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Abstract

Object detection heavily relies on accurate annotations,
which are costly to obtain but crucial for model perfor-
mance. Annotation errors can severely impact the reliability
of detection models. In response to this challenge, we intro-
duce EnsembAudit (EA), a novel framework designed to
autonomously identify and rectify common labeling errors,
thereby reducing annotation efforts. EA leverages ensemble
techniques such as Threshold Voting for error identification
and Non-Maximum Suppression for error rectification.

This paper evaluates EA across various noise levels and
types of labeling errors to assess its effectiveness. Our ex-
periments demonstrate that EA excels in detecting and rec-
tifying errors in datasets with significant noise, achieving
an approximate 20% reduction in errors. However, its ef-
ficacy diminishes when applied to datasets with minimal
noise. This study highlights EA’s potential in enhancing
annotation quality and improving the robustness of object
detection applications.

1. Introduction

In the domain of computer vision, the accuracy of object
detection models heavily relies on meticulously annotated
datasets. These annotations, detailing object classes and
their bounding box locations within images, are fundamen-
tal for training and evaluating object detection algorithms.
The annotation process is laborious, time-intensive, and fi-
nancially demanding, as expressed by Deng et al. [10] and
many others [7] [42]. Consequently, there’s a pressing need
to streamline this process while maintaining acceptable ac-
curacy levels.

One approach to reduce the laborious and time-intensive
nature of sourcing annotations is to lower the annotation
quality requirements as done by Yixin et al. in [45]. By
relaxing stringent requirements, we can allow for margins
of error in labeling, such as class misidentification or im-
precise bounding box localization. However, even minor
imperfections can affect model accuracy, as noted in [45]
and by Ryoo et al. in [34].

Well-established methods to lessen the annotation bur-
den in deep learning include Active Learning [24], Transfer
Learning [41], and Point Teaching [15], all of which signif-
icantly reduce the number of annotations needed for effec-
tive model performance. However, most of these methods
still require ground truth annotations, or at least a portion
of the annotations to be perfectly annotated and human-
verified, to ensure their effectiveness.

This raises important questions: How can we ensure that
the annotations are truly ground truth? What if there are
issues or errors in the annotations? Currently, we often
rely on crowd-sourcing to verify annotations for datasets of

varying sizes. However, this approach may not be feasible if
the images are confidential. How can we verify annotations
without human intervention in such cases?

Addressing these questions requires innovative method-
ologies for assessing and mitigating labeling errors. In
this study, we propose a novel approach by combining two
established algorithms: Ensemble Algorithms, which ag-
gregate predictions from diverse models, as discussed by
Angela Casado-Garcia and Jonathan Hera in [5], and Dis-
agreement Algorithms that detect inconsistencies among
models’ predictions, akin to CrossRectify methods de-
scribed in [29], which involves training two detectors with
different initial parameters and using their disagreements
to correct errors, leading to better performance. We refer
to this combined approach as EnsembAudit (EA) 4. By
employing disagreement algorithms to identify problem-
atic annotations and using ensembling techniques to cor-
rect them, we aim to advance autonomous error rectifica-
tion, thereby reducing labeling effort. With EnsembAudit,
our goal is to evaluate annotation quality and automatically
rectify labeling errors without the need for human interven-
tion.

Through comprehensive evaluation, our goal is to as-
sess the effectiveness of EnsembAudit (EA) across vari-
ous types and levels of annotation quality. By investigat-
ing how different types and levels of annotation errors im-
pact the decision-making process of EA, we aim to offer
insights that can inform the development of more resilient
and adaptable object detection systems.

2. Background and Related Work
2.1. Identifying Labeling Errors

It is well established that the performance of Deep Neural
Networks [36] depend heavily on the amount of data and
it’s annotation quality [14] [19] [25] [28]. As such, evalu-
ating annotation quality in datasets is crucial for optimizing
the performance of object detection models. Labeling er-
rors within datasets pose a significant challenge in machine
learning, impacting model performance benchmarks exten-
sively, as detailed in [34]. [2] illustrates how such errors
influence various metrics of model disparity, further empha-
sizing the importance of addressing labeling errors for fair
and accurate model evaluations.

Research indicates that commonly used test sets contain
approximately 3-6% labeling errors [31], suggesting a po-
tentially higher prevalence throughout entire datasets due to
shared distribution characteristics. This issue is particularly
critical in object detection tasks, where errors in both clas-
sification and localization can occur, significantly affecting
the reliability of object detectors.

These findings underscore the prevalence of noise in
datasets and emphasize its significant impact on the perfor-



mance of object detectors. Consequently, there has been
considerable research interest in developing novel methods
to identify and mitigate labeling errors.

One approach to diagnosing labeling errors involves the
use of label scores to assess label correctness [38]. This
research identifies common labeling errors in datasets and
introduces algorithms that detect these errors using label
scores. However, these methods often rely on manual inter-
vention to correct images identified with low label quality
scores.

Another approach involves using a two-stage object de-
tector and analyzing the loss to identify labeling errors, as
described by Schubert et al. in [35]. However, loss values
can be noisy and influenced by various factors beyond la-
beling errors [8], such as model architecture, the training
process, and the inherent difficulty of the samples. High
loss values may arise due to reasons other than labeling
errors, such as occlusions, complex backgrounds, or in-
herently challenging examples [22]. The loss also evolves
throughout the training process. Early in training, the model
might exhibit high loss values due to a general lack of learn-
ing rather than specific labeling errors. Conversely, later in
training, the model might show low loss even if some label-
ing errors are present, as it may have learned to ignore or
compensate for them.

In a different approach to tackle the problem, Jakubik et
al. describes the UQ-LED which combine various differ-
ent techniques like Confident Learning [32], Entropy Mea-
sures and Ensemble Learning [23] to detect labeling errors
in [20]. They highlight the limitations of using methods
such as Soft-max Probabilities [39], Bayesian Neural Net-
works [4] and others individually, and suggest that com-
bining them can achieve better results by flagging a la-
bel as incorrect only if a certain threshold is met. How-
ever, determining the appropriate threshold is challenging:
if set too high, many mislabeled samples might go unde-
tected; if set too low, too many correct labels might be
falsely flagged, leading to unnecessary revisions. Addition-
ally, different techniques use varying criteria for flagging
errors: Confident Learning might flag low-confidence sam-
ples, while Entropy Measures might flag high-uncertainty
samples. Balancing these methods to avoid contradictions
complicates the detection process, making proper calibra-
tion and alignment crucial to the ensemble’s success.

Identifying labeling errors remains a challenging task in
machine learning. Current approaches typically involve al-
gorithms to detect images with labeling errors or utilizing
subsets of data with verified clean labels [6] [30] during
the training process. Despite these efforts, achieving ac-
curate labeling often requires manual intervention and as
such, identifying labeling errors remains a challenging task
in machine learning.

2.2. Ensemble Methods

Ensembling methods have been extensively researched for
their ability to improve prediction accuracy by combining
outputs from multiple models [26] [18]. These methods
can be particularly useful in addressing annotation errors,
as they help resolve discrepancies among models, leading
to more precise and refined predictions [5]. By leveraging
ensemble techniques, we aim to develop a robust approach
for identifying and rectifying labeling errors, ultimately en-
hancing the quality of datasets and the performance of ma-
chine learning models.

Wang [43] has conducted extensive research on the lim-
itations of ensemble models, detailing individual model ac-
curacies, diversity, and other influencing factors. Many of
these findings are reproduced in this paper when showcas-
ing the results of certain models and their ensembles.

Tan et al. [37] thoroughly explains how subtle changes,
imperceptible to the human eye, can also deceive classifi-
cation models, leading them to make incorrect predictions.
However, ensemble methods could help alleviate this issue
by combining the strengths of multiple models to improve
robustness against such perturbations.

3. Methods

3.1. Introducing Noise into the Dataset

We operate under the assumption that the PASCAL [13]
dataset is meticulously annotated, serving as the foundation
for training and evaluating our models. However, given the
objectives of our research, we deliberately introduce noise
into the dataset to experimentally measure the effectiveness
of our ensemble techniques.

Different studies have been conducted, identifying var-
ious types of label noise in object detection. Specifically,
Adhikari et al. identified the following four types of noise
[3]:

1. Incorrect Bounding Box
2. Incorrect Class Label
3. Additional Annotations
4. Missing Annotations

Tkachenko et al. [38], in a separate inquiry, acknowl-
edged all the aforementioned noise types except for addi-
tional annotations. We aim to consider all of these types of
noise when altering our dataset with corrupted labels.

We initiate this process by introducing classification
noise into the dataset, meticulously replacing classes within
specific labels with random alternatives. The algorithm
governing this procedure is outlined in Algorithm 1.

Subsequently, we introduce localization noise to the
clean dataset by adjusting the bounding boxes of annota-
tions within certain labels using a random scale ranging
from 0.1 to 0.5 times the size of the existing bounding box.



Algorithm 1 Generating Classification Noise

1: Randomly select a specified percentage of data points
(10%, 25%, 50%).

2: for each selected data point do

3 for each annotation in the data point’s label do

4: Replace with a random, different class

5 end for

6: end for

This introduces diversity and variation in the noise added to
the labels. The algorithm governing this process is outlined
in Algorithm 2.

Algorithm 2 Generating Localization Noise

1: Randomly select a specified percentage of data points
(10%, 25%, 50%).
2: for each selected data point do

3 for each annotation in the data point’s label do
4 Randomly choose noise range

5 Move the bounding box

6: Ensure new box within image limits

7 end for

8: end for

After independently addressing classification and local-
ization noise, we merge both types and apply them anew
to the clean dataset. Additionally, we introduce random
removals of bounding boxes and the inclusion of ghost or
extra bounding boxes. This encompasses all four types of
noise previously outlined. The algorithm that manages this
integrated noise addition is outlined in 3.

Algorithm 3 Generating Noise

1: Randomly select a specified percentage of data points
(10%, 25%, 50%).

2: for each selected data point do

3 for each annotation in the data point’s label do

4 25% chance to remove this annotation

5 if annotation is not removed then

6: Apply localization noise similar to 2

7 Apply classification noise similar to 1

8 end if

9 25% chance to add a ghost annotation

10: end for

11: end for

By introducing noise into what’s presumed to be a clean
dataset, our intent is to rigorously assess the utility of en-
semble methods in detecting and potentially rectifying er-
rors within the corrupted dataset.

3.2. EnsembAudit: Ensemble-based Framework
for Labeling Error Detection and Correction

EnsembAudit 4 is the main meat and bones of this research.
Our framework is designed to enhance error detection accu-
racy and rectify these labeling errors efficiently. It consists
of two key components: an ensemble technique and a dis-
agreement monitoring system.

The disagreement monitor evaluates predictions from
different models to identify discrepancies in localization,
classification, or both. Notably, if substantial deviations
emerge among models trained on identical data, it flags a
probable mislabeling instance for the corresponding image.

When such disparities are detected, the ensemble tech-
nique intervenes to aggregate predictions from the various
models. This aggregated prediction aims to provide a more
reliable estimate, considering inputs from multiple sources.

Subsequently, this fused prediction serves as a founda-
tion for generating a revised label for the image, effectively
rectifying any labeling inaccuracies.

Our ensemble framework emphasizes adaptability by
supporting various ensemble techniques and offering cus-
tomizable strategies for monitoring disagreement. In our
experimental setup, we predominantly employ the Fusion
Ensemble Method [5]. This method involves aggregating
predictions and employing non-maximum suppression [17]
to identify the most promising predictions based on confi-
dence scores. Details of the algorithm can be found in 5.

Furthermore, our approach to monitoring disagreement
centers on Threshold Voting. This method ensures that
predictions are validated only when models above a spec-
ified threshold reach a consensus; otherwise, the instance is
flagged for correction using the ensembling technique. This
agreement process aids in detecting discrepancies in both
classification and localization. For specifics, refer to Algo-
rithm 6.

Furthermore, our framework is built to facilitate future
enhancements. For example, alternative ensembling tech-
niques could replace Fusion, and different disagreement
monitoring methods could be seamlessly integrated in place
of Threshold Voting.

Algorithm 4 EnsembAudit Algorithm

1: for each image_prediction in all_image_predictions
do

2: decision < Apply Algorithm 6
3: if decision then

4 Apply Algorithm 5

5: else

6: Ignore image_prediction
7: end if

8: end for




Algorithm 5 Ensemble Method: Fusion

Require: List of model predictions image_predictions
I: new_preds < Apply Non Max Suppression on
image_predictions
2: return new_preds

Algorithm 6 Disagreement Method: Threshold Voting

Require: List of model predictions image_predictions
1: prediction_groups < []
2: for each model _preds in image_predictions do
3: for each pred in model_preds do

4 matched < False
5 for each group in prediction_groups do
6: if classes are equal and IOU above 0.5 then
7: add pred to group
8 matched < True
9: break
10 end if
11: end for
12: if not matched then
13: add [pred] to prediction_groups
14: end if
15: end for
16: end for

17: group_counts < [length of group for group in
prediction_groups]

18: most_sup + max(group_counts, default = 0)

19: if most_sup > 4 then return false else return true

4. Experimental Setup
4.1. Dataset Preparation

The dataset used in this study includes images and anno-
tations from the PASCAL VOC (Visual Object Classes)
dataset, specifically from the 2007 and 2012 versions
[13][11][12]. The combined dataset consists of 21,503 data
points, with each data point comprising an image and its
corresponding label annotations.

For the purpose of testing, 4,000 data points were ran-
domly selected from the 2007 dataset’s test set, which con-
tains a total of 4,952 data points [11]. This subset serves
as the unseen test set for all models in this study. The se-
lection of 4,000 data points was necessitated by hardware
limitations, as testing more than this amount would result
in memory issues. The remaining 952 data points were
merged with the 16,551 data points from the training sets to
create a final training set consisting of 17,503 data points.

To facilitate robust model training and evaluation, a care-
ful partitioning strategy was employed. The training dataset
was distributed into five non-overlapping folds, ensuring
that each data point appeared exactly once in the valida-

tion set across the folds. This approach, known as k-fold
cross-validation, minimizes the risk of over-fitting by pro-
viding a comprehensive evaluation of the model’s perfor-
mance on different subsets of the data [16]. Training on
these five folds not only ensures thorough validation but
also introduces a degree of variance among the models, as
each model is exposed to a slightly different training set.
This variance is beneficial for ensembling, as combining the
predictions from multiple diverse models can lead to im-
proved overall performance by reducing the likelihood of
simultaneous errors.

For the training-validation split, a ratio of 4:1 was main-
tained, with 14,002 data-points allocated for training and
3,501 for validation in each split. This allocation provides a
sufficient amount of data for model training while allowing
for robust validation of model performance on unseen data.

The utilization of such a comprehensive and meticu-
lously prepared dataset, along with the rigorous cross-
validation strategy, is crucial for ensuring the robustness
and reliability of the trained models’ performance across
various tasks and scenarios.

4.2. Model Selection & Training

The YOLOvVS8 model was selected as the primary object de-
tection framework due to its efficiency and effectiveness in
real-time detection tasks. Unlike traditional two-stage de-
tectors, YOLOVS is a one-stage detector, directly predicting
bounding boxes and class probabilities from a single pass
through the network, leading to faster inference times [33].

The decision to utilize a one-stage detector like YOLOVS
is motivated by its ability to achieve a balance between
speed and accuracy, making it suitable for applications
where real-time performance is essential.

To ensure model diversity, we employ a 5-fold training
strategy, as outlined in 4.1. This approach yields 5 sets of
weights, each trained on a separate fold of the dataset, re-
sulting in 5 models with diverse training data.

Training sessions were conducted using two main setups:
an ASUS ROG Strix G15 Laptop and the DelftBlue super-
computer [9]. The laptop is equipped with an AMD Ryzen
7 4800H CPU with Radeon Graphics and an NVIDIA RTX
3060 Laptop GPU featuring 6GB of GDDR6 memory. Each
model iteration was capped at 75 epochs, taking approxi-
mately 5-8 hours per training session on a specific dataset
split detailed in 4.1, which remained consistent across all
training and evaluation phases.

The DelftBlue supercomputer played a crucial role in fa-
cilitating the training process alongside the laptop. It pro-
vided additional computational power and resources, en-
hancing the efficiency and scale of training operations.



4.3. Model Prediction Evaluation

We use mean Average Precision (mAP) as a metric for
evaluating our algorithms. Mean Average Precision is a
widely adopted evaluation metric in object detection tasks.
It provides a comprehensive measure of a model’s precision
across various levels of recall, making it an effective tool
for assessing performance.

The mAP metric calculates the average precision for
each class and then takes the mean of these values. Pre-
cision, in this context, is defined as the ratio of true positive
detections to the total number of positive detections (both
true and false positives). Recall is defined as the ratio of
true positive detections to the total number of actual posi-
tives (true positives and false negatives).

To compute the Average Precision (AP) for a specific
class, the precision is plotted against recall at different
threshold levels, and the area under this precision-recall
curve is calculated. The mean of these AP values across all
classes gives us the mean Average Precision (mAP). This
metric is particularly valuable because it accounts for both
the precision and recall of the model, providing a balanced
view of its performance.

For further details on the mAP metric and its significance
in object detection, we refer to the work by Lin et al. [27],
which provides a thorough explanation of its application
and benefits.

In our evaluations, we specifically use mAP at an In-
tersection over Union (IoU) threshold of 0.50, commonly
referred to as mAP@50. This means that a detection is
considered correct if the predicted bounding box overlaps
with the ground truth bounding box by at least 50%. Addi-
tionally, we incorporate confidence scores when measuring
mAP to account for the confidence level of each detection,
ensuring that the model’s certainty is factored into the eval-
uation.

By using mAP@50, we ensure that our evaluation com-
prehensively reflects the accuracy and reliability of our
models across different scenarios and object classes.

5. Experiment Results
5.1. Assessing Ensemble Model Performance

The aim of this experiment is to evaluate and compare the
effectiveness of individual models versus ensemble mod-
els. We categorize the models into two groups: those
trained from scratch and those fine-tuned from pretrained
models using our dataset. This approach allows us to ob-
serve and analyze the performance differences between pre-
trained and scratch models, providing a baseline for subse-
quent experiments.

For the YOLOvS8 model, we employ two training strate-
gies: training from scratch and fine-tuning a pretrained
model. When training from scratch, the YOLOv8 model

initializes with random weights [21] and learns directly
from our dataset without prior knowledge. This approach
allows the model to derive features and representations di-
rectly from the data.

In contrast, fine-tuning involves taking a pretrained
YOLOV8 model, originally trained on a large-scale dataset
such as COCO [27], and adjusting its parameters on our
dataset. Fine-tuning leverages the knowledge acquired from
a diverse dataset, potentially leading to faster convergence
and improved performance, especially beneficial when the
target dataset is smaller or more specific.

Each approach is trained independently on the five folds
of the dataset, resulting in five sets of weights for each
model (i.e., YOLOVS trained from scratch and YOLOvS
fine-tuned from a pretrained model). This setup enabled
a thorough evaluation of model performance across various
data subsets.

The evaluation results for these models are presented
in Figure 1, illustrating the effectiveness of the ensemble
models, particularly evidenced by their superior mAP@50
scores compared to individual models. Additionally, the
pretrained models demonstrate notably better performance
than models trained from scratch.

Comparison of mAP Scores for Scratch and Pretrained Models
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Figure 1. mAP@50 scores showing performance of individual
Scratch and Pretrained models, and their ensembled versions.
Both ensembled models outperform individual ones, with Pre-
trained models performing significantly better than Scratch.

After establishing the baseline performance, we utilized
EnsembAudit (EA) 4 to evaluate the error estimation of the
models. Notably, among 17,503 data-points, even though
the dataset contained no actual errors, Scratch models iden-
tified 906 false positives, whereas Pretrained models identi-
fied 200 false positives. This highlights a significantly lower
false positive rate in Pretrained models compared to Scratch
models.

To gauge the performance of the newly generated labels
against the original labels, we examined key metrics, specif-
ically precision and recall. Both metrics showed moderate
performance, ranging between 0.5 and 0.6. This indicates
that while Pretrained models demonstrate better accuracy in



error detection, there remains room for improvement in la-
beling accuracy. Importantly, as these were false positives,
the performance of these labels is not critical, since ideally,
the models should have agreed on all instances without any
disagreements.

For the upcoming experiments, we will continue to fine-
tune pretrained models on our modified datasets. While
models trained from scratch would be suitable for exper-
iments where EnsembAudit (EA) benefits from disagree-
ments among models, in practical applications, fine-tuning
a pretrained model on the dataset tends to yield faster
convergence and higher metric accuracies. Therefore, we
will assess the effectiveness of using EnsembAudit on pre-
trained models in the next experiments rather than on mod-
els trained from scratch. It’s important to note that each
experiment involves resetting and using models pretrained
on COCO, which means the pretrained model is effectively
"fresh’ for each experiment and has not been trained on our
specific dataset beforehand.

5.2. Detection of Labeling Errors with Classification
Noise

This experiment aims to identify labeling errors in datasets
modified with classification noise. Using Algorithm 1 to
generate classification noise into the dataset, we train pre-
trained models on the modified dataset using the same splits
as in Experiment 5.1. This enables us to accurately assess
whether EA aids in classification error detection.

Testing the various noise levels against the test set re-
veals differences in model performance as per Figure 2. In-
troducing 10% and 20% noise did not significantly impair
the models, despite noticeable performance drops, indicat-
ing their robustness. However, 50% noise resulted in a 10%
decrease in mAP@50 compared to the ensembled version
of the pretrained models. These results suggest that even
when models are fine-tuned on datasets with substantial
noise, they maintain robustness and achieve performance
scores nearly comparable to those fine-tuned on noise-free
datasets.

The results of applying EA can be observed in Table 1.
The error detection rates are comparable for 10% and 25%
noise levels, but the detection accuracy increases to 16%
with a 50% classification noise level. Moreover, the preci-
sion and recall of the identified errors are moderately high,
suggesting effective label correction. For instance, Figure
3 illustrates instances where incorrect labels have been cor-
rected.

5.3. Detection of Labeling Errors with Localization
Noise

In this experiment, we shift our focus from classification to
localization, aiming to identify labeling errors in datasets
affected by localization noise. We utilize Algorithm 2 to

Classification Noise Levels: mAP@50 Scores
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Figure 2. mAP@50 scores showing performance of individual
models, and their ensembled versions against varying levels of
classification noise.

Actual Detected Verified Performance
Model E E E
TTors 1Tors 0TS  precision Recall mAP@50
10% Noise 1750 371 87 0.6346  0.7734 0.3611
25% Noise 4375 690 288 0.6753  0.7585 0.2948
50% Noise 8751 2130 1397 0.8099  0.6638 0.2818

Table 1. Classification Noise: Performance of EA across differ-
ent thresholds of classification noise. EA accurately identifies
4%, 6%, and 16% of labeling errors with moderately good met-
ric scores, suggesting effective error rectification compared to the
original labels.
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Figure 3. Classification Noise Rectification: Instances of images
where the incorrect classes were rectified by EA. Observations can
be made on EA’s rectification on incorrect class assignments.

introduce localization noise into the dataset. Subsequently,
we train pretrained models on this modified dataset, using
the same splits as in the previous two experiments (5.1, 5.2).
This approach allows us to specifically analyze the impact
of localization noise and evaluate the effectiveness of EA.

Testing the models against the test set yields promising
results. Despite the introduction of noise by Algorithm 2,
the models exhibit robust performance, as evidenced by the
minimal drops observed in mAP@50. Figure 4 illustrates
that the models are resilient against minor labeling errors
introduced by the algorithm, which have negligible impact
on their performance.



Localization Noise Levels: mAP@50 Scores
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Figure 4. The mAP@50 scores depict the performance of individ-
ual models and their ensembled versions across varying levels of
localization noise. Remarkably, the mAP @50 scores show no sig-
nificant drop across different noise levels, indicating the models’
robustness against minor localization noise.

Despite our model demonstrating robustness, as previ-
ously discussed, disagreements among the models will also
be minimal, resulting in limited error detection. Neverthe-
less, we proceed with EA to observe its outcomes.

Table 2 summarizes the results of applying EA. As an-
ticipated, the error detection rate remains exceedingly low,
even at 50% localization noise. It seems that merely shifting
bounding boxes slightly in random directions with random
scales may not sufficiently challenge the model’s ability to
learn effectively. Nevertheless, Figure 5 showcases notable
instances where such errors were detected and corrected.”

Actual Detected Verified Performance
Model E E E
1Tors 1rors OIS precision Recall mAP@50
10% Noise 1750 248 40 0.5536  0.6596 0.2867
25% Noise 4375 286 104 0.4889  0.5906 0.2809
50% Noise 8751 423 262 0.5316  0.6359 0.4128

Table 2. Localization Noise: Performance of EA across different
thresholds of classification noise. EA accurately identifies around
2% of labeling errors across all noise levels with moderate metric
scores, suggesting poor error detection and moderate error rectifi-
cation

5.4. Identifying Mistakes in Dataset Modified With
Both Classification and Localization Noise

In our final experiment, we integrate both classification and
localization errors, using Algorithm 3, to provide a holis-
tic evaluation of our approach in detecting and rectifying
labeling errors. Again, we train pretrained models on this
altered dataset using the same splits as the previous experi-
ment (5.1, 5.2, 5.3). This comprehensive assessment allows
us to examine the performance of EA in scenarios where er-
rors occur simultaneously in both class labels and bounding

Figure 5. Localization Noise Rectification: Examples of im-
ages where EA corrected bounding box positions for various ob-
jects improving bounding box accuracy and precision compared to
noisy labels.

box positions.

Testing these models against the test set (Figure 6), re-
veals a significant decrease in performance as the noise level
increases. The performance degradation is particularly pro-
nounced at the 50% noise level, with the mAP @50 score for
the ensembled model dropping to 0.67 compared to 0.77 at
the 10% noise level.

Applying EA, the results are summarized in Table 3. De-
tection accuracy remains consistent at around 7% for noise
levels 10% and 25%, but increases significantly to 20% for
anoise level of 50%. This indicates that EnsembAudit (EA)
performs notably better with heavily noisy datasets. Addi-
tionally, we observe a high precision score and moderately
good recall score, suggesting effective error rectification in
localization aspects, despite some challenges in classifica-
tion aspects. Figure 7 illustrates various instances where
EA successfully corrected incorrect labels, showcasing its
strengths in handling datasets with substantial noise.

Both Noise Levels: mAP@50 Scores
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Figure 6. mAP@50 scores showing performance of individual
models, and their ensembled versions against varying levels of
both types of noise. Even with a variety of noise types, the models
still perform on par with the no-noise pretrained models. How-
ever, a huge decrease in performance can be observed at noise
level 50%.



Actual Detected Verified Performance
Model E E E
Trors 1rors TTOS  precision Recall mAP@50
10% Noise 1750 391 124 0.6289  0.7394 0.3015
25% Noise 4375 778 393 0.6391 0.6868 0.2422

50% Noise 8751 2600 1833 0.7731  0.5844 0.2699

Table 3. Both Noise: Performance of EA across different thresh-
olds of classification noise. EA accurately identifies 7%, 8%, and
20% of labeling errors with moderately good metric scores, sug-
gesting good error detection and rectification.
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Figure 7. Noisy annotations and their rectifications: Some in-
stances of EA correctly detecting noise and rectifying it’s label
with a new properly annotated one

6. Discussion and Conclusion

This thesis proposed EnsembAudit (EA), a novel approach
for autonomously detecting and rectifying labeling errors in
weakly supervised object detection. EA leverages ensemble
methods and disagreement monitoring tools to identify er-
roneous labels and correct them automatically. The frame-
work of EA is versatile, capable of incorporating various
ensembling techniques and disagreement monitoring tools
to enhance its performance.

The experiments conducted in this study aimed to eval-
uate EA’s effectiveness and resilience against datasets con-
taminated with labeling errors. The results highlighted sev-
eral strengths and weaknesses of EA. One of its significant
strengths is its robustness in handling datasets with a high
volume and variety of label noise. EA autonomously de-
tected and rectified approximately 20% of labeling errors
in such noisy datasets, demonstrating its potential for real-
world applications in improving object detection accuracy.

However, a notable limitation observed in this study is
EA’s reduced efficacy when dealing with datasets contain-
ing only minimal amounts of noise, which is more typical

in practical scenarios. In these cases, EA exhibited lim-
ited ability to detect and flag erroneous labels due to the
inherent resilience of pretrained models used in the exper-
iments. Additionally, EA also displays a significant False
Positives rate. When tuning ensembling techniques, a bal-
ance needs to be struck among the thresholds to mitigate
this issue. False positives can lead to unnecessary label
changes, potentially confusing the labeling process. How-
ever, upon manual review, it was observed that EA primar-
ily flags images with inherently challenging characteristics,
and errors often involve mis-classifications rather than in-
correct bounding box placements.

Looking ahead, future research could focus on enhanc-
ing the robustness and efficacy of ensembling techniques
and disagreement systems used in EA. There is ample op-
portunity to develop more sophisticated methods that can
reliably detect and correct labeling errors across a broader
spectrum of datasets, including those with varying quanti-
ties and qualities of noise. Additionally, comparing EA’s
performance against models trained from scratch would
provide insights into its comparative advantages and areas
for improvement.

Furthermore, validating these methods against diverse
datasets and conducting additional experiments will be cru-
cial for understanding their generalizability and effective-
ness across different contexts. By addressing these chal-
lenges and exploring these avenues for improvement, EA
and similar frameworks hold promise for significantly ad-
vancing the reliability and efficiency of weakly supervised
object detection systems in practical applications.

7. Responsible Research
7.1. Reproducibility

This research paper adheres to the four principles outlined
in the FAIR principles for scientific data [44]: Findable, Ac-
cessible, Interoperable, and Reusable.

Findable: All programming scripts, aspects, and code
used in this paper are available on Github'. Every concept,
term, library, and dataset mentioned in this paper is thor-
oughly established and well-referenced. All training logs,
weights, scripts and results are publicly available on the
GitHub repository.

Accessible: All data and materials used in this research
are easily accessible to the public. The GitHub repository
hosting the scripts and datasets ensures that anyone can ac-
cess the resources without barriers. Detailed instructions for
accessing and using the data are provided in the repository’s
README file to facilitate ease of use.

Interoperable: The data and code are structured to en-
sure compatibility with various systems and tools. The
datasets were obtained through Ultralytics and follow the

Uhttps://github.com/zeri27/EnsembAudit



YOLO labeling format >. The code is written in Python
3.12 3, a widely-used programming language. Additionally,
the main framework used is PyTorch * and Ultralytics [40],
both of which are widely used in the machine learning in-
dustry, ensuring ease of integration with other research.

Reusable: The provided resources are designed for ver-
satile reuse. Clear documentation, including comprehen-
sive code comments and detailed explanations in the repos-
itory, ensures that other researchers can understand and re-
purpose the materials for their studies. Scripts involving
aspects dependent on randomness, such as K-Fold splitting
and Test Set Selection, are shared along with the random
seed to ensure consistency. Additionally, any noise added
to the files has been meticulously logged and tracked.

7.2. Integrity

This research paper adheres to the five principles of research
integrity as defined in the Netherlands Code of Conduct
for Research Integrity [1]: honesty, scrupulousness, trans-
parency, independence, and responsibility. We have pre-
sented all aspects of this work truthfully and referenced
sources properly, ensuring full transparency by discussing
both the benefits and challenges of our methods. Any data
not included in the paper has been logged and made publicly
accessible for further analysis or interpretation.

No external influences have affected this research, and
no ethical concerns have arisen in its conduct. All pre-
existing code utilized in this study is available to the public.
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