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Abstract. Reliable object detection in safety-critical applications re-
quires models that can recognize their own failures. This paper intro-
duces a self-assessment approach for monitoring the operational readi-
ness (OR) of object detectors under distributional shift. Unlike existing
methods that focus on uncertainty estimation or generative models, we
propose assessing OR by comparing the cumulative distribution func-
tions (CDFs) of feature map activations from multiple layers of a frozen
detector. This approach captures both low- and high-level feature in-
formation, offering a simple and effective alternative to existing strate-
gies. We formalize operational readiness as estimating the in-distribution
probability of a given input image, which serves as a proxy for data un-
certainty. Our method is systematically compared to explicit generative
modeling with normalizing flows and aggregation of detector uncertain-
ties. Experiments on COCO with synthetic covariate shifts show that
our activation-distribution approach outperforms these baselines. The
method is detector-agnostic and can be implemented as an add-on mod-
ule for pre-trained detectors.

Keywords: Operational Readiness · Out-of-Distribution · Object De-
tection · Image Corruption.

1 Introduction

Object detectors are increasingly deployed in safety-critical applications such as
autonomous driving [26,6], where failures can lead to catastrophic outcomes. To
mitigate risk, deployed systems need runtime monitors that can flag inputs under
which detector outputs are unreliable. We refer to this capability as operational
readiness (OR). Following the standard setup in recent work [15], we assume no
unsafe samples are available during monitor training. For object detection, we
write the operational decision using a data-side readiness term:

P (y | x,D)OR = P (y|x,D) · POR(x) (1)

where POR(x) is the probability that x belongs to the distribution of safe inputs,
y denotes the detector output, and D is the training set.

OR is broader than out-of-distribution (OOD) detection: an input can be in-
distribution (ID) yet still cause errors (e.g., extreme occlusion), and some shifted
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inputs may remain safe. However, we must decide whether to trust the detector
before relying on its outputs, and error-labeled unsafe examples are unavailable.
We therefore adopt the ID probability PID(x) as a necessary practical, but not
sufficient, proxy for the data-side component of OR, i.e., replacing POR(x). This
focuses the monitor on detecting covariate shift in pID(x), complementing model-
side uncertainty and task-specific checks.

Most OOD methods were designed for classification and transfer imperfectly
to detection due to dense, structured outputs. OOD methods applicable for
detection mainly fall into two categories. First, leveraging detector uncertainty
(e.g., [17]) and generative approaches that build explicit density models to learn
pID(x). While detector uncertainty may implicitly capture data uncertainty, it
primarily reflects model uncertainty and is therefore not ideal for OOD detection.
Generative models, despite empirical improvements for OOD detection [5,23,51],
can assign high likelihoods to OOD samples.

Our key idea is a simple, detector-agnostic input gate based on the dis-
tribution of neuron activations across multiple layers of a frozen detector. In-
spired by [49], we summarize each layer by histograms of channel activations
and compare their cumulative distribution functions (CDFs) to reference CDFs
aggregated from training data. This captures low- and high-level cues and yields
an efficient image-level shift score. We systematically compare this activation-
distribution monitor to normalizing flow -based generative models trained on
detector activations and top-k aggregation of detection uncertainties from prob-
abilistic detectors. We evaluate on COCO [38] under synthetic covariate shifts.
Despite its simplicity, the activation-distribution approach consistently outper-
forms flow-based and detection-uncertainty baselines for ID vs. OOD separation.
The monitor is lightweight and plug-in, requiring no detector modifications.

Our contributions are: We motivate and formalize using PID(x) as a neces-
sary, data-side proxy for OR in detection, under the constraint of no unsafe labels
at training time. We propose a detector-agnostic activation-distribution monitor
that compares multi-layer activation CDFs to training-set references. We pro-
vide a systematic comparison against normalizing flows on detector features and
top-k detection-uncertainty aggregation, showing consistent gains under covari-
ate shift.

Section 2 situates our work within OOD detection, uncertainty estimation,
and OR monitoring. Section 3 details the approaches for PID(x) approximations.
Section 4 presents experiments and results. Section 5 discusses limitations, and
Section 6 concludes.

2 Related Work

Methodologically, OOD approaches can be applied to OR, but most were de-
signed for classification, where each input yields a single output label. Classification-
focused OOD methods typically operate on penultimate-layer features or logits
and are not transferable to detection, which produces dense, structured out-
puts and a more complex failure landscape. Notable examples include maximum
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softmax probability MSP [22], ODIN [36], GradNorm [25], ReAct [52] or energy-
based approaches [39]. In object detection, however, classification logits live at
the detection level (per anchor/proposal/query). As a result, these OOD meth-
ods primarily diagnose missing or novel classes (open-set concerns) (e.g., [8]) for
specific detections and do not provide a reliable image-level signal of data-side
readiness. We also leave out rule based or outlier monitors which address shape
assertions (e.g., [28,4]).

We distinguish OOD from several related areas, such as anomaly detection
(AD), novelty detection (ND), open set recognition (OSR), and outlier detec-
tion (OD), which differ in objectives and evaluation. Our focus is covariate shift
in pID(x) (e.g., corruptions) that degrades detector reliability [48,47]. For com-
pleteness, covariate shift may also arise from adversarial examples [14,42] or
style transfer [11]. For a unified framework of generalized OOD detection with a
taxonomy along classification tasks, see Yang et al. [57].

Among OOD methods applicable to detection, generative models estimate
likelihood under a learned data distribution. Variational auto encoders (VAEs)
[30] use the evidence lower bound (ELBO). Normalizing flows (NFs) [32] provide
exact, tractable likelihoods, which makes them an attractive alternative for the
OOD task. While image-level likelihoods can be unreliable for OOD (e.g., NF
pitfalls [31]), recent work improves performance by modeling feature activations
from multiple layers rather than raw pixels [53,40]. We follow this feature-space
direction and adopt NFs as a reference baseline, training them on detector acti-
vations to capture multi-scale cues and complement detection-level uncertainty
aggregation.

Detection-level uncertainty relies on probabilistic detectors to estimate pre-
dictive distributions. Exact Bayesian inference is intractable [41,43]. Practical
approximations include MC dropout [10] and variance networks [29]. Although
popular, MC dropout is computationally expensive and has been criticized for
producing sub-optimal uncertainty estimates in certain settings [46,33]. Another
strategy is to extend standard object detectors with variance networks to di-
rectly estimate uncertainty [29] by augmenting detectors to predict parameters
of a multivariate Gaussian predictive distribution. These networks are typically
trained using scoring rules such as negative log-likelihood (NLL), energy score
(ES) [13], and direct moment matching DMM [9], and have been successfully
employed in works like [20,19,17]. For a broader review of probabilistic methods
in deep learning, we refer to these works [12,1], and for a comprehensive overview
with a focus on object detection, see [16]. However, detection-level uncertainty
alone is often insufficient to capture global anomalies or broader reliability sig-
nals. Building on [45], we aggregate uncertainty scores from top-k detections to
obtain a coarse image-level uncertainty estimate to approximate PID(x).

3 Operational Readiness

In this section, we present approaches for estimating PID(x) as a proxy for
OR in object detection, as formalized in(Eq. (1)). Each method quantifies data
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uncertainty from a distinct perspective: modeling global activation statistics,
learning a feature-space density, or aggregating detection-level uncertainties.
The acceptance decision uses an indicator function to assign a binary score
ôr ∈ {0, 1} : ôr = I[PID(x) < τ ] where τ is a threshold. For distance-based
monitors, we use the same convention by interpreting PID as a shift score.

Object Detector (e.g., Faster-RCNN)

Input Image

x

Output

y

Training Dataset D

Operational Readiness Score

ôr = I[EMD (CDFsref,CDFsx) < τ ]
CDFsref

A
ggregate

CDFsx

Feature Map Activations
{{

al,ch
}Nch

ch=1

}Nl

l=1

Activation Histograms{{
hl,chx

}Nch

ch=1

}Nl

l=1

Cumulative Distribution Function{{
CDFl,ch

x
}Nch

ch=1

}Nl

l=1

Fig. 1: Architecture of the proposed approach for operational readiness (OR)
estimation. Feature map activations extracted at different layers l (Nl: number
of layers) of the (frozen) object detector are used to capture activation statistics
in the form of histograms hl,chx per channel ch (Nch: number of channels). Then
the cumulative distribution functions (CDFs) are calculated and compared to
the reference CDFsref from the training dataset with Earth Mover’s Distance
(EMD) to estimate the operational readiness score ôr.

Activation-Distribution: The core idea is to represent the ID data by cumu-
lative distribution functions (CDFs) of feature map activations across different
layers of an object detector. This concept is inspired by Ramtoula et al.[49], who
proposed to use histograms of neuron activations as a memory-efficient way to
represent datasets.

To collect the reference CDFs, we use the training data D from a pre-trained
object detector. Let L be a set of selected layers, each with N l

ch channels. After
a forward pass of an image x through the detector, each layer l ∈ L produces
an activation feature map al with spatial dimensions Sl

h×Sl
w. For each channel

ch, we summarize the distribution of activations by constructing a histogram
hchx ∈ NNb

ch with Nb bins, where bin edges are {b0, b1, . . . , bNb
}.

The count for bin k is:

hchx [k] =

Sl
h∑

sh=1

Sl
w∑

sw=1

{
1, if al,ch[ch, sh, sw] ∈ [bk, bk+1]

0, otherwise.
(2)

The reference histogram for channel ch is Hch
ref[k] =

∑
x∈D h

ch
x [k]. To make

the comparison less sensitive to binning noise, we calculate the normalized em-
pirical cumulative distribution functions (CDFs). For channel ch the training-set
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aggregated reference CDFch
ref[k] is given by:

CDFch
ref[k] =

1∑
x∈D S

l
hS

l
w

k∑
j=1

Hch
ref[j] (3)

For a test image x, we compute CDFx analogously using the same fixed per-
channel bin edges. We do not select a reference image, instead each test image is
compared to the training-set aggregated reference CDFsref. The distance between
single image CDFsx and the training-set aggregated reference CDFsref (e.g., using
Earth Mover’s Distance or Hellinger distance) is aggregated over all channels
and layers, yielding a measure of distributional shift. Here, we use Earth Mover’s
Distance (EMD) as described in [35]. An image is accepted as in-distribution
with I[EMD (CDFsref,CDFsx) < τ ]. A schematic illustration of the proposed
approach is depicted in Figure 1.

Generative Models: We train normalizing flows (NFs) on detector activations
to model pID(x) in feature space, following Lofti et al. [40]. Let ft be an invertible
transform from base pZ(z) (standard Gaussian) to pX(x):

pX(x) = pZ(f
−1
t (x))

∣∣∣∣det ∂f−1t

∂x

∣∣∣∣ . (4)

We use RealNVP with four masked affine coupling blocks [7], in two variants: a
single NF trained on concatenated multi-layer features and a multi-scale NF (M-
NF) with one NF per layer and aggregated scores. Features are globally average
pooled. The OR score is − log pID(x), with acceptance I[− log pID(x) < τ ].

Top-k Detection Uncertainties: To estimate detection-level uncertainty, we
employ variance networks which extend standard object detectors to output the
parameters of a multivariate Gaussian predictive distribution. The predicted co-
variance matrix is represented via its lower-triangular Cholesky factor to ensure
positive semi-definiteness.

These networks are trained using scoring rules such as the negative log-
likelihood (NLL), energy score (ES) [13], and direct moment matching DMM
[9]. These rules incentivize truthful uncertainty estimation and can be local,
non-local, proper, or strictly proper [13]. We adopt the probabilistic detection
framework of Harakeh et al. [17], which extends widely used object detectors
such as FasterRCNN [50], DETR [2], and RetinaNet [37].

Each detection yi = (si,bi, ci) includes the detection confidence score s,
the predicted bounding box b, and the predicted class label c. For variance
networks, the bounding box is represented as a predictive distribution over the
top-left and bottom-right corners given by N (µtl, Σtl),N (µbr, Σbr). To compute
G(x) all detector outputs can be used. Related to classification, these include the
confidence score ŝi and the entropy of the predictive classification distribution.
For regression output, we consider the determinant, trace, and entropy of the
multivariate Gaussian bounding box distributions, as described in [43]. Since
the approximation of image-level uncertainty relies on available detections, no
confidence threshold is applied to filter detections.
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4 Evaluation

We evaluate the proposed and reference OR monitors on COCO using image-
level OOD detection under synthetic covariate shift. Because dense error labeling
under shift is impractical, we use ID vs. OOD separability as a proxy. First, we
verify that corruptions significantly degrade detector performance on increasing
corrupted data, then measure OOD performance on the same inputs.

4.1 Dataset

For evaluation, we build on COCO [38] as an established dataset for object detec-
tion. The training set D is used to train detectors and NF-based models, and to
collect the reference CDFs, while the unaltered validation set serves as ID set. To
simulate covariate distribution shift in p(x), we apply various image corruptions
(19 corruption types defined by [21]), thus synthetically altering external condi-
tions and simulating sensor failures [48]. Each corruption is applied across ten
severity levels (extending the standard five by intensifying parameters), yielding
progressively degraded OOD splits with unchanged labels.

4.2 Models

To collect activation distributions and extract features for the NF models, we
use FasterRCNN [50] with a ResNet-50 backbone [18]. Features are tapped at five
points in the backbone: after the initial convolution and max-pooling layer (C1),
and at the outputs of the four residual stages (C2–C5). Activations from C4 and
C5 are considered high-level, while those from C1 to C3 are low-level. From the
detector head, we extract activations before the classification and box-regression
heads at different pyramid levels (region of interest (ROI) alignment layers),
referred to as head activations. This selection captures hierarchical information
from low- to high-level cues.

For variance networks, we use the probabilistic extensions by Harakeh et al.
[17] with FasterRCNN as the basis. For OOD score estimation, we use the top-3
predictions. The COCO [38] training set is used with default hyperparameters
and data augmentation. For further details, we refer to the original publication.

NF model training and CDFs collection use a frozen, pre-trained detector
with the same data and augmentation settings. This process repeats the training
to generate detector activations on the ID data. To handle varying activation
ranges, each channel’s minimum and maximum values are tracked during one
epoch, and a margin of 20% is applied for normalization. Following [49], we use
1000 bins for the activation histograms.

4.3 Metrics

We evaluate detection with standard metrics. Mean average precision (mAP) is
computed over ten IoU thresholds from 0.5 to 0.95 [38] (mAP@.5:.95). We also
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report mean squared error (MSE) and the scoring rules from Section 3 (NLL,
DMM, ES). These scoring rules assess the predictive distributions of variance
networks, require ground truth, and are not used as OR scores.

To dissect errors, we follow [24] and group predictions by IoU with ground
truth. the detections groups are: true positives (IoU ≥ 0.5; only the highest-
confidence match retained), duplicates (additional matches to the same instance),
localization errors (0.1 ≤ IoU < 0.5), and false positives (IoU ≤ 0.1).

OOD detectability is measured by area under receiver operating characteristic
(AUROC) between ID and OOD images. Scores are the negative log-likelihood
− log pID(x) for NFs, detector-derived signals (e.g., confidence, entropy), and
EMD to CDFsref for activation-distribution approach. Final AUROC scores are
computed after z-score normalization [53].

4.4 Results

(a) Faster RCNN (b) RetinaNet (c) DETR

Fig. 2: Detection performance (mAP@.5-.95) of baseline (FasterRCNN, Reti-
naNet, DETR) and probabilistic object detectors (DMM NLL ES) under in-
creasing corruption severity on the COCO dataset.

Figure 2 illustrates mAP degradation under increasing corruption severity of
the provided baseline detectors and their probabilistic variants from [17]. per-
formance drops monotonically but remains nonzero. Since our analysis relies on
available detections, no confidence threshold is applied. Thus, even at the high-
est corruption levels, objects still receive detection assignments. Probabilistic
variants have similar mAP, suggesting scoring-rule differences primarily result
from covariance estimates, not mean predictions. Figure 3 shows the results for
classifying and regressing predictive distributions for true positives, localization
errors, under dataset shift and using various scoring rules (ES, NLL, DMM) for
model training. (Results for DETR [2] and RetinaNet [37] are in the supplemen-
tary material.)

The results show a consistent degradation in the quality of both classification
and box predictive distributions under dataset shift, aligning with findings from
[17] and [47]. The degree of degradation, however, varies across models and back-
bones, suggesting model-specific sensitivities. No scoring rule consistently yields
optimal predictive distributions for both classification and regression tasks.

Among the scoring rules, ES produces lower-entropy predictive distributions
for bounding boxes on true positive detections, outperforming both NLL and
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ES NLL MSE ES NLL

True Positives Localization Errors
FasterRCNN DMM NLL ES

Fig. 3: NLL, ES, and MSE of the bounding box predictive distributions across
object categories. These metrics are computed for probabilistic detectors based
on FasterRCNN and evaluated on the synthetically shifted variants of the COCO
dataset.

Trace Determinant Entropy Uncertainty score Entropy

Regression Classification
FasterRCNN ES

Fig. 4: Mean detection scores of FasterRCNN ES evaluated for the synthetically
shifted COCO datasets. The regression-related scores are the determinant, trace,
and the differential entropy. Scores related to classification are the uncertainty
score (1- confidence score) and the Shannon entropy. (Color coding: True Pos-
itives, Localization Errors, Duplicates, All Detections, Top-k Detections False
Positives)

DMM across evaluated detection models. In contrast, models trained with NLL
tend to produce overly diffuse (high-entropy) distributions even for correct de-
tections. This behavior can result in misleading evaluations when relying solely
on NLL, as it may underestimate confidence even in accurate predictions. For
predictions with moderate error (i.e., localization errors), models trained with
NLL outperform those trained with the ES. Higher predictive entropy is appro-
priate here, as the predicted bounding boxes diverge substantially from ground
truth. However, this trade-off yields better calibration for true positives with ES.

Overall, ES-trained models offer a more balanced uncertainty profile. Confi-
dent when predictions are accurate and uncertain otherwise. In contrast, NLL-
trained models often assign high uncertainty across the board, which can distort
evaluation outcomes if judged solely by NLL. DMM-trained models frequently
exhibit overconfidence, leading to poor NLL but acceptable ES values.

Importantly for OR, variance networks are sensitive to dataset shift. Across
all detections and loss functions, predictive entropy consistently increases as test
data moves from ID to synthetically shifted OOD. The separation between true
positives and localization errors indicates the model’s ability to reflect prediction
quality, crucial for detecting both input uncertainty and shift.

Since models trained with ES demonstrate to be effective in reflecting distri-
butional shift, showing both high entropy on unfamiliar inputs and calibrated low
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Severity Levels AUROC ↑
Model 3 5 8 10

Normalizing Flows (FasterRCNN)

NF head 53.55± 1.12 63.12± 1.17 71.34± 1.26 74.63± 1.31
NF backbone (C4, C5) 51.12± 1.15 61.53± 1.21 71.21± 1.21 76.53± 1.24
NF backbone (C1, C2, C3) 55.12± 1.21 73.56± 1.02 75.51± 1.16 76.61± 1.21
NF backbone 56.12± 1.16 73.45± 0.99 76.25± 1.14 77.72± 1.13
NF backbone & head 56.43± 1.24 73.32± 1.15 76.87± 1.22 77.89± 1.21
M-NF head 54.76± 1.31 64.41± 1.05 72.11± 1.20 74.93± 1.13
M-NF backbone C4, C5) 55.76± 1.22 67.54± 1.18 73.71± 1.11 76.73± 1.12
M-NF backbone (C1, C2, C3) 58.61± 1.30 68.94± 1.11 75.81± 1.12 77.73± 1.11
M-NF backbone 58.76± 1.24 69.12± 1.01 73.91± 1.09 78.73± 1.07
M-NF backbone & head 61.75± 1.26 76.54± 1.34 77.10± 1.15 79.28± 1.27

Top-3 Detection Uncertainties (FasterRCNN ES)

Trace 52.32± 1.27 60.63± 1.09 64.84± 1.11 68.79± 1.00
Determinant 46.47± 1.31 47.94± 1.11 53.23± 1.17 57.16± 0.94
Entropy (Regression) 56.70± 1.15 60.72± 1.12 63.01± 1.21 68.72± 0.97
Confidence Score 58.83± 1.28 72.61± 1.09 75.56± 1.20 78.30± 1.01
Entropy (Classification) 62.84± 1.11 77.60± 1.10 81.21± 1.07 81.70± 1.03

Activation-Distribution (Ours) (FasterRCNN)

CDFs head 49.02± 1.35 48.26± 1.31 56.22± 0.87 69.19± 1.04
CDFs backbone (C4, C5) 48.59± 1.29 62.17± 1.28 71.61± 1.01 78.03± 0.96
CDFs backbone (C1, C2, C3) 71.90± 1.33 79.46± 0.96 84.62± 0.85 86.73± 0.79
CDFs backbone 68.02± 1.31 80.26± 1.29 86.82± 1.16 87.39± 0.82
CDFs backbone & head 66.22± 1.35 77.66± 1.27 83.54± 1.11 86.52± 0.95

Table 1: AUROC scores of detecting OOD covariate shift for synthetically cor-
rupted variants of the COCO dataset. Best results are highlighted as first ,
second , and third .

entropy on in-distribution, high-quality detections, we select the FasterRCNN
ES variant for comparison. For OOD detection during inference, the above met-
rics cannot be applied since they require ground truth. To address this, Figure 4
presents the mean score values directly calculated from FasterRCNN ES outputs
across the synthetically corrupted COCO dataset.

Across all shown scores, the impact of the distributional shift is clearly re-
flected. Moreover, the differences between detection types are clearly visible in
the results. When approximating image-level uncertainty, these results highlight
why using only the top-k detections is preferable to including all detections. The
full detection set includes many noisy and poorly calibrated outputs, which can
obscure meaningful uncertainty signals.

Due to IoU-based loss functions used in detector training, predictive distri-
butions are better calibrated for true positives. This is especially evident for
false positives, which yield low determinant and trace values. As long as score
distributions remain separable between detection types and exhibit a consistent
trend across severity levels, these scores can serve to assess OOD behavior.

The results comparing OOD detection performance across Section 3 ap-
proaches are summarized in Table 1. The AUROC results are reported as
the mean and standard deviation over three independent runs. Despite its sim-
plicity, the proposed approach using CDFs of channel activations achieves the
best result, especially when using all backbone layers. Adding head layers does
not further improve performance, and backbone selections outperform head-only
variants. This suggests that backbone layers already provide sufficient comple-
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mentary information due to their hierarchical structure. Although diversity in
activation cues increases sensitivity to shift, the strongest cues come from the
lower layers.

Among NF-based approaches, the best AUROC is achieved by the multi-scale
variant with both backbone and head layers, but the performance gap compared
to backbone-only is not significant. Most distortions are best recognized from
lower-layer activations, but cues from mid- to high-levels can help.

Head activations are spatially localized, and as with top-k detections, filtering
may be needed to better extract data uncertainty. In general, NF-based mod-
els achieved better AUROC scores than detection counterparts. Nevertheless,
the entropy of the classification distribution or the confidence score sometimes
yielded similar or better results than the best NF-based models. Classification-
related uncertainty measures outperformed localization-based ones, likely be-
cause regression outputs are optimized for positive detections only, while classi-
fication is exposed to both object and background proposals [45].

None of the evaluated methods completely separate ID from OOD samples.
This is plausible, since even under high-severity corruptions, the detector can
still identify plausible objects. For specific corruptions like contrast, mAP drops
sharply and AUROC increases across models.

To illustrate the detector-agnostic capabilities of our activation-distribution
approach, we evaluated its OOD detection performance across multiple detection
architectures. Specifically, we considered recent models from the You Only Look
Once (YOLO) family, including YOLOv9 [55], YOLOv10 [54], and YOLOv11
[27], as well as the transformer -based RT-DETR [58] with an HGNet backbone
[3].

Table 2 summarizes the AUROC results for each detector evaluated on syn-
thetically corrupted versions of the COCO dataset. For all architectures, feature
map activations were systematically extracted from key architectural compo-
nents—specifically, the initial convolutional layers (to capture low-level features)
and the feature pyramid network (FPN) stages (to capture multi-scale, higher-
level representations). For further details regarding the selection of layers and
model-specific architectural components, please refer to the original publications
and the supplementary material.

Consistent with our previous findings, incorporating activations from the de-
tector head did not improve OOD detection performance, and in some cases, even
reduced it. Backbone-only configurations consistently achieved higher AUROC
scores across all detectors, highlighting the importance of hierarchical backbone
features for robust distribution shift detection. Notably, compared to Faster-
RCNN, the activation-distribution method exhibited even greater improvements
in OOD detection performance for these alternative detectors, particularly at
lower corruption severity levels. This confirms our approach generalizes across
detection architectures and is not limited to a specific model family. All results
emphasize the importance of going beyond detection-level uncertainty and con-
sidering more diverse cues. All analyzed concepts approximating PID(x) show
promising results, yet offer room for improvement.
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Severity Levels AUROC ↑
Detector Model 3 5 8 10

A
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ur
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RT-DETR-l [58] CDFs backbone 69.06± 1.25 80.09± 0.79 87.68± 1.15 90.41± 1.12
CDFs backbone & head 51.02± 1.22 68.01± 1.21 77.87± 1.31 82.11± 1.11

YOLOv9-m [55] CDFs backbone 68.28± 1.33 81.02± 0.93 89.68± 1.15 92.11± 1.22
CDFs backbone & head 60.51± 1.32 76.00± 1.07 85.28± 1.21 87.15± 1.19

YOLOv10-m [54] CDFs backbone 67.12± 1.36 76.23± 1.12 86.62± 1.11 87.10± 1.14
CDFs backbone & head 58.76± 1.31 74.85± 1.08 83.25± 1.25 85.74± 1.21

YOLOv11 [27] CDFs backbone 69.02± 1.35 78.44± 0.94 85.68± 1.15 91.20± 1.03
CDFs backbone & head 61.41± 1.29 77.23± 1.31 84.40± 1.28 88.50± 1.26

Table 2: AUROC scores for the activation-distribution approach across several
object detectors on synthetically corrupted versions of the COCO dataset. Best
results are highlighted as first , second , and third .

5 Discussion and Limitations

Detection-based methods could benefit from improved assignment strategies for
regression targets to better calibrate predictive distributions. A central limitation
is their behavior on background-only images. When no valid detections exist,
aggregated confidence is low (high uncertainty), so the image is rejected. This
is benign on COCO (every image contains objects), but problematic for OR in
real deployments where inputs may contain no known objects.

NF-based approaches, in turn, are known to sometimes assign higher likeli-
hoods to OOD samples than to the in-distribution data they were trained on
[31,44]. Recent research has proposed mitigation strategies for this issue [23,51].
However, this fundamental limitation regarding likelihood assignments remains,
as discussed in Section 2.

Compared to classification tasks, where generative models are often applied
to low-resolution data like MNIST (28 × 28 pixels) [34]. Our COCO setting
(640× 640 pixels) required aggressive global average pooling to keep NF training
tractable, which may limit expressiveness. Future work could explore attention-
based or learnable pooling to retain richer statistics.

Alternative generative scoring functions may improve OOD detection. For
instance, likelihood regret [56] shows promise but requires retraining at inference,
making it impractical for OR.

Our activation-distribution monitor, aggregating multi-layer per-channel CDFs,
outperformed reference methods in our experiments. Still, combining many chan-
nels is likely polysemantic (channels respond to multiple, unrelated inputs),
which can entangle signals and hinder separability. The design discards inter-
channel dependencies and uses heuristic layer selection. More principled weight-
ing and modeling cross-channel structure could strengthen representations.

Despite these limitations, the proposed approach is a simple, detector-agnostic
add-on OR monitor. It operates on feature-map activations from any frozen de-
tector without architectural changes or reliance on ad hoc filtering of confident
detections.
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6 Conclusion

In this paper, we studied operational readiness (OR) for object detection and
formalized it via estimating the in-distribution probability PID(x) as a practical
proxy. We introduced a detector-agnostic monitor that summarizes multi-layer
activation statistics as cumulative distribution functions (CDFs) and compares
them to training-set references.

For comparison, we evaluated feature-space generative modeling with nor-
malizing flows and aggregation of detector uncertainties, thus covering bottom-
up (image/feature-level) and top-down (detection-level) strategies. Despite its
simplicity, the activation-distribution approach consistently improved detection
of covariate shift, is lightweight, requires no architectural changes, and can be
attached to arbitrary frozen detectors.

While each approach has limitations, our results indicate that combining cues
from different abstraction levels increases sensitivity to diverse corruption types,
with backbone features providing the strongest and most generalizable signals.
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