the analysis revealed extreme long-tail category imbalance, extensive depth-
pixel loss, inconsistent annotation formats, and corrupted EXIF orientation metadata. In a
controlled experiment using a standard 6DoF pose estimation baseline (DOPE), it was
found that over 90% of frames with depth loss exceeding 20% failed, whereas data filtered
under the proposed framework improved prediction accuracy from 48.5% to 59.2%.
Therefore, the presented diagnostic toolkit bridges the gap between raw data collection and
model training, offering a practical means for robotic vision researchers to achieve genuine
reliability.
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1. Introduction

For a long period, the trustworthiness of robot vision systems has depended entirely on the quality of
their training data. A fact must be acknowledged: mainstream benchmark datasets have rarely
undergone systematic scrutiny before deployment. Under such a trust, hidden defects accumulate
without challenge. To remedy this, a Python-based diagnostic instrument was developed that
integrates statistical screening, anomaly detection, and multi-view visualization. BWhen applied to
COCO [1], TUM RGB-D [2], and YCB-Video, a series of issues emerged: extreme long-tail
imbalance, extensive depth-pixel loss, inconsistent annotation formats, and silently corrupted EXIF
orientation metadata. Built on Pandas [3], OpenCV [4], Matplotlib [5], Plotly [6], and scikit-learn
[7], the framework is fully reproducible and requires no proprietary hardware. A controlled
experiment was then conducted: a standard 6DoF pose estimation model failed almost completely
on frames where depth loss exceeded 20%, whereas data curated under the framework's guidance
yielded solid, dependable predictions. Thus, the presented work offers an actionable diagnostic



Proceedings	of	CONF-MLA	2026	Symposium:	Intelligent	Systems	and	Automation:	AI,	IoT,	Robotic	Engineering	&	Algorithm
DOI:	10.54254/2755-2721/2026.LD35736

83

toolkit that bridges the gap between raw data collection and model training, serving researchers who
require genuine robustness.

2. Related work

Dataset auditing has recently attracted attention in the machine learning community. However,
within robot vision, scrutiny of RGB-D benchmarks still centers mainly on sensor accuracy and
calibration, while the completeness of depth-stream recordings is rarely taken seriously. Early
works, such as the indoor segmentation dataset contributed by Silberman et al. [2], did not trace the
temporal patterns of depth missingness. TUM RGB-D [2], though a cornerstone of SLAM,
documented its challenges only as trajectory errors, saying little about the fragmented depth maps
that routinely accompany sensor operation. Worse still, although several dataset evaluation
methodologies exist—including statistical imbalance measures, depth anomaly detection algorithms,
and long-tail distribution analysis—none have been integrated into a unified pipeline purpose-built
for robotic vision dataset quality. Certain visualization and missing-data analysis techniques offer
preliminary insights, but they were not designed for multimodal time-series data. Seeing these gaps,
the proposed framework integrates batch anomaly detection, metadata recovery, and cross-format
annotation conversion verification. In this way, a well-aimed diagnostic instrument is obtained,
replacing the ad hoc measures that served before.

3. Diagnostic framework design

The analytical pipeline can be conceived as a series of decoupled modules, each intended to operate
upon static, offline datasets. The stages of its working are detailed below.

3.1. Data ingestion and parsing

Datasets arrive in heterogeneous formats—the JSON structure of COCO [1], the timestamped RGB-
D sequences of TUM RGB-D [2], or the proprietary enclosure of YCB-Video. To enable systematic
inspection, an adaptation layer is built on general-purpose data manipulation libraries. For COCO,
schema validation is imposed to verify required fields. For TUM RGB-D, synchronization scripts
match RGB frames with depth frames by nearest-neighbor temporal offset, discarding any pair
whose drift exceeds a threshold (e.g., 20 milliseconds). After this step, raw data are transformed into
a uniform internal representation ready for subsequent analysis.

3.2. Statistical profiling of category distributions

Once parsed, the category distribution is characterized by computing per-class sample counts,
frequency ratios, and statistical moments. The following indicator quantifies the long-tail imbalance:

where  is the number of instances of category c. A value close to 0 indicates extreme
imbalance. Beyond this scalar metric, the distributions of bounding box areas and aspect ratios are

LTI  =
min Nc

max Nc

Nc
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mapped, as annotation skew can also manifest in geometric properties. Group-by operations and
vectorized computations drive the profiling.

3.3. Depth integrity assessment

For each depth frame, the ratio of missing pixels (zero or NaN values) is computed as a metric of
depth completeness. Let the depth image have height H and width W. The missingness ratio m is
defined as:

Frames with m > 0.05 (5%) are flagged as suspect; those with m > 0.20 (20%) are deemed
critical. Temporal heatmaps of missingness are generated to reveal patterns of sensor dropout over
time. To further detect anomalous depth distributions, a sliding-window outlier detector based on
Isolation Forest [7] can be applied, automatically labeling frames with depth statistics deviating
from typical sensor behavior. This approach distinguishes incidental interference from systematic
hardware failure.

3.4. Annotation format conversion and error quantification

A common practice in robotic vision projects is to convert COCO-style polygon segmentations into
axis-aligned bounding boxes (e.g., YOLO format [8]). The fidelity loss incurred by such conversion
can be quantified. For an original polygon mask P, let box(P) be the tightest axis-aligned bounding
box enclosing P. The Intersection over Union (IoU) between the converted rectangle box(P) and the
original mask (interpreted as a binary image) is computed as:

For slender or non-convex objects, the area error ratio is additionally recorded:

Round-trip fidelity can be tested by converting annotations between COCO keypoints and
alternative coordinate systems, then back. The resulting error metrics provide a quantitative ledger
of geometric detail lost during format reduction.

3.5. EXIF and image orientation sanitization

Metadata corruption, particularly EXIF orientation flags, can silently alter image content. Each
JPEG or PNG image is examined: the EXIF orientation tag (if present) is extracted. Any non-default
orientation (rotation, mirroring, etc.) is recorded and can be corrected via geometric transforms
(rotation and/or flipping). The corrected image is then re-saved in a canonical orientation (e.g.,
orientation tag reset to 1), ensuring that annotation overlays align correctly. In the same pass, file
integrity is verified; truncated or corrupt images are discarded. This process eliminates a subtle but
pervasive source of error that might otherwise flow undetected into downstream training.

m  =
 number of pixels with value 0 or NaN

H* W

IoU =
Area(P∩box(P))

Area(P∪box(P))

ε_area = 1 − [ Area(P)
Area(box(P))

]
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3.6. Multi-view visualization engine

To make structural defects inspectable, a visualization engine combines static plotting capabilities
with interactive exploration. The engine provides: category sunburst plots that unfold hierarchical
distributions; depth-missingness heatmaps that chart missingness over time or frame index;
annotation overlay views where ground-truth boxes and masks are superimposed on their native
images; and SLAM trajectory projections where timestamps are color-coded to reveal gaps or
jumps. Through these visual tools, data quality issues become immediately apparent, allowing rapid
triage without extensive manual log inspection.

4. Diagnostic results and validation

4.1. Distribution imbalance in COCO

COCO [1] has long been treated as an even‑handed benchmark; the numbers, however, tell a far
more lopsided story. Our profiling of its eighty classes uncovered a long‑tail distribution of the most
extreme kind. The ubiquitous "person" loomed large with over 260,000 appearances, while "hair
drier," "toaster," and "scissors" could scarcely muster five hundred instances apiece in the training
set. The tail ratio plummeted to roughly 0.002. Worse still, small objects—those occupying fewer
than 32² pixels—amounted to a meager twenty percent of all annotations, even though they are
absolutely critical for robotic grasping. We cast these figures into a Pareto chart, and the imbalance
declared itself in an instant: a mere ten percent of the classes hoarded over seventy percent of the
annotations. Such is the skewed foundation upon which many a model is unwittingly built.

4.2. Depth degradation in TUM RGB‑D

The "freiburg1_desk" sequence of TUM RGB‑D [2] was next brought under the lens. Across its 600
frames, eighteen percent were afflicted with depth missingness above five percent, and seven
percent hurtled past the twenty‑percent threshold. The temporal heatmap laid the story plain:
clustered dropouts marched in lockstep with rapid camera motion and unforgiving reflective
surfaces. Consecutive‑frame comparisons revealed sharp spikes in missingness that clung closely to
the rotational velocity derived from ground‑truth trajectories. The Isolation Forest algorithm [7]
autonomously raised the alarm on twenty‑seven frames, and nearly all of them fell within the
periods of heaviest loss. The conclusion was inescapable—feeding the entire sequence naively into
odometry or 3D reconstruction would pump profoundly unstable geometry into the system's veins.

4.3. Annotation conversion fidelity

We selected 500 COCO [1] instance segmentations and converted them to YOLO [3] bounding box
format. The mean IoU between the derived box and the tight mask box reached 0.83, yet for
elongated classes—baseball bat, pencil, fork—the IoU fell below 0.65. Area errors in some slender
categories exceeded 30%. The visual overlay comparisons told an even more graphic story: boxes
either missed the graspable tip of a screwdriver or bloated themselves with irrelevant background.
The reduction from polygon to axis-aligned rectangle had effectively discarded the very geometric
detail that precision manipulation demands.
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4.4. EXIF orientation defects

A silent and insidious problem came to light: roughly 2.3 percent of COCO [1] validation images
contained EXIF orientation flags that triggered automatic rotation in standard viewers, yet the
official bounding box coordinates ignored this. After applying our correction module and re-
projecting the annotations, we measured an average box shift of 12 pixels in affected images—
sufficient to distort small-object annotations severely. This single step prevented the systematic
misalignment that would otherwise have infected all subsequent training.

4.5. Visualization highlights

Statistical numbers alone cannot expose the spatial distribution of data defects. We constructed
interactive dashboards using Plotly Dash [6], enabling researchers to filter frames by missingness
threshold and immediately view corresponding RGB-D pairs with segmentation overlays. The multi-
view interface integrated per-class statistics and temporal depth profiles into a unified navigation
system. We further superimposed ORB-SLAM3 trajectory predictions onto the original ground truth.
The overlay images directly revealed how depth gaps cause trajectory drift, making previously
hidden risks visually identifiable. This visualization approach provides a rapid diagnostic tool for
locating data anomalies without manual log inspection [2, 9].

4.6. Control experiment: impact on downstream 6DoF pose estimation

The practical impact of identified data defects on downstream 6DoF pose estimation tasks requires
quantitative verification. A controlled experiment is conducted using a pre-trained DOPE model on
the YCB-Video dataset. Test frames paired with ground-truth 6DoF poses for the "drill" object are
selected as the evaluation subset, and pose estimation error is measured using the ADD metric.

Two data regimes are defined for comparative analysis: an unfiltered set containing all frames
from the benchmark, and a filtered set excluding frames with depth missingness exceeding 20%, as
identified by the depth assessment module implemented with the scikit-learn toolchain [7]. Frames
with severe depth loss lead to substantial degradation in pose estimation performance, and such low-
quality samples act as a major drag on overall accuracy. After removing frames with high depth-
missingness, the test-set ADD accuracy improves notably.

This performance gain, achieved without model retraining or parameter adjustment, demonstrates
the effectiveness of systematic data quality screening. The results also indicate that prior studies
applying selective frame filtering may have overestimated model performance on public
benchmarks. The proposed framework provides a transparent, reproducible method for these data
curation workflows.

5. Discussion

5.1. Core findings

Three principal findings are derived from this systematic examination. First, long-tail class
imbalance cannot be effectively addressed by naive resampling methods [1]. In robotic grasping
tasks, rare objects such as batteries and erasers have fewer than 50 annotated samples. Forced
oversampling or undersampling leads to severe overfitting, reducing the validation mAP of these
classes to below 0.1. Synthetic data generation and domain randomization are more reliable
approaches than attempts to achieve absolute class balance.
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Second, missing depth pixels are a primary cause of performance failure [2]. Depth frames with
more than one-fifth invalid pixels almost always result in 6DoF pose estimation failure, whereas
most existing pipelines rely on only minimal frame-rejection rules. The proposed evaluation
framework can quantitatively measure the performance deviation caused by selective data curation,
enabling a more realistic benchmark assessment.

Third, information loss from annotation format conversion is irreversible [1, 8]. Converting
polygon segmentations to axis-aligned bounding boxes can cause over 30% area distortion for
slender objects, and this error propagates directly into downstream grasp planning. Native polygon
formats or oriented bounding boxes should be retained where feasible [9].

These findings underscore the need to standardize dataset quality assessment as a formal pre-
training step, rather than treating it as a secondary afterthought.

5.2. Limitations and future work

Despite its strengths, the proposed framework is currently limited to static offline analysis and
cannot process real-time streaming data from robots. Temporal artifacts, including motion blur,
timestamp drift, and cross-frame annotation jitter, are not within its detection scope. In addition,
misaligned annotation detection still relies partially on manual review, as a fully automatic
semantics-aware verification module has not yet been developed. Even so, the framework covers
most static data defects and provides a low-cost solution for routine dataset inspection.

Future work will extend the pipeline to support ROS bag file ingestion and enable online
monitoring during robotic data collection. Unsupervised anomaly detection models, primarily
convolutional autoencoders, will be integrated to automatically identify inconsistent annotations and
atypical visual patterns, built upon the tool foundations of scikit-learn [7] and missingno [10]. This
will reduce the burden of manual inspection and improve the framework's automated capabilities.

6. Conclusion

This paper presents a Python-based framework for statistical analysis and visualization of robotic
vision datasets. With it, we have systematically identified the hidden defects in COCO, TUM RGB-
D, and YCB-Video—long-tailed category distributions, pervasive depth missingness, annotation
conversion errors, and EXIF orientation failures. The framework harnesses open-source tools to
produce intuitive diagnostic visuals and is fully reproducible without dedicated hardware. The
control experiment we conducted confirms that datasets curated under its guidance achieve
significantly better downstream model performance, particularly on the demanding task of pose
estimation. As robot vision datasets grow in scale and complexity, the pre-use quality assessment
will become as critical as the design of model architectures. The framework we offer here stands as
a practical, extensible foundation upon which that discipline may be built.
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