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Abstract

Recent advances in computer vision have made training ob-
ject detectors more efficient and effective; however, assess-
ing their performance in real-world applications still relies
on costly manual annotation. To address this limitation, we
develop an automated model evaluation (AutoEval) frame-
work for object detection. We propose Prediction Consis-
tency and Reliability (PCR), which leverages the multiple
candidate bounding boxes that conventional detectors gen-
erate before non-maximum suppression (NMS). PCR esti-
mates detection performance without ground-truth labels by
Jjointly measuring 1) the spatial consistency between boxes
before and after NMS, and 2) the reliability of the retained
boxes via the confidence scores of overlapping boxes. For a
more realistic and scalable evaluation, we construct a meta-
dataset by applying image corruptions of varying severity.
Experimental results demonstrate that PCR yields more ac-
curate performance estimates than existing AutoEval meth-
ods, and the proposed meta-dataset covers a wider range of
detection performance. The code is available at https :
//github.com/YonseiML/autoeval—det.

1. Introduction

Effective evaluation of machine learning models is essential
before deployment, particularly when the target domain dif-
fers from the source domain because of environmental shifts
or discrepancies in data distribution. However, assessing
model performance in a new environment is challenging,
as annotating test data is often costly and time-consuming.
Automated model evaluation (AutoEval) [6] addresses this
issue by estimating performance on unlabeled test datasets.

Research on AutoEval has primarily focused on image
classification, which serves as a foundation for the quick
assessment of new methods [6, 10, 15, 40]. In image clas-
sification, the limitations of evaluations on standard bench-
marks often stem from domain discrepancies at the feature
extraction stage, referred to as covariate shift, where fea-
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Figure 1.
ground-truth bounding boxes, and red and blue boxes denote an
incorrect detection with low confidence and a correct detection

Visual example of PCR. Green boxes represent the

with high confidence, respectively. show the pre-
NMS candidate boxes, where the overlaid numbers indicate their
confidence scores. (a) Consistency. The red box overlaps many

, yielding high consistency. Our consistency score
measures spatial consistency with a merged pre-NMS box, moti-
vated by the observation that boxes with low confidence and high
consistency correlate with lower mAP. (b) Reliability. The blue
box overlaps many with high confidence scores,
yielding high reliability. Our reliability score measures the propor-
tion of overlapping pre-NMS boxes with high confidence scores,
motivated by the observation that boxes with high confidence and
high reliability correlate with higher mAP.

tures learned during training become less effective when de-
ployed in new environments. Recent studies have attempted
to address this by measuring distances between the feature
distributions of the source and target datasets [0, 15]. Al-
though covariate shift is an important factor, we argue that
it is insufficient for AutoEval in other computer vision tasks
such as object detection, which introduce additional chal-
lenges requiring more advanced evaluation strategies.

Unlike image classification, object detection perfor-
mance is sensitive to various factors such as variations
in object scales, occlusion, background clutter, and ob-
ject interactions; covariate shift cannot capture these intri-
cate spatial relationships. Hence, we argue that estimat-
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ing covariate shift alone cannot address the full spectrum
of challenges in object detection. To address these chal-
lenges, we adopt a bottom-up strategy by 1) collecting sev-
eral measures from model outputs, 2) analyzing their cor-
relations with performance variations, and 3) developing
a method based on these insights. Specifically, we focus
on the observation that conventional object detection mod-
els first generate many candidate bounding boxes, and then
retain high-confidence boxes while discarding overlapping
low-confidence boxes through non-maximum suppression
(NMS) [18, 31, 38, 39, 43]. We examine relationships be-
tween pre- and post-NMS boxes by measuring their geo-
metric proximity and confidence scores, capturing both lo-
calization and classification aspects.

Building on these observations, we propose Prediction
Consistency and Reliability (PCR) as an effective Auto-
Eval method for object detection. Figure | illustrates the
concepts of consistency and reliability in PCR. For low-
confidence boxes, the high spatial consistency between pre-
and post-NMS boxes indicates repeated mislocalization,
suggesting that the model has misidentified objects. Be-
cause the associated pre-NMS boxes have even lower con-
fidence than nearby post-NMS boxes, such consistent lo-
calization of low-confidence boxes is prone to incorrect de-
tection results. In contrast, for high-confidence boxes, the
reliability of post-NMS boxes is assessed based on the con-
fidence scores of nearby pre-NMS boxes, capturing both lo-
calization and classification accuracy. Pre-NMS boxes with
high confidence imply that the model is confident in both
aspects, thereby promoting correct detection results.

Furthermore, we construct a meta-dataset to facilitate a
more realistic and scalable evaluation of AutoEval methods
for object detection. A recently proposed meta-dataset [45]
relies on data augmentation techniques, such as sharpness
adjustment, equalization, color temperature shifts, solar-
ization, autocontrast, brightness modification, and rotation;
however, we argue that such strong augmentations may not
adequately reflect the environmental shifts or discrepancies
in data distribution observable in real-world applications,
and that such a meta-dataset may fail to capture the full
range of detection performance in practice. Instead, we
apply image corruptions of varying severity, adopting the
transformations used to generate ImageNet-C [19], which
are specifically designed to simulate real-world corruptions.
The proposed meta-dataset is realistic in that it employs
real-world corruptions rather than artificial augmentations,
and scalable in that varying severity levels enable evalua-
tion across a broader spectrum of detection performance.

We summarize our contributions as follows:
¢ Prediction Consistency and Reliability (PCR). We pro-

pose PCR, an effective AutoEval method for object detec-
tion that leverages the spatial alignment and confidence
scores of the bounding boxes before and after NMS.

* Corruption-based meta-dataset. We construct a meta-
dataset using image corruptions of varying severity levels,
yielding a realistic and scalable benchmark that enables
AutoEval for object detection.

» Extensive empirical validation. PCR consistently out-
performs state-of-the-art AutoEval methods across var-
ious object detection models, including RetinaNet [31]
and Faster R-CNN [39] paired with ResNet-50 [17]
and Swin Transformer [32] backbones, across both
augmentation- and corruption-based meta-datasets.

2. Related Work

Object Detection aims to localize and classify objects
within an image by simultaneously predicting bounding
boxes and class labels. Object detectors are typically cat-
egorized into 1) two-stage methods, such as R-CNN vari-
ants [12, 13, 39], which generate and refine region pro-
posals, and 2) one-stage methods, such as YOLO [37]
and RetinaNet [31], which perform detection in a single
pass. While these models are commonly evaluated on stan-
dard benchmark datasets including COCO [29] and Pascal
VOC [8], distribution shifts in real-world scenarios, such as
varying lighting conditions, often lead to discrepancies be-
tween benchmark performance and actual deployment per-
formance. Moreover, acquiring high-quality annotations in
real-world scenarios is often costly and time-consuming.
To address these challenges, we explore a framework for
estimating detector performance on unlabeled test datasets
without relying on manual annotations.

Automated Model Evaluation (AutoEval) aims to esti-
mate model performance on unlabeled test datasets [6].
In the absence of ground-truth labels, AutoEval mea-
sures scores that correlate with performance, which are
then used to predict performance via regression. Early
studies utilized confidence-based measures, such as maxi-
mum softmax probabilities [10, 15, 20] and predictive en-
tropy [40], demonstrating that simple scalar indicators de-
rived from model outputs can effectively estimate classifi-
cation performance. Subsequent studies investigated pre-
diction disagreement, either between independently trained
models [22] or between model outputs with and without
dropout [1, 28], observing that higher disagreement often
indicates poorer generalization. Other studies introduced
self-supervised surrogate tasks, such as rotation predic-
tion [7] and contrastive learning [35], providing label-free
proxies for representation quality. Another line of research
leveraged dataset-level feature statistics, such as Fréchet
distances [6] and average feature energy [36], demonstrat-
ing correlations with model performance. While these
methods have proven effective in AutoEval for image clas-
sification, the extension to other computer vision tasks, such
as object detection, remains underexplored.
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AutoEval for Object Detection extends the concept of
AutoEval to object detection, where performance depends
on both object localization and classification, requiring the
method to capture intricate spatial relationships among ob-
jects. Recently, Yang et al. [45] proposed a method ap-
plicable to AutoEval for object detection, which compares
bounding boxes generated by a detector with and with-
out Monte Carlo dropout [9] perturbations applied to fea-
ture maps. The bounding box stability is measured by the
difference between the original and perturbed predictions,
which serves as a score for estimating detection perfor-
mance. However, this method has several limitations. First,
it is stochastic at test time, leading to inconsistent estimates
across trials. Second, it requires an additional forward pass
to compute perturbed predictions, effectively doubling the
inference cost. Third, it does not incorporate model confi-
dence, which reflects prediction uncertainty [16], leading to
an overestimation of unreliable predictions. Furthermore,
the meta-dataset constructed in their work relies on strong
data augmentations with a fixed set of hyperparameters,
which often yield unrealistic images and may fail to capture
the full spectrum of detection performance in real-world
scenarios. In response, we propose an efficient and effective
AutoEval method for object detection that explicitly lever-
ages confidence scores to estimate detection performance.
In contrast to the prior work incorporating an additional
forward pass with dropout [45], our proposed method uti-
lizes pre-NMS boxes that are generated in a single forward
pass, while containing valuable information about localiza-
tion [2]. Moreover, we construct a meta-dataset using im-
age corruptions of varying severity, enabling a more realis-
tic and scalable evaluation.

Model Confidence in Object Detection is quantified as
confidence scores per class associated with each bounding
box predicted by object detection models. These scores are
typically interpreted as classification probabilities, and prior
work has primarily focused on calibrating them [27, 34],
with limited exploration of alternative interpretations or
uses. In contrast, Sun et al. [42] proposed a confidence-
based bounding box localization strategy for small objects.
However, their approach considered confidence scores a
measure of uncertainty, and the explicit relationship be-
tween confidence scores and localization quality remains
unexplored. Motivated by our observation that confidence
scores reflect localization quality, we propose a confidence-
driven approach to estimate detector performance.

3. Prediction Consistency and Reliability

In this section, we introduce PCR, an effective AutoEval
method for object detection. PCR consists of two compo-
nents: for each final prediction—or equivalently, each post-
NMS box—1) the consistency score measures the spatial

Low Conf.
B High Conf.

COCO BDD City DETRAC ExDark KITTI SelfDrv Robo Udacity Traffic
Dataset
Figure 2. The average IoU between ground-truth boxes and final
predictions, grouped by confidence level using a threshold of 0.5
across datasets. Predictions with low confidence generally exhibit
lower IoU than those with high confidence, indicating a correlation
between confidence and localization quality.

consistency with its corresponding merged pre-NMS box,
and 2) the reliability score measures the proportion of over-
lapping pre-NMS boxes with high confidence scores.

Conventional object detection models generate multiple
candidate bounding boxes, followed by a filtering step such
as Non-Maximum Suppression (NMS) [18, 31, 38, 39, 43].
Although NMS is essential for removing redundant boxes
to produce final predictions, discarded pre-NMS boxes still
contain valuable information about localization [2]. This
motivates us to investigate pre-NMS boxes associated with
final predictions to facilitate AutoEval for object detection.

3.1. Consistency

The consistency score is motivated by the observation in
Figure 2 that the Intersection over Union (IoU) between a fi-
nal prediction and its ground-truth box is correlated with the
confidence score, i.e., predictions with low confidence tend
to exhibit low IoU with ground-truth boxes. This suggests
that model confidence, which is often used as a proxy for
classification accuracy [16], also serves as an indicator of
localization performance. This becomes more evident when
considering the pre-NMS boxes associated with a final pre-
diction: these boxes always have even lower confidence,
implying that the detector consistently focuses on a region
that does not contain any ground-truth object, which in turn
correlates with low mAP. However, measuring consistency
for each individual pre-NMS box may introduce redun-
dancy and lead to unstable assessments. Instead, we merge
the pre-NMS boxes and compare the resulting merged box
with the final prediction, as illustrated in Figure 3.

Let B¢ = {B() }j{:bl denote the set of pre-NMS boxes
overlapping with the i-th final prediction Bf(iirzal, where K is
the number of pre-NMS boxes. The merged box Bfﬁgrge =

(xg)erge, yr(ﬁlrge, wfﬁlrge, hgﬁ)erge) is defined as follows:
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Figure 3. (a) A merged box tightly encloses all pre-NMS boxes as-
sociated with a post-NMS box. (b) Consistency is computed based
on IoU and a closeness term measured by the normalized distance
between the center points of a post-NMS box and its correspond-
ing merged box.

xff%rge = (mjln xl(mi + maxx ) /2,

e = (im0 + max 32 ) /2
J

wr(r?erge = HlJE_lX ‘Tgrllja)x - m]m xfn-ZI)l’
hEIil)crgc - mjax y(”) Hljln yr(nfr)w (1)

where xfﬁr)l, 209 ?Jr(:lf;)p yr(ﬁz( denote the left, right, top, and

bottom coordinates of the pre-NMS box B(“/), respectively.
Then, the merged box tightly encloses all pre-NMS boxes,

as shown in Figure 3(a).
i)

Given a final prediction B(n \

and its corresponding

merged pre-NMS box Bl(m)arge, we measure their consis-
tency using two metrics: IoU and the closeness between
their centers, as illustrated in Figure 3(b). While IoU is a
standard measure of spatial alignment, it can be misleading
when the merged box is elongated, where small shifts along
the shorter axis may cause significant drops in IoU, whereas
large shifts along the longer axis may still yield high IoU de-
spite localization errors. Moreover, because the merged box
is generally large and tends to enclose the final prediction,
IoU alone may not accurately capture their geometric rela-
tionship [48]. To address this, we introduce an additional
measure that quantifies the Closeness between the Centers
(CCQ) of the final prediction and the merged box:
CC (Bf(ilnal’ B(l) ) =

merge

. , 2
(0 = )+ (30 i)
1—
w2 ()2
Weinal hﬁnal / 2
Intuitively, CC is computed as one minus the normalized
distance between the two centers, where the normalization

2

factor is the half-diagonal of the final prediction box, ensur-
ing scale invariance. A higher CC value indicates that two
centers are closer, with a value of 1 implying perfect align-
ment.! The consistency score of the i-th final prediction is
defined as the average of IoU and CC:

10U (B, Blikge ) +CC (B, Bl )

SC@) —
2

. (3)

The consistency score of an image is computed as the
weighted average of per-prediction consistency scores,
where each weight is a scaled version of the confidence
score of the corresponding final prediction:

c_ 1 o c() [0
TS ((sL)
=1

where h(-) denotes the confidence score of a prediction,
oc(z)=1/(14exp(—kc(x—c))) is a sigmoid function pa-
rameterized by a negative scale k¢ and a confidence thresh-
old ¢, and N is the number of final predictions. The func-
tion o approaches one for low-confidence boxes and zero
for high-confidence ones, thus emphasizing the final pre-
dictions with low confidence. A high consistency score
indicates that the detector consistently focuses on a region
without a ground-truth object, which is associated with low
mAP. Figure 4(a) confirms that the consistency score S€
exhibits a strong negative correlation with mAP.

Note that our notion of consistency differs from prior
works that assess the localization stability between model
predictions and those obtained by additional forward passes
with model transformations or image perturbations [21, 45].
Instead, our consistency score quantifies the spatial similar-
ity among pre- and post-NMS boxes generated from a single
forward pass. Indeed, we observe no correlation between
our consistency score and the BoS [45] score, highlighting
their conceptual distinction.

3.2. Reliability

The reliability score is also motivated by Figure 2, with a
focus on final predictions with high confidence, which tend
to exhibit high IoU with ground-truth boxes. Intuitively,
NMS is employed in object detection to select the most
probable bounding box among overlapping pre-NMS can-
didate boxes, based on confidence scores. A concentration
of pre-NMS boxes with high confidence indicates that both
the classification and regression heads repeatedly identify
an object at the same location, thereby promoting the re-
liability of the prediction. However, this reliability dimin-
ishes if some overlapping pre-NMS boxes have low confi-
dence, indicating uncertainty in the prediction around the

ICC resembles the normalized distance in DIoU [48], differing in sev-
eral aspects, e.g., the normalization factor.
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Figure 4. (a) The consistency score S€ shows a strong negative correlation with mAP. (b) Predictions with low confidence and high
consistency suggest that the detector consistently localizes the same region without any object, indicating a detection failure. In contrast,
predictions with low confidence and low consistency provide insufficient information to make a decision. (c) The reliability score ST
shows a strong positive correlation with mAP. (d) Predictions with high confidence and high reliability suggest that the detector repeatedly
localizes and classifies the same object, indicating a successful detection. In contrast, predictions with high confidence and low reliability

provide insufficient information to make a decision.

location. Hence, we define the reliability score as the pro-
portion of pre-NMS boxes with confidence scores above the
confidence threshold c.

Given the final predictions {Bﬁnal}N , and the set of all
pre-NMS boxes for an image P = UlB( )2, the reliability
score of an image is defined as:

P =

S S (B > ¢ or (h(B6)) o
) b

Y BGnepOR (h (B(ij)>

where [[] is the indicator function and or(z) = a+ (1 —
a)/(1 +exp(—kgr(z — ¢))) is a sigmoid function param-
eterized by a positive scale kg, the confidence threshold
¢, and a floor value a. The function or approaches one
for high-confidence boxes and « for low-confidence ones,
thus emphasizing the pre-NMS boxes with high confidence
while retaining a minimal contribution from those with low
confidence. A high reliability score indicates that the detec-
tor repeatedly assigns high confidence to a region, suggest-
ing strong consensus in both classification and localization,
which is associated with high mAP. Figure 4(b) confirms
that the reliability score S® exhibits a strong positive corre-
lation with mAP.

3.3. PCR for AutoEval

We extend the notation of our scores to explicitly include an
object detector f and an input image Z. Our proposed PCR
consists of two scores: the consistency score S¢(f,Z) and
the reliability score S®(f,Z). These scores are evaluated
over a meta-dataset D = {D,,}*_,, where each dataset
D, is a transformed version of the source dataset, e.g., us-
ing augmentations or image corruptions. Given an object

2Some pre-NMS boxes may overlap multiple final predictions; to en-
sure that each pre-NMS box is counted only once, we take the union over
all pre NMS-boxes.

detector f and the m-th dataset D,,,, the average scores are
computed as:

SC(f,Dm) = ZSCfI

IED

SM(f, D) = Z S*(1,2). 6)

IGD

To perform AutoEval, we fit a linear regression model using
least squares over the meta-dataset. Given an object detec-
tor f and the m-th dataset D,,, the mAP is estimated as:

T
)=wo+ > we-Si(f,Dm), (D)

t=1

mAP(f, Dy,

where {w; }7_,, are the regression coefficients and S is the
t-th AutoEval score. For PCR, the mAP estimate is:
mAP(faDm) = Wo +’U}1 . Sc(f7pm> +’LU2 : S’R(fapm)

For training and evaluation, we adopt leave-one-out cross-
validation, following Yang et al. [45]: a meta-dataset is con-
structed using all source datasets except one for training,
while the remaining source dataset is held out for evalua-
tion and used without any transformations.

4. Corruption-Based Meta-Dataset

To assess AutoEval methods for object detection, a meta-
dataset is typically constructed by applying transformations
to source datasets. While prior work [45] adopts strong
data augmentation techniques for this purpose, we argue
that such augmentations may not adequately capture the
environmental shifts or discrepancies in data distribution
observable in real-world scenarios. Consequently, such a
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(d) Distribution of mAP: Augmentation-based [45] vs. Corruption-based (Ours)
Figure 5. (a—c) Sample images from: (a) the original DE-
TRAC [44] dataset, (b) the augmentation-based meta-dataset, and
(c) the corruption-based meta-dataset. (d) Histogram of mAP dis-
tributions for the augmentation-based meta-dataset [45] and our
proposed corruption-based meta-dataset.

meta-dataset may fail to span the full spectrum of detection
performance observable in practice.

To address this, we instead adopt the transformations
applied to ImageNet-C [19], which simulate real-world cor-
ruptions. To capture scenarios of varying difficulty, we ap-
ply each corruption at different severity levels. Specifically,
the meta-dataset consists of 50 datasets using ten corrup-
tions {gaussian noise, shot noise, impulse
noise, defocus blur, snow, frost, fog,
contrast, pixelate, jpeg} with five severity lev-
els{1, 2, 3, 4, 5}. Weexclude corruptions that alter
the coordinates of bounding boxes, e.g., {zoom blur,
elastic transformation}. This strategy yields a
meta-dataset that is both realistic—as it reflects real-world
corruptions rather than artificial augmentations—and
scalable—as the varying severity levels enable evaluation
across a broader spectrum of detection performance.

Figure 5 compares the augmentation-based meta-dataset
from prior work [45] and our proposed corruption-based
meta-dataset. As shown in Figure 5(b), images generated by
strong augmentations often appear artificial, whereas those
generated by corruptions are more realistic, as shown in
Figure 5(c). In terms of performance coverage, Figure 5(d)
shows that the augmentation-based meta-dataset exhibits a
relatively narrow and skewed distribution of mAP, with lim-
ited coverage below 15% and a concentration around 25%
and 35%. In contrast, our corruption-based meta-dataset
covers a broader range of mAP, spanning from near 0% to
40% with a smoother distribution.

5. Experiments

5.1. Experimental Setup

Detectors. We compare our proposed PCR with base-
line AutoEval methods using four object detectors: Reti-
naNet [31] and Faster R-CNN [39] paired with ResNet-
50 [17] and Swin Transformer [32] backbones.

Datasets. Following the dataset sampling strategy in prior
work [45], each dataset in the meta-dataset contains 250
images sampled from a source dataset. For vehicle detec-
tion, we use 10 source datasets: COCO [30], BDD [46],
Cityscapes [5], DETRAC [44], ExDark [33], KITTI [11],
Self-driving [23], Roboflow [26], Udacity [25], and Traf-
fic [24]. For pedestrian detection, we use 9 source
datasets: COCO [30], Caltech [14], CrowdHuman [41],
Cityscapes [5], Self-driving [23], ExDark [33], EuroC-
ity [3], KITTI [11], and CityPersons [47].

Baselines. We compare PCR with five AutoEval methods:
1) Prediction Score (PS) [20], 2) Entropy Score (ES) [40],
3) Average Confidence (AC) [15], 4) Average Thresholded
Confidence (ATC) [10], and 5) Box Stability (BoS) [45].
The first four methods were originally proposed for image
classification; we adapt them to object detection by com-
puting their metrics using the confidence scores of the pre-
dicted bounding boxes. For BoS, we report the average over
three runs to account for the stochasticity introduced by MC
dropout. We use the same hyperparameters as reported in
BoS [45] for all baselines and present results based on our
own replications.

Implementation Details. For hyperparameters of PCR, we
set the confidence threshold to 0.5, the scale in o€ to ke =
—60, the scale in o™ to kr = 10, and the floor value in o® to
a = 0.2. Other implementation details and hyperparameter
tuning results are provided in the supplementary material.

Evaluation Metric. We evaluate performance using the
root mean squared error (RMSE) between the estimated
mAP and the true mAP, where a lower RMSE indicates a
more accurate estimation. Results in the correlation metric
are reported in the supplementary material.

5.2. Vehicle Detection

Table | summarizes the mAP estimation results for vehicle
detection. We report results on both the augmentation-based
meta-dataset [45] and our proposed corruption-based meta-
dataset. Each cell presents the average RMSE between the
estimated mAP and the true mAP for each method with a
pair of detector and meta-dataset, where each detector is
trained on the “car” class from COCO [30]. We also report
the average RMSE across all four detectors and both meta-
datasets, along with the average performance rank. PCR
achieves the lowest average RMSE of 5.03 and the best av-
erage rank of 1.13, consistently outperforming all baselines.
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Meta-dataset ‘ Augmentation-based [45]

Corruption-based (Ours) ‘ A ‘ A
vg. vg.

Detector RetinaNet Faster R-CNN RetinaNet Faster R-CNN RMSE | Rank
ResNet-50  Swin-T | ResNet-50 Swin-T | ResNet-50  Swin-T | ResNet-50 Swin-T
PS [20] 4.85 7.39 4.95 6.28 11.30 10.44 10.41 630 | 7.74 | 3.3
ES [40] 6.51 5.58 5.74 6.46 14.87 7.20 12.53 1002 | 8.62 | 475
AC [15] 9.50 8.17 5.68 6.97 14.23 10.65 11.77 723 | 927 | 5.13
ATC [10] 552 11.20 4.89 6.86 14.10 12.52 11.98 629 | 9.17 | 438
BoS [45] 3.11 7.69 333 5.57 13.50 5.18 10.32 685 | 694 | 250
PCR (Ours) |  3.01 5.47 4.00 5.08 6.43 4.80 6.90 451 | 503 | 113

Table 1. Comparison of AutoEval methods for vehicle detection using four detectors on two meta-datasets. The best result for each
combination of detector and meta-dataset is highlighted in bold and the second-best is underlined.

Meta-dataset ‘ Augmentation-based [45]

Corruption-based (Ours)

‘ Avg. ‘Avg.

Detector RetinaNet Faster R-CNN RetinaNet Faster R-CNN RMSE | Rank
ResNet-50 Swin-T | ResNet-50 Swin-T | ResNet-50 Swin-T | ResNet-50 Swin-T
PS [20] 7.47 7.35 6.20 4.64 10.37 10.71 6.84 5.93 7.44 4.50
ES [40] 5.13 3.55 8.16 6.89 8.46 7.40 10.66 10.00 7.53 5.00
AC[15] 5.03 4.39 6.80 4.07 7.51 5.90 9.15 5.37 6.03 3.13
ATC [10] 6.21 7.46 6.98 3.88 7.59 6.51 8.33 5.95 6.62 4.13
BoS [45] 3.77 3.17 5.88 3.57 10.23 6.08 10.09 6.98 6.22 3.25
PCR (Ours) |  3.62 2.90 2.79 2.38 3.56 4.30 5.10 407 | 3.60 | 1.00

Table 2. Comparison of AutoEval methods for pedestrian detection using four detectors on two meta-datasets. The best result for each
combination of detector and meta-dataset is highlighted in bold and the second-best is underlined.

5.3. Pedestrian Detection

Table 2 summarizes the mAP estimation results for pedes-
trian detection. For this experiment, detectors are trained
on CrowdHuman [41]. Again, we report results on both
the augmentation-based meta-dataset [45] and our proposed
corruption-based meta-dataset. PCR achieves the lowest
average RMSE of 3.60 and the best average performance
rank of 1.00. These results suggest that PCR offers accu-
rate mAP estimates, consistently outperforming all base-
lines under fair evaluation settings.

5.4. Analysis

We conduct experiments to analyze both the proposed
method and the meta-dataset. Unless otherwise specified,
all experiments use RetinaNet [31] with a ResNet-50 [17]
backbone evaluated on the corruption-based meta-dataset.

Robustness of PCR Across Varying Difficulty. Recall that
the meta-dataset includes five severity levels of corruption
to reflect varying difficulties observable in real-world ap-
plications. To assess the robustness of our proposed PCR
across a broader spectrum of detection performance, we
perform linear regression separately on each 10 datasets
corresponding to a single severity level.
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Figure 6. Severity vs. RMSE. Table 3. Ablation on S€ and S¥.

Figure 6 compares the average RMSE of BoS [45] and
PCR. While the average RMSE increases with the sever-
ity level for both methods, PCR consistently achieves a
lower RMSE and demonstrates robustness across different
severity levels. This suggests that PCR not only performs
well within a specific range of mAP, but also generalizes
across diverse conditions, enabling reliable AutoEval across
a wide range of performance distributions.

Ablation on Components of PCR. To evaluate the contri-
bution of each component in PCR, we conduct an ablation
study by selectively removing either the consistency or the
reliability score. Table 3 shows that using either score alone
already outperforms the baseline methods, while combin-
ing both scores achieves the best performance. This result
suggests that these two scores capture complementary as-
pects of detection performance: while the consistency score
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Consistency Score ‘ Avg. RMSE  Consistency Scaling ‘ Avg. RMSE

Meta-dataset ‘ Corruption-based (Ours)

IoU only 6.76 AlL(SS) 8.24
+ Closeness 6.67 Low (S€) 6.67

Table 4. Ablation on compo- Table 5. Ablation on confidence-
nents of consistency. based scaling.

Method RetinaNet + ResNet-50

mAP mAP50 mAP75
PS [20] 11.30 18.64 12.16
ES [40] 14.87 25.12 15.63
AC [15] 14.23  23.58 15.24
ATC [10] 14.10 23.33 15.10
BoS [45] 13.50 22.75 14.43

PCR (Ours) ‘ 6.43 9.89 7.78

Table 6. RMSE Comparison of AutoEval methods in estimating
mAP, mAP5y and mAP7s.

focuses on low-confidence predictions, the reliability score
focues on high-confidence predictions. Their combination
allows PCR to effectively capture the relationships among
pre- and post-NMS boxes based on the confidence scores.

Ablation on Components of Consistency. While IoU is a
widely used metric to quantify the similarity between two
boxes, our consistency score additionally incorporates the
closeness between the centers of the final prediction and
the corresponding merged pre-NMS box. To confirm the
effectiveness of this additional component, we conduct an
ablation study with and without it. As shown in Table 4,
incorporating the closeness of centers improves the consis-
tency measure, leading to improved performance.

Effect of Confidence-Based Scaling in Consistency. In
PCR, the consistency score emphasizes low-confidence pre-
dictions by scaling with confidence scores, following the
intuition discussed in Section 3.1. To validate this design
choice, we conduct an ablation study comparing the pro-
posed consistency score in Eq. (4) and a variant that does
not apply confidence-based scaling, which is formulated as:

SS= ZSC< ? ®)

Table 5 presents the RMSE with and without confidence-
based scaling. We observe that scaling the consistency
scores to weight low-confidence predictions more results in
better performance. This supports our design choice to fo-
cus on low-confidence predictions.

Performance on mAPsy and mAP;s. So far, our exper-
iments have focused on estimating mAP, which averages
performance across 10 IoU thresholds ranging from 0.50 to
0.95. To assess whether our proposed PCR is also eligible

‘ Avg.
Detector RetinaNet Faster R-CNN RMSE
ResNet-50  Swin-T | ResNet-50 Swin-T
BoS [45] 13.50 5.18 10.32 6.85 8.96
PCR (Ours) 6.43 4.80 6.90 4.51 5.66
PCR+BoS | 629 425 | 550 412 | 504

Table 7. Performance of the combined BoS [45] and PCR in ve-
hicle detection with corruption-based meta-dataset (Ours). A de-
tector trained on the COCO training set is used, and the average
RMSE (%) across 10 datasets is reported.

to estimate other metrics, we conduct experiments on esti-
mating mAPsy and mAP;s, which correspond to fixed IoU
thresholds of 0.50 and 0.75, respectively, reflecting specific
preferences for localization precision. As shown in Table 6,
PCR achieves the best estimate for both mAPsy and mAP7s,
consistently outperforming all baseline methods.

Combination of PCR and BoS. As discussed in Sec-
tion 3.1, BoS [45] and our proposed PCR capture different
aspects of consistency. As combining complementary com-
ponents often leads to improved performance, evidenced by
PCR incorporating consistency and reliability, we evaluate
whether combining BoS and PCR yields further improve-
ments. Table 7 compares BoS, PCR, and their combina-
tion, where we perform linear regression using scores from
both methods for the combination. We observe that

the combination ourperforms 7o
individual methods, suggesting
that BoS and PCR capture dis-
tinct yet complementary aspects
of consistency. This is further
supported Figure 7, which show 030 040 050 060 070
that the consistency scores de- PCR
fined in BoS and our work ex-
hibit low correlation.

r=0.046
—p=-0.020

Figure 7. Consistency scores
of PCR and BoS [45].

6. Conclusion

In this paper, we develop an AutoEval framework for ob-
ject detection. We propose Prediction Consistency and Re-
liability (PCR) as an AutoEval method for object detec-
tion, which leverages the relationships between pre- and
post-NMS boxes to estimate detection performance with-
out ground-truth labels. PCR captures both localization
and classification aspects through consistency and relia-
bility measures conditioned on confidence scores. To en-
able realistic and scalable evaluation, we construct a meta-
dataset using image corruptions of varying severity. We
hope that our proposed method and meta-dataset provide a
solid foundation for future research on AutoEval for object
detection.
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