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Abstract. Standard robot perception metrics evaluate accuracy
at individual timesteps. They do not capture how localization
and detection errors accumulate over long-horizon operation
and consume available safety margin. We introduce the Debt-
to-Margin Ratio (DMR), a runtime metric that tracks the
fraction of a system’s safety budget consumed by accumulated
perception error. DMR is computed from a time-integral of
safety-weighted perception error and requires only the error
signal and a deployment-specific safety sensitivity. We show that
any system with persistent nonzero perception error will exhaust
a finite safety margin in bounded time, even when every frame
passes its accuracy specification. We validate with two case
studies: (1) a controlled numerical study showing that identical
synthetic error traces produce a 5.7 x difference in safety-margin
exhaustion time under different deployment assumptions, and (2)
a real-hardware detection study on a Yahboom ROSMASTER
M1 with YOLOvSn showing a 2.3x difference under a PTZ
viewpoint perturbation. Both cases illustrate a blind spot in
robot perception benchmarking: the same per-frame accuracy
can imply sharply different accumulated operational risk.

Index Terms. perception evaluation, safety metrics, state esti-
mation, long-horizon autonomy, object detection

I. INTRODUCTION

A robot perception pipeline can satisfy per-frame accuracy
specifications at every timestep while accumulating enough
error history to silently degrade its safety margin. Consider a
warehouse navigation robot whose detector reports acceptable
per-frame accuracy across a 90-second observation window.
By any snapshot perception metric, this is within specification.
But if the robot operates in a workspace where detection
errors have high safety consequences, the accumulated safety-
weighted error may exhaust the available margin well before
the mission ends.

The root cause is a mismatch between how robot per-
ception is evaluated and how perception errors affect long-
horizon safety. As perception pipelines grow more capable
through foundation models [3], [8], open-set detectors [15]],
and universal segmentation systems [12]], the per-frame eval-
uation paradigm remains unchanged. Scaling efforts now
span dozens of robot embodiments [16], and video-native
perception models process temporal streams natively [[17], yet
existing benchmarks still summarize per-frame accuracy [14].
Deployed robots fail over time. The failure mode is not the
snapshot. The failure mode is the integral.

We call the quantity that snapshot metrics miss perception
debt: the time-integrated, safety-weighted divergence between
estimated and true state. Analogous to technical debt in

software engineering [6]], perception debt arises when small,
individually tolerable perceptual inaccuracies accumulate into
a growing mismatch between the robot’s believed state and
the true state of the world.

To make this quantity operational, we define the Debt-to-
Margin Ratio (DMR): the ratio of accumulated perception
debt to the available safety margin. DMR is a complementary
metric for robot perception evaluation, not a replacement
for existing benchmarks. It answers a question that snapshot
metrics do not: how much of the safety budget has been
consumed so far?

This paper contributes: (1) a compact accumulated-risk
metric for robot perception evaluation, (2) a finite-time expira-
tion bound for snapshot-compliant perception under persistent
error, and (3) two case studies, one controlled and one on
real hardware, showing that identical local accuracy can imply
sharply different long-horizon operational risk.

II. DMR FORMULATION

Let e(t) > 0 be the instantaneous perception error (e.g.,
normalized detection center deviation). We define perception
debt as:

D(t) = / w(r) - e(r) dr )

where w(t) > 0 is the safety sensitivity, capturing how
strongly the downstream pipeline amplifies perception error
into safety-relevant consequences.

The sensitivity decomposes into three measurable quantities:

w(t) = [|Tp@)] - Ke(t) - we(t) (2)

where ||Jp(t)|| is the planner Jacobian norm, K, (t) is
the controller gain, and w.(¢) is environmental criticality
(e.g., proximity to obstacles, derived from clearance or
ISO/TS 15066 [10] force limits). For classical planners and
PID controllers, all three are design constants or analytically
computable.

Let D,,.x be the maximum tolerable accumulated debt for
a given deployment. Then:

DMR(t) = D(t)/Dmax 3)

DMR is dimensionless and monotonically non-decreasing. In
discrete implementation: Dy = Dy_1 +wy - ex - At, DMRy =
Dk/Dma,x-
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III. FINITE-TIME EXHAUSTION BOUND

Proposition 1. If e(t) > ¢ > 0 and w(t) > wmin > 0 for all
t, then for any finite Dy ax:

T* S Dmax/(wmin - 5) (4)
where T™ is the time at which DMR(T™) = 1.

Proof. D(t) > wmin - € - t. Setting D(T*) = Dyax gives the
bound. O

Proposition 1 states that any persistent nonzero perception
error will eventually consume any finite safety margin. The
expiration time 7 depends on the deployment context through
Wmin and Dy,x. Two systems with identical per-frame error
but different deployment contexts can have very different 7
values. Snapshot metrics cannot distinguish between them.

IV. CASE STUDY 1: CONTROLLED SENSITIVITY

We generate a shared synthetic error signal over 120
seconds at At = 0.1 s (1,200 samples): e(t) = 0.015 +
0.005sin(0.12t) + n(t) where n(t) ~ N(0,0.0022). The
error stays in [0.8,2.6] cm, within typical per-frame accuracy
specifications.

We compute DMR under two deployment assumptions with
Dpax = 1.0:

e Open room: ||Jp| =1.0, K, = 1.0, w, = 1.0, so w =

1.0.
o Narrow corridor: ||Jp| = 2.5, K. = 1.0, w, = 2.0, so
w = 5.0.

Results. Figure [I] (top) confirms both conditions share the
same error trace with mean 1.5 cm. Under the open-room
assumption, DMR reaches the violation threshold of 1.0 at
t = 64.5 s. Under the corridor assumption, the same error
trace drives DMR to 1.0 at ¢ = 11.3 s, a 5.7 x acceleration in
safety-margin exhaustion. A snapshot benchmark would report
identical accuracy in both cases.

V. CASE STUDY 2: PTZ PERTURBATION STUDY ON
TEMPORAL DETECTION OUTPUTS

Setup. We evaluate DMR on a 90-second object detec-
tion sequence (343 frames, approximately 5 fps after initial
warmup) captured by a YOLOv5n [11] detector running on
a Yahboom ROSMASTER M1 robot (Jetson Nano BOIl)
observing a static indoor scene at 1920 x 1080 resolution.
The robot remains stationary throughout the sequence so that
any observed change in the detection signal is attributable to
the camera and the detector, not to platform motion. Four
household objects placed at fixed positions in the scene serve
as persistent scene anchors: a bottle, a shoe, a remote, and a
book.

Anchors and matching. For each anchor object we define
(i) a set of allowed labels that the detector might assign to
it, and (ii) per-phase reference centers that specify where the
anchor is expected to appear in the image. We use a label
set rather than a single class because the detector exhibits
label flicker: for example, the bottle is classified across frames
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Fig. 1. Controlled study: identical error (top) produces divergent DMR

trajectories (bottom). The corridor exhausts its safety budget 5.7 x faster than
the open room.

as “fire hydrant,” “bottle,” or ‘“vase” (Table . For each
frame, every detection whose predicted label belongs to an
anchor’s allowed set is considered a candidate match; among
candidates, we assign the one closest in pixel space to that
anchor’s current reference center, with a maximum association
distance of 300 pixels to suppress spurious matches. Anchors
with no qualifying detection in a given frame are treated as
missed.

Perturbation protocol. The 90-second sequence is divided

into three phases:

« Phase A (0-30 s, stable viewpoint): the camera is held at
its initial pose; reference centers are taken as the median
detected position for each anchor over this window.

o Perturbation (30-60 s): a mild PTZ camera nudge is ap-
plied. The camera’s pan/tilt mount is manually displaced
by a small amount (a few degrees) and allowed to settle,
simulating an inadvertent viewpoint disturbance such as
a bumped mount or a low-amplitude vibration event.

o Phase B (60-90 s, new stable viewpoint): the camera
holds the post-perturbation pose; new reference centers
are computed by the same median procedure over this
window.

Because the true anchor positions in image coordinates change
between Phase A and Phase B, a single global reference
would conflate genuine viewpoint shift with detector error.
Phase-specific references isolate the latter. Within the 30-
60 s perturbation window, we use Phase A references for
frames before t = 45 s and Phase B references thereafter;
this midpoint switch approximates the unknown moment at
which the camera transitions from its old equilibrium to its
new one, and any residual deviation from the (unknown) true
geometry shows up as accumulated debt.

Error computation. For each frame, we compute the

Euclidean pixel distance between each anchor’s matched



TABLE I
PER-ANCHOR DETECTION RATES OVER 343 FRAMES.

Anchor  Allowed labels Det. rate  Primary error
Bottle fire hydrant, bottle, vase 97%  label flicker
Shoe bird, skateboard, cat 64%  misclassification
Remote  remote 17%  frequent misses
Book book 0.3%  near-total miss

detection center and its phase-appropriate reference center.
Undetected anchors are assigned a fixed miss penalty of 150
pixels, chosen to be comparable in magnitude to a typical
bounding-box width at this resolution so that a missed de-
tection contributes error on the same order as a moderately
misplaced one (rather than dominating the signal or being
negligible). The per-frame error is the mean over the four
anchors, normalized by image width (1920 px) so that error is
expressed as a dimensionless fraction. When integrating debt,
inter-frame time steps are capped at 1.0 s to prevent rare
startup gaps during detector warmup (the YOLOv5n model
takes several seconds to reach steady-state framerate on the
Jetson Nano) from inflating D(¢) via spuriously large At
values.

Table [I] shows per-anchor detection rates. The bottle is de-
tected in 97% of frames but under three different class labels.
The shoe is detected 64% of the time, always misclassified.
The remote is detected in only 17% of frames. The book is
almost never detected. This mix of label instability, spatial
jitter, and missed detections is representative of real detector
behavior on edge hardware.

DMR computation. We set D, = 3.0 based on the
following reasoning: at the observed mean normalized error of
€ = 0.051 and the lower sensitivity w = 1.0, this budget cor-
responds to approximately 60 seconds of continuous operation
before exhaustion, consistent with a typical short-horizon pick-
and-place cycle. Our claim is comparative rather than absolute:
identical detector outputs can imply materially different safety-
budget consumption under different deployment criticality
assumptions. We evaluate under w = 1.0 (open layout) and
w = 5.0 (tight layout).

Results. Figure |2| shows the anchor-based normalized de-
tection error (top) and DMR trajectories (bottom). Under the
open-layout assumption, DMR crosses 1.0 att = 77.9 s. Under
the tight-layout assumption, DMR crosses 1.0 at ¢t = 33.4 s,
a 2.3x acceleration in safety-margin exhaustion.

Error remains elevated after the perturbation because the
camera settles into a new viewpoint: detections stabilize
but around shifted reference geometry, producing persistent
anchor-wise deviation that continues to accumulate debt. In a
deployed system, this means a robot that recovers perceptually
(detections stabilize, per-frame accuracy returns to nominal) is
still accumulating safety-margin debt from the viewpoint shift,
invisible to any snapshot metric.

PTZ perturbation
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Fig. 2. PTZ perturbation study on real hardware: normalized detection error
(top) and DMR (bottom). The tight layout exhausts its safety budget 2.3 x
faster.

TABLE 11
SUMMARY: WITHIN EACH EXPERIMENT, THE SAME UNDERLYING ERROR
TRACE IS EVALUATED UNDER TWO DEPLOYMENT CRITICALITY SETTINGS.
MEAN NORMALIZED ERROR THEREFORE REMAINS UNCHANGED WITHIN
EACH EXPERIMENT PAIR, WHILE DMR THRESHOLD CROSSING TIMES
DIFFER BECAUSE w IS HIGHER IN THE CONSTRAINED CONDITION.

Condition Mean é w to.5 t1.0 Ratio
Exp. 1 Open room 0015 1.0 28.0s 645s -
Exp. 1 Corridor 0.015 5.0 60s 113s 5.7x
Exp. 2 Open layout 0.051 1.0 475s 7795 -
Exp. 2 Tight layout 0.051 50 268s 334s 23x

VI. DISCUSSION AND LIMITATIONS

What the case studies show. Both studies demonstrate a
single point: identical snapshot perception accuracy can imply
sharply different accumulated safety consumption depending
on deployment context. This is a blind spot in current robot
perception evaluation. DMR makes it visible. More broadly,
DMR offers a practical tool for studying robustness, failure
analysis, and evaluation blind spots in long-horizon robot
perception.

Relation to existing work. DMR is complementary to,
not competitive with, existing metrics. Per-frame metrics
(mAP [14]]) evaluate perception accuracy. Robustness bench-
marks [9] evaluate perception under distribution shift but at
the per-frame level. Bayesian state estimation [18]] and SLAM
covariance propagation [4], [S] track uncertainty but report
it as a confidence bound, not as consumed safety budget.
ATE drift rate (cm/s) captures localization degradation but is
not weighted by deployment criticality: the same drift rate
has different safety implications in an open warehouse aisle
versus a narrow inter-rack gap. Multi-object tracking metrics
(CLEAR MOT [2], HOTA [13]) evaluate identity consistency
but do not connect detection instability to downstream safety-
margin consumption. Control barrier functions [1] enforce
safety at the control layer. Runtime safety monitors [7] check
whether the current state satisfies invariants but do not track



whether accumulated perception drift has corrupted the esti-
mate feeding those checks. Foundation models that fuse vision,
language, and action [8]], [12] have made per-frame perception
dramatically more capable, yet none of these systems monitor
whether their temporal error integral remains within budget.
DMR operates between perception and control: it tracks
whether the accumulated error in the perception estimate has
degraded the input quality that downstream modules depend
on.

Limitations. We do not claim universal safety-budget or
sensitivity values. The thresholds and sensitivity parameters
used here are illustrative, chosen to demonstrate the evaluation
blind spot under explicit and interpretable assumptions. In
Case Study 2, the error signal represents anchor-based tempo-
ral detection inconsistency relative to phase-specific reference
centers, not geometric ground truth. Calibrating w(¢) and
Dyax for a specific deployment requires domain knowledge
of clearances, controller gains, and acceptable risk. Hardware
validation on mobile platforms with geometric ground truth is
the subject of companion work.

An open-source implementation of DMR computation, in-
cluding both case studies, is available at https://github.com/
stavanio/perception-debt.
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