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Abstract

Object detection is a core component of industrial vision systems in manufacturing, infras-
tructure monitoring, and safety-critical sensing. While the mean average precision (mAP)
averages the performance over all confidence thresholds, real-world deployment demands
committing to a single operating threshold under score imprecision, distribution shifts,
and asymmetric—often only approximately known—error costs. From a soft-computing
perspective, deployment should explicitly manage this uncertainty rather than rely on
a static validation optimum. We propose domain-specific and robust localization recall
precision (DSR-LRP), a three-phase decision-support framework. The framework elicits
soft domain preferences—such as asymmetric error costs, tolerable localization imprecision,
and expected perturbations—from practitioner knowledge and encodes them as three quan-
titative parameters (k, ajoy, B). A cost-sensitive, threshold-local objective aggregates the
performance within a robustness band around each candidate threshold, jointly capturing
the accuracy and local stability. Finally, it yields an interpretable recommendation package
comprising the operating threshold, its DSR-LRP score, and visual evidence. Experiments
on four practical datasets (blood cell screening, wildfire smoke monitoring, pothole detec-
tion, and semiconductor sensor inspection) showed that DSR-LRP consistently selected
operating thresholds that were robust and cost-aligned. For example, in pothole detection,
an LRP-optimal threshold degraded by 15.6% under simulated shifts, while the DSR-LRP
recommendation changed by only 1.8%. DSR-LRP complements global metrics such as the
mAP and provides a soft-computing-oriented tool for reliable, evidence-driven deployment
of industrial object detectors.

Keywords: object detection evaluation; deployment decision support; operating threshold
selection; asymmetric cost weighting; distribution shift robustness; localization recall precision

1. Introduction

Object detection, a core area of computer vision, has seen continuous technological
advancement and practical application driven by industrial demands [1-4]. Object detectors
are now routinely deployed to screen defects in manufacturing processes [5-8], support
autonomous driving and advanced driver-assistance systems (ADAS) [9-13], assist medical
image analyses [14-18], and monitor road and infrastructure conditions [19-21]. In these
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applications, object detection rarely acts in isolation; it operates as part of a broader soft-
computing-oriented pipeline, in which noisy sensor measurements, ambiguous visual cues,
and uncertain operating conditions must be transformed into reliable, actionable decisions
under limited computational and engineering budgets. Soft computing is commonly
defined as a collection of methodologies—such as fuzzy systems, neuro-computing, and
evolutionary algorithms—that exploit the tolerance for imprecision and uncertainty to
achieve tractability, robustness, and a low solution cost [22].

Recent progress in object detection has been driven by deep learning architectures such
as faster R-CNN [23], you only look once (YOLO) [24], and detection transformer (DETR)-
based architectures [25,26], which achieve a high accuracy on public benchmarks. Their
performance is typically summarized by the mean average precision (mAP) [27-29], the de
facto standard that integrates the precision-recall curve over all confidence thresholds. Re-
cent applied studies, such as the work of Goswami et al. [30] on open-world litter detection,
also rely on the mAP and inference speed to benchmark detector architectures in environ-
mental monitoring systems. While the mAP is indispensable for comparing models on
static benchmarks, it does not directly answer a practitioner’s central deployment question:

At which confidence threshold should this detector be operated in my specific
environment, given my cost structure and robustness requirements?

In real systems, detectors output continuous confidence scores that must be converted into
binary decisions—e.g., “defect/no defect”, “smoke/no smoke”—to trigger downstream
actions. Therefore, selecting a single operating threshold along the confidence axis is
unavoidable. However, this choice must be made under three intertwined sources of
imprecision and uncertainty:

(i) A threshold-specific evaluation for binary decisions. The perception module must
ultimately output binary decisions to be actionable. However, global metrics such as
the mAP average the performance over all thresholds, providing limited insight into
local behavior [31,32]. Practitioners thus resort to auxiliary single-point criteria such
as the F1 score [33] or localization recall precision (LRP) [34], but these lack a built-in
notion of robustness around the operating point.

(ii) Asymmetric and partially known error costs. The consequences of false posi-
tives (FPs) and false negatives (FNs) are rarely symmetric. In safety-critical do-
mains, FNs can be catastrophic, while in others, FPs may dominate costs. In prac-
tice, relative costs are often approximate soft domain preferences rather than exact
numbers [35-37]. Standard metrics implicitly assume balanced costs, and a system-
atic framework handling these soft preferences is lacking.

(iii) Robustness to distribution shifts around the operating threshold. Once deployed,
detectors inevitably face data distribution shifts [36—40]. Even modest calibration
changes can move the model along the confidence axis, making a validation-optimal
threshold brittle. Existing metrics focus on single points or global aggregates, failing
to explicitly quantify the local stability around the chosen threshold.

From a soft-computing viewpoint, these requirements highlight the need to handle impre-
cision, uncertainty, and inherent ambiguity in detector outputs while supporting tractable
deployment decisions—exactly the type of setting where soft computing is positioned
as a flexible alternative to rigid, hard-computing formulations [22]. In our context, this
softness manifests in three aspects: (1) cost asymmetry, (2) acceptable localization ranges,
and (3) robustness bands. Similar soft-preference ideas have been effectively used to encode
flexible preferences in clustering and supply-chain optimization [41,42].

Soft-computing techniques have also been explored for object detection and tracking
under uncertainty [43]. However, most works have focused on model architectures rather
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than deployment-time decision support. Existing metrics provide only partial support: the
mAP ignores local behavior, and the LRP focuses on an isolated optimum. Consequently,
practitioners lack a unified criterion for selection.

To resolve this gap, we propose domain-specific and robust localization recall precision
(DSR-LRP), a systematic soft-computing-based three-phase decision-support framework,
in line with existing decision support systems that integrate expert knowledge with data-
driven models [44,45].

e  Phase 1 (knowledge elicitation and parameterization): Qualitative field requirements
are translated into three domain parameters (k, ajou, B). These act as soft domain
preferences reflecting domain-specific trade-offs.

*  Phase 2 (robust and cost-sensitive evaluation): We define a cost-sensitive LRP ex-
tended with a robustness band objective. For each candidate threshold s, DSR-LRP
aggregates the performance over the interval [s — 8,5 + p], jointly capturing the mean
error and variability. This converts the qualitative tolerance for uncertainty into a
quantitative objective.

¢ Phase 3 (analysis and interpretable recommendation): We identify the optimal
threshold s* and compile an interpretable package containing the recommended point,
a quantitative rationale, and visual evidence.

Aligned with the principles of soft computing, our framework exploits the tolerance for
imprecision and asymmetric costs to achieve robust deployment decisions with minimal
overhead. We evaluated DSR-LRP on four diverse datasets. The results confirm that DSR-
LRP consistently favors operating thresholds that are stable under distribution shifts and
aligned with domain priorities.

2. Practitioner-Centric Evaluation Tools for Object Detection
2.1. Introduction: Evaluation Tools as Decision Support Components

Object detection evaluation is generally based on a small set of standard metrics such
as the mean average precision (mAP), calibration measures (e.g., D-ECE [46]), and the
localization recall precision (LRP). These quantities are indispensable for benchmarking
models. However, in deployment, they act only as individual signals within a broader
decision process rather than as complete decision rules. From the viewpoint of the three
practitioner-centric and soft-computing requirements—a single-threshold evaluation, asym-
metric cost weighting, and robustness to distribution shifts—it is natural to reinterpret
these metrics as components of an evaluation layer in a decision-support pipeline, and to
ask which parts of these requirements they cover and which remain unsupported.

In this section, we analyze the existing evaluation tools from this practitioner-centric
perspective. Our goal is not to propose yet another metric, but to clarify how the mAP,
D-ECE, and LRP can be used as building blocks and where a unified decision-support
framework is still missing.

2.2. The Ambiguity of Global Aggregation vs. Binary Decisions

First, practical decision support demands a performance assessment at a specific oper-
ating threshold. Global metrics such as the mAP, which integrate the precision-recall curve
over all thresholds [47], remain useful as high-level benchmarking signals. As demon-
strated in comprehensive evaluations of YOLO and transformer-based detectors [30], these
metrics can effectively guide the selection of a model architecture for a given application.

However, such global comparisons fail to resolve the operational ambiguity faced by
practitioners in deployment: at which specific threshold should the chosen detector be
operated? As noted by Wenkel et al. [31], strategies to boost global mAP scores by including
low-confidence predictions can create a discrepancy between reported benchmark scores
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and the actual performance in real-world applications. Similarly, Jena et al. [32] presented
experimental evidence that the mAP is insensitive to duplicate detections, which can be
critical for a system deployed at a specific threshold.

These findings collectively show that relying solely on global metrics may fail to
capture the performance nuances and associated risks at a chosen operating threshold. In a
soft-computing-oriented pipeline, the mAP is better viewed as a global summary feature
that must be complemented by a threshold-local analysis. To address this, Oksuz et al. [34]
proposed the LRP metric, which identifies and reports the performance at a model’s optimal
threshold. It enables a meaningful single-point evaluation, serving as a potential pointwise
building block for our framework.

2.3. Rigid Counting vs. Soft Domain Preferences

Second, a practical decision-support layer must allow for flexible cost weighting
to suit domain-specific requirements. However, standard metrics effectively treat false
positives and false negatives symmetrically (costpy = costpp) and average over strict
intersection-over-union (IoU) thresholds. In reality, applications involve asymmetric and
often qualitative error costs—a classic scenario for soft domain preferences.

For instance, as illustrated in Figure 1, domain priorities vary significantly: (a) ap-
proximate localization is sufficient for aerial objects where precise boundary delineation is
not strictly required, whereas (b) missed detections are catastrophic in wildfire monitoring
compared to false alarms [35-37]. Conversely, (c) in pothole maintenance, false positives
can lead to unnecessary and costly road closures. Standard metrics do not provide mecha-
nisms for such domain-specific customization. Moreover, while the LRP offers a conceptual
framework for weighting by the decomposing localization, FP, and FN components, its
public implementations default to equal weighting. A systematic procedure for mapping
soft practitioner preferences (e.g., “safety is paramount”, “approximate box localization is
acceptable”) into quantitative evaluation parameters is still lacking.

@ (b) (©)
Figure 1. Contrasting error cost structures and localization requirements across different industrial
domains. (a) Aerial objects: most spatial information is already captured at a relaxed IoU of 0.50 [48].
(b) Wildfire smoke: the cost of missed detections (FNs) exceeds the cost of false alarms (FPs).
(c) Potholes: the cost of false alarms (FPs) exceeds the cost of missed detections (FNs).

2.4. Pointwise Optima vs. Robustness to Distribution Shifts

Finally, an ideal evaluation layer in a decision-support pipeline should reflect the per-
formance robustness against the distribution shifts encountered in real-world deployment
environments [38—40]. Although the LRP marked a significant step toward deployment-
centric evaluation by focusing on a single operating point, relying on an isolated optimum
risks making the chosen threshold fragile—a phenomenon we term “threshold brittleness”.

For instance, as we demonstrate empirically in our experimental case study, a devia-
tion of just 0.05 from the LRP-optimal threshold can increase the LRP error (lower is better)
by over 15% in pothole detection scenarios. This fragility poses a significant risk, as minor
distribution shifts are inevitable after deployment. Therefore, a soft-computing-oriented
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approach must go beyond a single-point optimum and seek a robustness band—a stable
interval where the performance remains consistent, despite input uncertainty. In our frame-
work, this idea of threshold-local evaluation is not replaced, but rather extended: we retain
the LRP as the pointwise building block and then embed it into a soft-computing-style pro-
cess that incorporates elicited costs and robustness bands around the operating threshold.

2.5. Summary: The Need for a Unified Framework

In summary, as organized in Table 1, existing evaluation metrics and decision-support
frameworks offer partial, but fragmented, support for the three practitioner-centric re-
quirements. Global metrics such as the mAP and calibration measures provide useful
threshold-agnostic indicators, but they do not directly support operating-threshold se-
lection under domain-specific costs or local robustness requirements. Single-threshold
metrics such as F1, Fg, and the LRP provide a more localized view, but they do not jointly
address explicit FP/FN cost parameterization and robustness around the selected oper-
ating point. Candidate-level deployment audit frameworks such as CSEF provide an
important step toward deployment-oriented evaluation, but their stability assessment is
conducted at the candidate or dataset level rather than within a local neighborhood of the
operating threshold.

Table 1. Comparison of evaluation metrics and decision-support frameworks against practitioner-
centric deployment requirements.

Practitioner-Centric Deployment Requirements

Approach Brief Description . . Local Robustness
Local Threshold Cost Weighting Around Threshold
Global PR-curve summary
mAP [47] over confidence thresholds. % % x
Calibration error over
D-ECE [46] confidence levels. % % %
F1 score [33] Smgle-threshgld harmonic v « «
mean of precision and recall.
Single-threshold metric with
Fg score [49] recall-oriented weighting. v A %
LRP [34] Single-threshold localization v A »
recall precision error.
Candidate-level deployment
CSEF [50] audit .usmg cost-sensitive v v A
operating performance and
stability checks.
Threshold-level objective with
DSR-LRP cost-sensitive LRP and local v v v

robustness band.

Note. Local threshold indicates whether the approach directly supports evaluation or selection at a specific
operating confidence threshold. Cost weighting indicates whether asymmetric FP/FN costs can be explicitly
parameterized. Local robustness around threshold indicates whether stability is evaluated within a localized
neighborhood of the operating threshold. Symbols: v denotes that the approach fully supports the requirement;
A denotes partial or indirect support; x denotes that the requirement is not supported. CSEF supports threshold-
level evaluation by selecting a validation-optimal operating threshold and evaluating the performance at that
point, but its stability assessment is conducted at the candidate or dataset level rather than within a local band
around the operating threshold.

DSR-LRP is distinct from calibration and uncertainty-aware evaluation methods in

its decision target. Calibration methods, such as logistic calibration, beta calibration,
histogram binning, or MC-dropout-based calibration, modify or reinterpret the confidence
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score landscape. Calibration metrics such as D-ECE evaluate the reliability of confidence
estimates across confidence levels. In contrast, DSR-LRP operates on a given set of detector
outputs, whether calibrated or uncalibrated, and evaluates the operational consequence of
selecting a single confidence threshold under asymmetric error costs and local score shifts.
Thus, DSR-LRP is complementary to calibration and uncertainty estimation: these methods
may improve or characterize confidence scores, whereas DSR-LRP provides a cost-aware
and locally robust operating-threshold recommendation.

By synthesizing the above, the remaining gap is structural rather than merely in-
cremental. Existing metrics and frameworks address different parts of the deployment
problem: the mAP summarizes the global ranking performance; D-ECE assesses the cali-
bration quality; F1, Fg, and the LRP operate at a specific threshold; and CSEF provides a
candidate-level deployment audit. However, none of these directly combine explicit FP/FN
cost parameterization with a local robustness assessment around the operating confidence
threshold. This gap motivates DSR-LRP as a threshold-level objective for cost-aware and
locally robust deployment decisions.

From a soft-computing viewpoint, this situation corresponds to having several useful,
but uncoordinated, hard signals rather than a unified, knowledge-based evaluation layer.
In the next section, we introduce DSR-LRP not as a replacement for these tools, but as a
soft-computing-oriented decision-support framework that (i) elicits and encodes domain
preferences, and (ii) aggregates pointwise LRP-style scores within robustness bands to
recommend reliable operating thresholds with interpretable evidence.

3. Methodology: The DSR-LRP Decision Support Framework

We propose the domain-specific and robust localization recall precision (DSR-LRP)
framework, a tool designed to guide the comparative evaluation of various deployment
candidates and to support the selection of the optimal candidate-threshold pair. It retains
the strength of the LRP (performance evaluation at a single threshold) while explicitly
incorporating domain-specific cost weighting and local robustness under distribution shifts.
More than just a simple evaluation metric, DSR-LRP is an integrated process that functions
as a knowledge-based system to support reliable decision-making under uncertainty.

We develop this framework in three phases (Figure 2). The complete algorithmic
procedure is presented in Algorithms Al and A2 of Appendix A. First, in Phase 1, we
define a knowledge elicitation process that translates practitioners’ soft domain preferences
into quantitative parameters. Second, in Phase 2, we apply these parameters to evaluate
a given candidate by computing the full set of per-threshold LRP and DSR-LRP scores.
Finally, in Phase 3, we describe how to analyze these raw scores to identify the optimal
operating threshold and synthesize all findings into an interpretable recommendation
package that practitioners can readily understand and apply. In this sense, the DSR-LRP
objective is the metric-level core of the proposed framework, while the three-phase structure
operationalizes it as a deployment-oriented decision-support process.

3.1. Phase 1: Knowledge Elicitation and Parameterization

The initial phase of the DSR-LRP framework is the knowledge elicitation process,
designed to directly incorporate the qualitative requirements of practitioners into the eval-
uation framework. This process translates domain-specific characteristics and operational
uncertainties into three core parameters that are interpretable by the system:

1.  Classification cost ratio (k > 0, k = Costpyn/Costpp): encodes soft preferences over
relative error costs, where k > 1 applies when missed detections are more critical
(e.g., wildfire monitoring) and k < 1 applies when false alarms waste resources
(e.g., unnecessary maintenance).
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2. Localization importance (x;oy € [0,1]): controls the tolerance for bounding-box
imprecision, where aj,y = 1 imposes a strict penalty, while aj,y = 0 applies no
additional penalty beyond the minimum IoU threshold .

3.  Robustness band (): defines the width of the interval over which stability is evalu-
ated to anticipate performance changes under post-deployment distribution shifts;
for example, setting B = 0.05 means that, for a given candidate threshold s, both the
performance and stability are evaluated across the entire interval [s — 0.05, s + 0.05]
centered on s.

e D
Phase 1: Knowledge elicitation and parameterization
. Input: Practitioners’ qualitative needs (e.g., error costs, robustness concerns).
. Process: Translate qualitative needs into quantitative, system-interpretable parameters.
. Output: Domain-specific parameters: k, ajoy, B
\ 7

"Domain parameters

Phase 2: Robust and cost-sensitive evaluation

. Input: Detection results from a candidate and elicited parameters.

. Process: For the given candidate, compute LRP and DSR-LRP for each candidate threshold s across
the operating range.

. Output: The full set of per-threshold scores, {(s, LRP(s)), (s, DSR-LRP(s, 8))}s.

"Per-threshold score sets

Phase 3: Analysis and interpretable recommendation
. Input: Per-threshold score sets from Phase 2.

J Process: Identify the recommended operating point s* and compile an interpretable recommendation
package comprising performance metrics and supporting evidence.

. Output: A recommendation package containing:
il Optimal point: The recommended pair (s*, DSR-LRP(s*, B)).
2. Rationale: A concise quantitative summary of the cost—stability trade-off.
3. Visual evidence: A figure of the LRP/DSR-LRP curves with the robustness band and s*

marked.
\ 7

Figure 2. The three-phase DSR-LRP decision-support framework. This framework is applied to each
candidate to generate a comprehensive evaluation package. Practitioners can then compare minimum
DSR-LRP values and supporting evidence across multiple candidates (e.g., different models and
post-processing rules) to make a data-driven deployment decision handling trade-offs.

Implementation Memo

All three parameters can be specified directly by the user, but defaults are provided
when information is limited. The classification cost ratio k and the localization importance
apou default to the symmetric setting k = 1 and a5,y = 1, and for the robustness band S,
we recommend a default of B = 0.05 for general use; in our experiments with noise and
brightness perturbations, the confidence score fluctuations were about 0.04-0.05.

Practical Implications

The three parameters directly quantify what to prioritize (cost), how much local-
ization precision to require, and how much to hedge against real-world variability.
By adjusting these parameters, practitioners can directly incorporate qualitative field
requirements—such as “an FN is three times more costly than an FP” or “approximate box
localization is acceptable”—into the evaluation process. This capability explicitly handles
the imprecision in human preferences, improving both the interpretability and alignment
with domain needs.
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Practical guide to customizing DSR-LRP parameters

Classification cost ratio (k > 0): k = Costgy/Costyp

e  Symmetric (default, k = 1): treats errors equally.

*  FN-critical (k > 1): safety-critical applications.

e  FP-critical (k < 1): resource-intensive scenarios.

Localization importance (xj,y € [0, 1]): penalty for imprecise boxes
* oy = 1 (default): precise localization is critical.

* oy = 0: object presence alone is sufficient.

Robustness band (f): expected magnitude of confidence score shifts
e B =0.05 (default): empirical recommendation for general use.

*  Tuning: use a tighter band (e.g., 0.03) for stable data, or a wider band (e.g., 0.10)
for highly variable data.

3.2. Phase 2: Integration of Cost Sensitivity and a Robustness Band

This section details the computational core of our framework, which corresponds
to Phase 2. For any given candidate, this phase operationalizes the parameters derived
in Phase 1, producing the raw per-threshold performance scores used in the Phase 3
analysis. To achieve this, we first establish a cost-sensitive LRP for pointwise evaluation
(Section 3.2.1). Then, we extend this metric with a robustness band to formulate the
DSR-LRP score, which is computed alongside the LRP score over the range of operating
thresholds (Section 3.2.2).

3.2.1. Foundation: Cost-Sensitive LRP for Pointwise Evaluation

The localization recall precision (LRP) error [34] is a cost function that integrates
localization inaccuracy with classification errors into a single scalar. The computation
begins with the set of ground-truth boxes X and the model’s detections Y. For a given
confidence threshold s, detections are filtered into Y; = {y € Y | conf(y) > s}. Using a
fixed IoU threshold T, this subset yields the counts of true positives Ntp, false positives Ngp,
and false negatives Npn. Based on these counts, the general LRP framework is a weighted
sum of three error components:

1
LRP(X,Y,) := Z(wIOU LRPu (X, Ye) + wpp LRPep(X,Ys) + wFNLRPFN(X,YS)>, )

where Z = Ntp + Npp + Npy and

1 N
LRPjou (X, Ys) = N 1:21 (1—ToU(x;,yy,)),
N N
LRPgp(X,Ys) = —=, LRPpn(X,Ys) = —=X.
|Ys| IX]
In the standard implementation, the proposed weights are wi,y = Npp/(1—71),

wgp = |Ys|, and wpn = | X|. While this formulation successfully identifies an optimal thresh-
old, it tightly couples the components, so that wppLRPpp = Npp and wpnLRPry = Ny,
locking the relative costs of FPs and FNs. We refer to this symmetric-cost implementation
as the standard LRP and use it as the baseline.
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Re-Parameterization Using Elicited Knowledge

By leveraging the knowledge from Phase 1 (Section 3.1), we re-parameterize the
weights with the classification cost ratio k and the localization importance «j,y to enable
asymmetric control. We first map k to two cost multipliers

2 2%
L NI %

which preserve a fixed total scale (app + apny = 2), reduce to the symmetric case when
k =1, and vary smoothly otherwise. Applying these multipliers to the weights in (1)—that
is, wpp = app|Y;| and wpy = apn| X|—transforms the classification terms into the intuitive,
cost-adjusted counts appNpp and apnNpn. Independently, ajoy € [0, 1] scales the IoU
penalty, with a1,y = 1 matching standard LRP and a5,y = 0 applying no additional penalty
beyond the threshold .

Combining these elements yields the cost-sensitive LRP:

1 Nie 1 — ToU(xy, v
LRP(X,Ys) := 2(“10U % + app Npp + apN NFN>, )
i=1 - T
with a renormalized constant Z = Nyp + appNpp + apnNpN, chosen by the original

LRP principle of normalizing by the numerator’s theoretical maximum so that the score
remains in [0, 1] even when app or apy > 1 under k # 1. Intuitively, the cost multipliers
app = 2/(1+k) and apy = 2k/(1 + k) act as a smooth re-weighting of the FP and FN
counts. When k = 1, they reduce to the symmetric case app = apny = 1. When k > 1, the
FN term receives a larger penalty, reflecting FN-critical applications; when k < 1, the FP
term receives a larger relative penalty, reflecting FP-critical applications. The localization
parameter a,; is independent of this FP/FN trade-off and controls how strongly bounding-
box imprecision affects the final score.

Why the New Normalization Is Necessary

Consider Ntp = 1000, Ngp = 3000, Ngny = 100, k = 1/3 (FPs three times costlier
than FNs), and ajoy = 0. Then, agp = 1.5 and agn = 0.5, so the numerator in (2) is 4550.
Using the original Z = Ntp 4+ Npp + Npny = 4100 would yield 1.11 > 1, whereas our
Z =1000 + 1.5 x 3000 + 0.5 x 100 = 5550 yields 0.82 € [0, 1]. Thus, the re-parameterization
operationalizes Phase 1 knowledge while preserving the LRP’s boundedness and reducing
to the standard form when k = 1 and aj,y = 1. As this cost-sensitive formulation serves
as the foundation for our framework, we will henceforth refer to it simply as the LRP
for brevity. The original symmetric-cost implementation will be explicitly denoted as the
standard LRP to avoid ambiguity.

Implementation Memo

The essence of the cost-sensitive LRP is to re-express the standard LRP weights
WEp, WEN, Wioy in a form that includes the cost multipliers agp, apn, &10u. To ensure the
LRP score remains within [0, 1], it is crucial to redefine the normalization constant as
Z = Ntp + appNrp + apnNEN-

Practical Implications

This step removes the unrealistic assumption that all errors have identical costs. By
adjusting k, practitioners can directly encode the operational cost structure; by adjusting
aou, they can independently control the importance of localization precision, thereby
enabling the selection of a candidate-threshold pair that minimizes the realized loss under
soft domain constraints. While this pointwise score is intuitive to interpret, it remains
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vulnerable to distribution shifts; hence, the robustness band extension in the next section
is required.

3.2.2. Band Extension: Robustness Band Objective Function

The cost-sensitive LRP defined in Section 3.2.1 provides a tailored performance score,
but relying on its single-point optimum is risky. This approach rests on the fragile assump-
tion that a threshold optimized on a static test set will remain optimal under real-world
distribution shifts, which are common in industrial settings [38]. Therefore, we reframe
the evaluation objective from “finding the single best operating point” to “identifying
the most stable operating interval” that jointly attains a high average performance and a
low variability.

The core premise of our approach is to model the score-level changes induced by
distribution shifts. Based on observations from calibration studies [46,51], we assume
that these shifts produce a monotonic rescaling of a model’s confidence scores. While
this does not capture every type of distribution shift, such as out-of-distribution instances
causing prediction failures, it effectively models a common and critical failure mode where
environmental changes (e.g., in lighting or weather) affect model calibration. This rescaling
is functionally equivalent to moving the operating threshold along the confidence axis.

To formalize the new evaluation objective, we apply the robustness band g (elicited in
Phase 1) to each candidate threshold s and evaluate the interval [s — B, s + B]. On a finite
set of band points {s;} ¥, defined by s; = s — B+ iA with N = |28/A|, we define the
DSR-LRP score as the root mean square of the cost-sensitive LRP values (RMSE):

1

N1 (LRP(Sz‘))Z- 3)

™=z

DSR-LRP(s, B) =
0

The parameter B controls the size of the local neighborhood around a candidate
threshold. When 8 = 0, the formulation reduces to the pointwise cost-sensitive LRP; as 8
increases, the objective increasingly favors thresholds located in flatter regions of the LRP
curve rather than sharp single-point optima.

The robustness component of DSR-LRP is introduced by the local band evaluation
itself, rather than by the use of the RMSE alone. The RMSE serves as the aggregation
operator over the LRP values within the robustness band, providing a single scalar value
that summarizes the expected error level and local variability around a candidate thresh-
old. We adopted the RMSE as the default aggregation for three reasons. First, since
RMSE = /u?+ 0?2, it jointly reflects the average error level and volatility within the
band. Second, it penalizes large local error spikes more strongly than a simple mean,
which is desirable for deployment decisions where brittle thresholds should be avoided.
Third, unlike a mean-plus-standard-deviation formulation, the RMSE does not introduce
an additional trade-off parameter. Other aggregation operators, such as the mean LRP,
mean-plus-standard-deviation, worst-case error, quantile-based risk, or MAD-based mea-
sures, could also be used within the same band-based framework. In this work, the RMSE
was adopted as a simple, parameter-free compromise between the interpretability and the
sensitivity to local instability. The computation of the DSR-LRP scores across all candi-
date thresholds is the primary output of Phase 2, yielding the raw data needed for the
subsequent analysis.

Implementation Memo

The DSR-LRP score set is generated by sweeping candidate thresholds s over the valid
interval [B, 1 — B] with a step size A, so that the induced band [s — B, s + ] is always
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contained in [0,1]. For each s, the finite set {s;} is constructed as defined above, and
DSR-LRP(s, B) is computed as the RMSE of the LRP values on this set (3). Consistent with
common practice and as proposed in the standard LRP paper [34], we adopted a default
step size of A = 0.01. This setting strikes a practical balance between the computational
efficiency and the resolution; for example, with = 0.05, the set has N+1 = 11 points, so
only 11 LRP evaluations per candidate s are required.

Practical Implications

The DSR-LRP score serves as a unified metric that balances two critical aspects of per-
formance: the average error level (mean) and its stability against perturbations (variability).
A candidate that achieves a low DSR-LRP score represents an effective trade-off, indicating
that it is not only accurate on average, but also robust against the operational distribution
shifts commonly faced post-deployment.

3.3. Phase 3: Analysis and Interpretable Recommendation

Phase 3 is the final analysis and reporting stage of the framework. It receives the raw
per-threshold score sets from Phase 2 and executes the core process in our framework:
first, it identifies the optimal operating threshold s* for the candidate by analyzing the
DSR-LRP scores. Second, it compiles this finding, along with performance metrics and
supporting evidence, into a unified and interpretable recommendation package comprising
three components:

*  Optimal point: This component presents the candidate’s optimal operating threshold
and its corresponding score, the recommended pair (s*, DSR-LRP(s*, B)). This point is
identified by finding the minimum of the DSR-LRP score curve
(s* = argming DSR-LRP(s, B)).

*  Automated rationale report: This provides an automatically generated, descriptive
summary under the specified Phase 1 parameters. It reports the recommended operat-
ing threshold s*, its score DSR-LRP(s*, ), and the shift relative to the LRP optimum
sirps defined as As := s* — s{ . For example, “With k = 3, aj,y = 0, and B = 0.10,
the recommended operating threshold is s* = 0.14 (with a DSR-LRP score of 0.249);
relative to the LRP optimum s{pp = 0.09, the shift is As = 0.05.” This report is
descriptive by design; causal interpretation is left to practitioners.

*  Visual evidence figure: Beyond a single optimum, this figure provides a multi-faceted
analysis of the performance landscape around the selected threshold. It visualizes the
performance curves over the entire threshold range, with the confidence score on the x-
axis and the LRP and DSR-LRP scores on the y-axis. This figure allows practitioners to
intuitively see where s* is situated in the overall performance landscape and confirms
that it lies within a flat region, indicating low performance degradation even under
minor distribution shifts. This serves as direct visual evidence of why the selected
point is assessed as robust.

This multi-faceted delivery of evidence maximizes the transparency of the evaluation results
and empowers practitioners to make final decisions with evidence-driven confidence. An
example of the three-part recommendation package is shown in Figure 3.

Implementation Memo

The process for Phase 3 begins by analyzing the per-threshold score sets from Phase 2
to identify the optimal threshold s*. Once s* is determined, the recommendation package
is automatically generated. The automated rationale report is created by populating a
template with the Phase 1 parameters and the now-identified optimal point. The visual
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evidence figure is rendered by plotting the full score curves from Phase 2, highlighting s*
and its robustness band.

DSR-LRP Recommendation package (Blood cell - logistic)

3. Visual evidence figure:

1. Optimal point: 059

e 5" =024, DSR-LRP(s*, B) = 0.493. 057
0.55

0.53

Score

2. Automated rationale report:

L4 With k = l, NoU = 1, and ,B = 005,
the recommended operating threshold is
s* = 0.24 (DSR-LRP = 0.493);
relative to the pointwise LRP optimum
sirp = 0.22, the shift is As = 0.02.

0.51

0.49

0.47

0.45

.

Figure 3. Example recommendation package produced by Phase 3. (Left): (1) Optimal point and
(2) automated rationale report. (Right): (3) Visual evidence figure.

Practical Implications

This package elevates DSR-LRP from a mere black-box number to a transparent and
trustworthy decision support tool. Instead of blindly accepting the recommended threshold,
practitioners can review the quantitative, qualitative, and visual evidence behind “why this
threshold is optimal.” This instills confidence in the final deployment decision and serves
as compelling justification when reporting the evaluation results and persuading relevant
departments or management.

4. Experiments

To validate the generalizability of DSR-LRP, we conducted experiments across datasets
representing diverse, practical applications. We simulated deployment settings by applying
multiple confidence score calibration methods to detector outputs (Section 4.2). Our base
model in all evaluations was detection transformer with assignment (DETA) [52] using an
ImageNet-pretrained ResNet-50 backbone.

Our training protocol was designed to establish a uniform baseline for subsequent
calibration experiments, rather than to optimize for the peak mAP for each dataset. Prelim-
inary trials revealed that the epoch yielding the highest validation mAP differed markedly
across datasets. However, the quantity of interest for this study was the shape of the LRP
vs. threshold curve, which we observed to continue stabilizing even after the mAP peak.
To ensure that every model reached this practical LRP-stable regime and to remove the
training duration as a confounding variable, we adopted a fixed 50-epoch training protocol
for all experiments. This choice guarantees that all comparisons are based on models with
similar operational characteristics, rather than on potentially misleading, dataset-specific
mAP checkpoints.

The experiments were run on a single NVIDIA RTX A5000 (24 GB) using PyTorch 2.4.0,
torchvision, PyTorch Lightning, Transformers, and Albumentations. We used the official
DETA image processor (shortest_edge = 800, longest_edge = 1333). Training used AdamW
(Ir,1 x 10~%; backbonelr,1 x 10~5; weight decay, 1 X 10~%; batch size, 8) for 50 epochs
without learning rate scheduling; the light augmentations included vertical flip, contrast
jitter, and Gaussian blur. The evaluation followed the standard COCO API protocol; we
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report the mAP, mAP50, and LRP/DSR-LRP metrics. We did not fix random seeds; minor
run-to-run variation was observed, but did not affect the conclusions.

4.1. Dataset Information

Our experimental design was deliberately structured not merely as a head-to-head
comparison, but as a series of purpose-driven case studies aimed at validating the key
practitioner-centric features of DSR-LRP. First, the blood cell dataset serves as a baseline
scenario, configured to mirror the principles of the standard LRP. This allowed us to isolate
and evaluate the specific contribution of our proposed robustness component (). Subse-
quently, the wildfire smoke, pothole, and semiconductor manufacturing equipment sensor
(hereafter SE sensor) datasets are presented as distinct, real-world case studies. These cases
were intentionally chosen to demonstrate the flexibility of DSR-LRP in handling diverse soft
domain preferences. They also showcase the metric’s capacity for evaluation customization
via soft parameter choices (k, a1,u, B); specifically, the ability to de-emphasize localization
penalties (aj,y = 0) when object presence is the primary concern. This customizability al-
lows practitioners to align the evaluation with imprecise domain needs and soft operational
preferences, a feature largely absent in standard metrics.

All four datasets were split into training/validation/test subsets in a 70:20:10 ratio
(see Table 2 for details). The characteristics of each dataset are described below.

Table 2. Per split: number of images and per-class object counts for each dataset.

Class
Blood Cell Image
Platelets RBCs WBCs
Train 255 249 2936 263
Validation 73 76 819 72
Test 36 36 398 37
Class
Wildfire smoke Image
Smoke
Train 516 516
Validation 147 147
Test 74 74
Class
Pothole Image
Pothole
Train 465 1256
Validation 133 330
Test 67 154
Class
SE sensor Image — -
Average Deviation Drift
Train 1205 582 498 275
Validation 347 167 176 78
Test 173 83 58 40

4.1.1. Blood Cell Dataset

This open-source blood cell dataset (https:/ /public.roboflow.com/object-detection/
bced, accessed on 1 July 2025) contains three classes: platelets, red blood cells (RBCs), and
white blood cells (WBCs). Because localization accuracy, FNs, and FPs were considered
equally important and only typical threshold robustness was required, the experimental
settings were ajoy = 1, k = 1 (apy = 1, app = 1), and B = 0.05. An example is shown
in Figure 4a.
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@)

Figure 4. Examples of open-source dataset images. (a) Blood cell. (b) Wildfire smoke. (c) Potholes.

4.1.2. Wildfire Smoke Dataset

This open-source wildfire smoke dataset (https:/ /public.roboflow.com/object-detection/
wildfire-smoke, accessed on 1 July 2025) contains a single class indicating the presence of
smoke. In this safety-critical domain, the primary goal is to reliably detect the presence of
smoke with a reasonable overlap. To reflect this soft domain preference, we deliberately
set ajou = 0, applying no additional penalty for localization accuracy beyond the initial
IoU threshold. Because FNs are extremely costly in this safety-critical domain, we assigned
a heavy penalty to apy. Furthermore, we adopted a wider robustness band g = 0.10 to
ensure stable performance because diverse wildland backgrounds can lead to significant
confidence score variance. Accordingly, the experimental settings were ajoy = 0, k = 3
(apn = 1.5, app = 0.5), and B = 0.10. An example is shown in Figure 4b.

4.1.3. Pothole Dataset

The open-source pothole dataset (https://public.roboflow.com/object-detection/
pothole, accessed on 1 July 2025) contains a single class, indicating the presence of road
potholes. In this application, identifying a pothole’s presence is far more critical than
precisely locating its boundaries. To reflect this priority and apply no penalty beyond
the initial IoU threshold, we deliberately set a1,y = 0. High maintenance costs from FPs
warranted a heavy penalty on app, while the variable road and lighting conditions in the
dataset necessitated a typical robustness setting. Thus, the experimental settings were
aou =0,k =1/3 (apn = 0.5, app = 1.5), and B = 0.05. An example is shown in Figure 4c.

4.1.4. Semiconductor Manufacturing Equipment Sensor Dataset

This dataset was derived from the format used in actual semiconductor fabrication for
quality control, where time-series data were converted into chart images for monitoring.
Despite recent technologies in chart-anomaly detection, problem regions and classes are still
determined manually. Therefore, employing object detection could enable full automation.
The dataset consists of three classes: average, deviation, and drift. Similar to Figure 1a,
most spatial information is captured at an IoU of 0.50. Therefore, to align the metric with
the domain need where object detection is sufficient, we set ajo,y = 0. Furthermore, because
FNs can critically affect the quality of semiconductor products, a higher cost was assigned
to FNs. Due to the highly controlled data acquisition environment, which resulted in
a low variance in the signal characteristics, a narrow robustness band of § = 0.03 was
deemed sufficient. Accordingly, the experimental settings were ajoy = 0, k = 2 (apn = 4/3,
app = 2/3), and B = 0.03. An example is shown in Figure 5.
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(@) (b) (c)
Figure 5. Examples of each class from the semiconductor manufacturing equipment sensor dataset.
(a) Average: mean value falls outside the expected range. (b) Deviation: individual points deviate
significantly from the expected range. (c) Drift: distribution or trend gradually shifts over time.

4.2. Confidence Score Calibration Methods

As pointed out by Guo et al. [51], modern deep learning models tend to be over-
confident. To overcome this, various calibration approaches have been explored. Strictly
monotonic calibration mappings (e.g., logistic or beta) leave a model’s mAP and detection
ranking unchanged. In contrast, piecewise constant mappings such as histogram binning
can introduce ties or local rank inversions, which may slightly alter the mAP. Additionally,
some train-time calibration methods (e.g., MC dropout calibration) can modify the ranking
during training. Nevertheless, calibration is widely used at deployment to improve the
decision confidence. Therefore, we empirically investigated whether DSR-LRP can effec-
tively discriminate among these calibration methods in terms of their resulting deployment
stability and cost-aware performance.

4.2.1. Post Hoc Calibration

We implemented various calibration methods proposed by Kiippers et al. [46]. In their
framework, the input to the calibration function is defined as s = (p, ), where p is the
confidence score, and 7 encodes the bounding box information. For notational simplicity,
we will hereafter use p to denote the confidence score p, which serves as the input to
our calibration functions. Our analysis deliberately limits calibration to methods that
modify only the scalar confidence score p, leaving all bounding box coordinates unchanged.
This focus aligns with our primary goal: demonstrating how DSR-LRP can be used to
select a robust operating threshold on the confidence score axis. Therefore, varying the
confidence landscape through different score calibrations is the most direct and sufficient
way to validate the metric’s core behavior regarding threshold stability. Nevertheless,
DSR-LRP still accounts for localization quality via the ajoy term, because the detector’s
spatial accuracy is fixed prior to evaluation. Consequently, any difference between the
LRP (8 = 0) and DSR-LRP (B > 0) can be unambiguously attributed to the robustness
component §. For clarity in our analysis, we treated logistic and beta calibration as strictly
monotonic score mappings, whereas histogram binning is a piecewise constant and thus
may reorder detections.

1.  Histogram binning: This method divides the confidence scores into several bins and
uses the average accuracy within each bin as the new calibrated confidence. The
calibration function is: 1

fus(p) = T Y. mj,
' jeB;
where B; is the set of predictions whose confidence score falls into the ith interval, and
m; is the outcome of the jth prediction (1 for a correct detection, 0 otherwise).
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2. Logistic calibration: This method applies a linear logit model for calibration, defined as
z(p) = a + b p, within the standard sigmoid calibration map g(p) = 1/(1+ exp(—z(p))).
Therefore, the final correction map is given by:

1
1+exp(—(a+bp))

fic(p) =

3. Beta calibration: This method employs a more flexible non-linear model for the log-
odds term z(p) = a In(p) — b In(1 — p) + ¢, which is then transformed by the same
sigmoid map g(p). The final correction map is given by:

1
1+exp(—(aln(p) —bIn(l—p)+c))

fec(p) =

4.2.2. Auxiliary Loss Calibration with Monte Carlo (MC) Dropout

Following the approach by Pathiraja et al. [53], we incorporated an auxiliary calibration
loss during model training. This method leverages Monte Carlo (MC) dropout to generate
multiple predictions for a single input, using the variance across these predictions as a
measure of model uncertainty. For parity with the post hoc methods, which calibrate only
scores, we nullified the localization calibration term by setting Aaux = 0 in the original
loss function (Lyccr—aux = £Mcc + Aaux £1¢). This effectively discards the localization
calibration term (£ c), ensuring that only the confidence calibration component (Lyicc) is
evaluated. This loss is defined as:

1 K 1 N;, Npos 1 Ny Npos
e = 23S Y o - L3V g
k=1 I1=1n=1 =1 n=1

Here, K is the number of classes, N}, is the batch size, Npos is the number of positive
detections per image, and M = Nj,Npos. The loss is computed for each class k at every nth
positive detection within the /th sample of a mini-batch. The term g; , [k] represents the
one-hot encoded ground truth, which is compared against v; ,, k], the model’s adjusted con-
fidence. The adjusted confidence is v; ,, [k] = (5; ,[k] 4+ ¢; 4 [k]) / 2, where 5; ,, [k] is the mean
softmax probability over N forward passes, and the certainty c; ,[k| = 1 — tanh(d, , [k]),
which decreases as uncertainty grows. The uncertainty term d; ,, [k] is the variance of the
corresponding logits over those passes. For our implementation, we set the number of
MC samples to N = 5 and adopted all other hyperparameters from the configuration
recommended in the source paper.

The evaluated calibration methods were applied to each model trained with our
50-epoch protocol. The methods were applied in two ways depending on their category. For
the post hoc approaches (histogram, logistic, and beta), calibration parameters were fitted
exclusively on the validation set. For the train-time approach (MC dropout calibration), we
observed that a two-stage procedure (first training without the auxiliary term, then fine-
tuning with it after convergence) consistently outperformed training from scratch; therefore,
we adopted a two-stage procedure. All final performance metrics were subsequently
reported on the held-out test set.

4.3. Experimental Results and Analysis

To provide a comprehensive analysis, our result tables report key metrics, each selected
for a distinct purpose. We used the mAP and mAP50 as a general performance baseline.
To specifically quantify the effectiveness of the applied confidence calibration methods,
we included D-ECE [46]. Finally, to evaluate our core hypothesis, we compared DSR-LRP
directly against its pointwise counterpart, the LRP (defined with f = 0, but using the
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same cost parameters k and ajoy). This allows for a direct assessment of the stability
component’s impact.

4.3.1. Blood Cell Dataset

* Experimental setting: ajoy =1, k =1 (apny = 1, app = 1), and § = 0.05.

Consistent with the discussion in Section 4.2, the piecewise histogram binning and
the stochastic MC dropout calibration slightly perturb the mAP, whereas logistic and beta
mappings leave it unchanged. Yet the mAP is a global, rank-based metric; in deployment,
we care about performance stability around a single operating threshold.

Table 3 shows the results for each metric. In this baseline scenario, where k = 1 and
apu = 1, the LRP (B = 0) score is equivalent to the standard LRP formulation. While
MC dropout calibration achieved the nominally best (lowest) score for the LRP (8 = 0),
logistic calibration minimized DSR-LRP. As visualized in the recommendation package’s
evidence figure, the performance curve for MC dropout reached its minimum at a threshold
of 0.44, but degraded sharply around this point (Figure 6a). In contrast, Figure 6b shows
that the curve for logistic calibration is nearly flat around its optimum, yielding the lowest
DSR-LRP score. This outcome demonstrates that the DSR-LRP criterion prioritizes stability
by identifying a reliable operating threshold over a nominally superior, but volatile, one.

Table 3. Evaluation metrics for each calibration method on the blood cell dataset.

Calibration mAP mAP50 D-ECE (%) LRP (B =0) DSR-LRP
Original 0.577 0.870 3.49 0.491 (0.40) 0.494 (0.38)

Histogram binning 0.546 0.837 2.37 0.510 (0.31) 0.513 (0.34-0.35)
Logistic 0.577 0.870 3.64 0.493 (0.22) 0.493 (0.24)

Beta 0.577 0.870 2.38 0.493 (0.43) 0.494 (0.40-0.41)

MC dropout 0.574 0.865 6.85 0.490 (0.44) 0.495 (0.40-0.41)

Note. LRP/DSR-LRP are lower-is-better; values in parentheses are the confidence thresholds at which the minima
were attained. D-ECE is reported in percentage. Bold indicates the best value per column (highest mAP/mAP50;

lowest D-ECE/LRP/DSR-LRP).

0.59 0.59
0.57 0.57
055 0.55

0.53 0.53

Score
Score

0.51 0.51

0.49 0.49

+— Optimal point . .
by standard LRP L’ Optimal point

0.47 0.47 by DSR-LRP
[T DSR-LRP

(a) (b)
Figure 6. LRP vs. DSR-LRP across confidence thresholds on the blood cell dataset. (a) MC dropout
calibration. (b) Logistic calibration.

4.3.2. Wildfire Smoke Dataset

* Experimental setting: ajouy = 0, k = 3 (apny = 1.5, app = 0.5), and = 0.10.

Table 4 shows that MC dropout calibration outperformed all other methods under
both the LRP (8 = 0) and DSR-LRP, with both metrics attaining their minima at similar
thresholds (Figure 7a). To make the behavior of our metric explicit, the beta calibration
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case is particularly illustrative. In the recommendation package, the rationale reports
that the LRP (B = 0) attained its optimum at a low threshold of s{zp = 0.09, whereas
DSR-LRP selected s* = 0.14 under the prescribed robustness band g = 0.10, yielding a
shift of As = 0.05. As confirmed by the visual evidence (Figure 7b), this shift demonstrates
that DSR-LRP avoids steep regions of the curve that would make the operating threshold
sensitive to small score shifts. This example shows how the package synthesizes the
operating threshold, its rationale (the As shift), and visual evidence to recommend a
stable setting.

Table 4. Evaluation metrics for each calibration method on the wildfire smoke dataset.

Calibration mAP mAP50 D-ECE (%) ( ﬁLEPO) DSR-LRP
Original 0.498 0.875 0.97 0.216 (0.15)  0.260 (0.21)
Histogram 0.337
binning 0.400 0.761 0.25 (0.15-0.18) 0.352 (0.14)
Logistic 0.498 0.875 0.48 0.227 (0.02)  0.273 (0.11)
Beta 0.498 0.875 0.32 0216 (0.09)  0.249 (0.14)
MC 0.188 0.219
dropout 0.533 0913 214 (0.36-0.37)  (0.34-0.35)

Note. LRP/DSR-LRP are lower-is-better; values in parentheses are the confidence thresholds at which the minima
were attained. D-ECE is reported in percentage. Bold indicates the best value per column (highest mAP/mAP50;
lowest D-ECE/LRP/DSR-LRP).

0.4 : : 0.4
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03 03
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&5 by DSR-LRP
N . ) (beta calibration)
02 Optimal point 5
e by DSR-LRP Optimal point
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015 by LRP IRP moems USHLI o (beta calibration) LRP wooeeeee DSR-LRP
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S o CO0O0O0O0O0O0O0O0Oo oo SRR =R=R=-R=R=R=R=R=k=k=k=E=-R=R=E=]
confidence score confidence score
(a) (b)

Figure 7. LRP vs. DSR-LRP across confidence thresholds on the wildfire smoke dataset. (a) MC
dropout calibration. (b) Beta calibration.

4.3.3. Pothole Dataset

* Experimental setting: ajouy = 0,k = 1/3 (apny = 0.5, app = 1.5), and = 0.05.

As presented in Table 5, MC dropout calibration again attained the best scores under
both metrics; its visual evidence is shown in Figure 8a. To surface DSR-LRP’s cost-sensitive
behavior, the beta calibration case is particularly instructive. In the recommendation
package, the rationale reports that the pointwise, cost-sensitive LRP (8 = 0) attained
its optimum at s;;p = 0.58, whereas DSR-LRP selected a more conservative operating
threshold at s* = 0.62 under the specified cost asymmetry (heavier penalty on FPs), yielding
a rightward shift of As = 0.04. As confirmed by the visual evidence in Figure 8b, the curve
was steeper near 0.58 than around 0.62; thus, DSR-LRP requires a higher confidence score
to reduce the FP risk while securing local stability within its robustness band.
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Table 5. Evaluation metrics for each calibration method on the pothole dataset.
Calibration mAP mAP50 D-ECE (%) LRP (B =0) DSR-LRP
. 0.348
Original 0.502 0.770 1.46 0.338 (0.38) (0.52-0.53)
Histogram 0.410

binning 0.419 0.681 0.47 (0.41-0.42) 0.412 (0.55)
Logistic 0.502 0.770 1.07 0.338 (0.46) 0.344 (0.50)
Beta 0.502 0.770 0.66 0.338 (0.58) 0.347 (0.62)

MC dropout 0.486 0.757 3.93 0.320 (0.42) 0.336 (0.44)

Note. LRP/DSR-LRP are lower-is-better; values in parentheses are the confidence thresholds at which the minima
were attained. D-ECE is reported in percentage. Bold indicates the best value per column (highest mAP/mAP50;
lowest D-ECE/LRP/DSR-LRP).
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Figure 8. LRP vs. DSR-LRP across confidence thresholds on the pothole dataset. (a) MC dropout
calibration. (b) Beta calibration.

Figures 9 and 10 quantify the practical benefit of this shift by simulating the “threshold
brittleness” phenomenon. Figure 9 illustrates the risk of relying on a pointwise opti-
mum: a minor deviation of just 0.05 (simulating a score-level distribution shift) from the
LRP-optimal threshold causes the error score to spike, resulting in a substantial 15.6%
performance degradation. In contrast, Figure 10 shows that the operating threshold rec-
ommended by DSR-LRP is much less sensitive to the same perturbation. By selecting an
operating point within a locally stable region, the same shift results in only a 1.8% fluctua-
tion. This contrast suggests that DSR-LRP effectively manages uncertainty, safeguarding
the system against the brittleness inherent in standard optimization.

20

LRP score : 0.370 = True Positives === False Positives
(if threshold is shifted by Q.OS)

LRP score: 0.320
(Optimal threshold 0.42 by LRP)

Performance degradation =15.6%

Count

Figure 9. Fragility of a single-point optimum: a 0.05 shift from the LRP-optimal threshold (0.42)
increases the (lower-is-better) LRP error by 15.6% on the pothole dataset.
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20 LRP score : 0.334 = True Positives === False Positives
(if threshold is shifted by 0;05) LRP score: 0.338

(Optimal threshold 0.44 by DSR-LRP)

Performance fluctuation = 1.8%
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Figure 10. Improved robustness under DSR-LRP: under the same 0.05 shift, the recommended
operating threshold (0.44) limits performance fluctuation to only 1.8%.

4.3.4. Semiconductor Manufacturing Equipment Sensor Dataset

* Experimental setting: ajoy = 0, k = 2 (apny = 4/3, app = 2/3), and p = 0.03.

As shown in Table 6, the uncalibrated (original) model attained the lowest scores for
both the LRP (8 = 0) and DSR-LRP. In the recommendation package, the rationale reports
that the DSR-LRP optimum coincides with the pointwise LRP optimum (s* = s{zp; As = 0),
which is consistent with the visual evidence in Figure 11a: the LRP curve is relatively flat
within the narrow robustness band (8 = 0.03). Because the pointwise LRP varies only mini-
mally across the = neighborhood, the DSR-LRP objective naturally achieves its minimum
at the same threshold. This behavior is not an isolated case, as the MC dropout calibration
exhibits a similar convergence of its optimal thresholds (Figure 11b). Consequently, these
observations demonstrate a key property: when the underlying performance is already
robust, DSR-LRP does not unnecessarily shift the operating threshold and converges to the
LRP (B = 0) optimum. This behavior is empirically consistent with the theoretical property
that DSR-LRP converges to the LRP as § — 0.

0.8
0.8

0.7 07

0.6 0.6

Score
Score

0.5 Optimal point
Optimal point 03 Optimal - b)?DSR-LpRP
DSR-LRP ptimal point
Optimal point by DS by LRP (MC dropout)
04 by LRP LRP [Eeesres: DSR-LRP (MC dropout) LRP  woeene DSR-LRP
8 0.4

(a) (b)
Figure 11. LRP vs. DSR-LRP across confidence thresholds on the semiconductor manufacturing
equipment sensor dataset. (a) Original (uncalibrated). (b) MC dropout calibration.

4.3.5. Cross-Scenario Interpretation of Parameter Roles

Although this study does not provide a full factorial ablation over k, a1y, and B within
a single dataset, the four experimental scenarios were intentionally designed to represent
distinct deployment requirements. The blood cell scenario (k = 1, ajoy = 1, B = 0.05)
serves as a symmetric baseline in which the pointwise LRP component is equivalent to the
standard LRP, thereby isolating the additional effect of the robustness band. The wildfire
smoke scenario (k = 3, ajoy = 0, B = 0.10) represents an FN-critical setting with a wider
robustness band; in the beta-calibrated case, DSR-LRP shifts the recommended threshold
from the pointwise LRP optimum of 0.09 to 0.14, thereby avoiding a steep region of the
curve. The pothole scenario (k = 1/3, aj,uy = 0, B = 0.05) represents an FP-critical setting;
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in the beta-calibrated case, DSR-LRP recommends a higher threshold than the pointwise
LRP optimum, which is consistent with the need to reduce false alarms while maintaining
local stability. The semiconductor sensor scenario (k = 2, ajouy = 0, § = 0.03) represents a
controlled sensing environment with a narrower robustness band; when the LRP curve is
locally flat, the DSR-LRP optimum coincides with the pointwise LRP optimum.

Taken together, these case studies illustrate how the exposed parameters encode
different practitioner priorities and produce interpretable threshold recommendations
across representative deployment settings. Nevertheless, a full within-dataset factorial
ablation over k, ajoy, and 3, as well as formal multi-seed statistical testing, remains an
important direction for future work.

Table 6. Evaluation metrics for each calibration method on the semiconductor manufacturing
equipment sensor dataset.

Calibration mAP mAP50 D-ECE (%) LRP (8 = 0) DSR-LRP
Original 0.347 0.609 0.73 0.497 (0.23-0.24)  0.501 (0.24)
Histogram binning  0.300  0.560 0.37 0.536 (0.31-0.33)  0.541 (0.31)
Logistic 0347  0.609 0.54 0529 (0.08)  0.531 (0.05)

Beta 0.347  0.609 0.37 0.522 (0.20) 0.529 (0.23)

MC dropout 0.345 0.630 2.00 0.505 (0.31) 0.510 (0.31)

Note. LRP/DSR-LRP are lower-is-better; values in parentheses are the confidence thresholds at which the minima
were attained. D-ECE is reported in percentage. Bold indicates the best value per column (highest mAP/mAP50;
lowest D-ECE/LRP/DSR-LRP).

5. Conclusions
5.1. Summary of Contributions

The practical deployment of object detectors requires an evaluation framework that
transcends the global summaries provided by academic benchmarks such as the mAP.
Throughout this paper, we focused on three deployment-oriented requirements often
neglected by standard metrics: (1) evaluation at a specific operating threshold, (2) han-
dling asymmetric and imprecise error costs, and (3) enhancing robustness against local
distribution shifts.

To address these challenges, we proposed DSR-LRP, a systematic three-phase decision
support framework designed to manage cost-stability trade-offs. This framework begins
with Phase 1: translating soft domain preferences—such as approximate cost ratios and
tolerable imprecision—into quantitative parameters (k, ajou, B). Then, it proceeds to Phase 2,
a robust, cost-sensitive evaluation that aggregates performance within a robustness band,
and concludes with Phase 3: delivering an interpretable recommendation package. This
package provides the optimal threshold, a quantified rationale, and visual evidence, thereby
supporting transparent, evidence-based decision-making.

Our experiments on four diverse industrial datasets suggest that DSR-LRP is consistent
with soft-computing principles for managing uncertainty and trade-offs in a deployment-
oriented evaluation:

*  Mitigating threshold brittleness. By evaluating the performance within a robustness
band rather than at a single point, DSR-LRP tends to steer the operating point away
from unstable regions prone to sharp degradation. This capability was highlighted in
our pothole case study, where the framework recommended a more robust operating
point that reduced the sensitivity to simulated shifts from 15.6% (standard optimum)
to 1.8%.
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Operationalizing soft domain preferences. Through its configurable parameters
(k and aj5y), DSR-LRP translates high-level, often qualitative domain priorities into
the final deployment decision (as illustrated by the contrasting cost structures in the
wildfire and pothole datasets).

Adaptive consistency. In our experiments, when the model was already stable, DSR-
LRP tended to avoid unnecessary adjustments and converge to the pointwise optimum,
acting as a reliable guardrail that intervenes mainly when uncertainty poses a risk (as
demonstrated in the semiconductor dataset).

In conclusion, DSR-LRP is more than a simple evaluation metric; it is a soft-computing-

oriented tool that helps bridge the gap between rigid academic benchmarks and the flexible,

robust needs of industry. By explicitly managing uncertainty and maximizing transparency,

it empowers practitioners to make reliable, evidence-driven deployment decisions.

5.2. Limitations and Future Work

While our decision support framework begins to address important gaps in post hoc

evaluation, we highlight several limitations and future directions to further advance its

impact within the soft-computing domain.

Computational overhead. DSR-LRP introduces additional computation because the
LRP must be evaluated at multiple points within the robustness band. However, this
evaluation is performed post hoc on stored detection outputs and does not require
rerunning detector inference. Therefore, the practical overhead is modest; for example,
with B = 0.05 and A = 0.01, only 11 band points are evaluated for each candidate
threshold. The cost increases linearly with a wider B or finer A, but remains a one-time
offline cost during evaluation.

From post hoc evaluation to in-training optimization. Our framework currently
applies its core logic (Phases 2 and 3) only after model training. A natural next step
is to formulate a differentiable loss function inspired by DSR-LRP’s principles. This
would enable models to internalize stability and cost-awareness directly during the
learning process, evolving from systems that are merely evaluated for robustness to
those that are trained for it.

From expert tuning to systematic preference elicitation. Phase 1 currently relies
on practitioner knowledge to set parameters (k, aj,u, and ), which may introduce
subjectivity. Future work could develop systematic methodologies for this process,
for instance, by adapting multi-criteria decision-making (MCDM) frameworks [54] to
automatically elicit and optimize these soft preferences from data or interactive user
feedback. Although this paper provides default settings in Section 3.1 and a cross-
scenario interpretation of parameter roles in Section 4.3.5, the recommended threshold
can still depend on these practitioner-defined choices. A controlled within-dataset
factorial sweep over k, ajoy, and B, together with multi-seed statistical significance
testing, is therefore left as future work. More broadly, future research could also adapt
large-scale group decision-making approaches, such as Trillo et al. [55], when multiple
stakeholders are involved in defining deployment preferences.

Integration with candidate-level deployment audits. A natural extension is to inte-
grate DSR-LRP with candidate-level deployment audit frameworks such as CSEF [50].
In such a two-tier pipeline, DSR-LRP could first identify a cost-aware and locally
robust operating threshold for each candidate, after which CSEF-style auditing could
evaluate whether the selected candidate satisfies broader deployment-level stability
and operational constraints. This integration would preserve the distinction between
threshold-level operating-point selection and candidate-level deployment auditing,
while allowing both perspectives to support a unified deployment decision process.
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*  Generalization to foundation and multimodal detectors. DSR-LRP is architecture-
agnostic in principle because it only requires predicted boxes, class labels, confidence
scores, and ground-truth annotations. However, open-vocabulary, multimodal, or
foundation-model-based detectors may introduce additional uncertainty sources,
such as prompt sensitivity, semantic ambiguity among classes, and class-dependent
confidence calibration. Extending DSR-LRP to these emerging architectures is a
promising future direction.

Pursuing these directions could further help bridge the gap between theoretical robust
optimization and deployment-ready industrial perception systems.
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Abbreviations

List of notations and their descriptions used in the DSR-LRP framework.

Symbol Description

s A candidate confidence threshold.

The final optimal operating threshold recommended by the
DSR-LRP framework.

The threshold that minimizes the pointwise LRP score without

s*

%
SLRP robustness consideration.
P The classification cost ratio (Costgy / Costpp). A value greater than 1 implies
a higher cost for FNs, and less than 1 for FPs.
NP, AFN Cost multipliers for FPs and FNs, derived from the cost ratio k.
The localization importance, a value between 0 and 1 that controls the
floU tolerance for imprecise bounding boxes.
The robustness band, defining the interval width for evaluating the performance
stability against potential distribution shifts.
A The step size for sweeping thresholds (e.g., 0.01).
N The number of discrete steps within the robustness band, calculated as
N = [28/A].
LRP(s) The cost-sensitive localization recall precision (LRP) error score at a single
threshold s.

DSR-LRP(s, B) The final score for a candidate threshold s with a robustness band S,
! considering both the average performance and variability within the band.
Nrp The number of true positives.

Ngp The number of false positives.
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NN The number of false negatives.

X The set of ground-truth bounding boxes.

Y The set of detections whose confidence scores are higher than the threshold s.
Z The normalization constant to keep the LRP score within the range [0, 1].

. The minimum intersection over the union (IoU) threshold for a detection to be

considered a TP.

Appendix A. Algorithm for DSR-LRP Framework

Algorithm A1 DSR-LRP framework (part 1 of 2).

1:
2:
3:

4
5
6:
7.
8
9

10:
11:
12:
13:
14:
15:
16:

17:
18:

19:
20:
21:
22:
23:

24:

Phase 1: Knowledge elicitation and parameterization
Based on practitioners’ soft domain preferences, define the core domain-specific parameters:
- k: Classification cost ratio (k = costgy /costgp)
- apou: Localization importance (ajoy € [0,1])
- B: Robustness band (expected magnitude of confidence score shifts)
Input:
- Dresults: All detection results from the candidate
- Dgt: All ground-truth data
- 7: Minimum IoU threshold for a TP
Preparation:
Initialize empty dictionaries: LRP_scores < {}, DSR_LRP_scores «+ {}
Calculate cost multipliers: app <— 2/ (1 +k); apn < 2k/(1+ k)
Return: Parameters and initialized dictionaries.
Phase 2: Robust and cost-sensitive evaluation
Preliminary: Result Classification
For each confidence threshold s, classify detection results in Dyegts against Dgt using the IoU
threshold 7 to obtain counts of Ntp, Ngp, NgN-
2.1. Calculate cost-sensitive LRP
For each point s, calculate the pointwise LRP score using the formula:
LRP(s;) = % (aiou Z,I-\ff 110U 4 wep Nep + apn NiN)
Return: A dictionary mapping each threshold to its LRP score, LRP_scores.
2.2. Calculate DSR-LRP
Input:
- A: Step size for sweeping thresholds within the robustness band (e.g., 0.01).
For a given candidate threshold s, evaluate stability over the band [s — B, s + B] using the
formula:

DSR-LRP(s, ) = \/ by TN (LRP(5;))?
where N = |2/A] is the number of discrete steps within the band.
Return: A dictionary mapping each threshold to its DSR-LRP score, DSR_LRP_scores.

Algorithm A2 DSR-LRP framework (part 2 of 2).

1:
2
3
4
5:
6
7
8
9
10:
11:

12:

13:

Input:
- LRP_scores: Dictionary of LRP scores from Part 1
- DSR_LRP_scores: Dictionary of DSR-LRP scores from Part 1
- Original parameters (k, a1y, B)

Phase 3: Analysis and interpretable recommendation

: Identify optimal thresholds by finding the minimum values in the returned dictionaries:

s* ¢ arg mins DSR_LRP_scores
S{gp ¢ argmins LRP_scores

: Compile the final recommendation package, Prec, with the following components:

- Optimal point: The recommended pair (s*, DSR_LRP_scores[s*]).

- Rationale: A quantitative summary of the cost-stability trade-off, including the shift from
s/ gp to s* under the given parameters.

- Visual evidence: A figure plotting the computed LRP_scores and DSR_LRP_scores curves to
visualize the performance landscape.
Return: The complete recommendation package, Prec.
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