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Abstract
Recent advances in deep learning have positioned object detection as a critical technology across various domains, including
autonomous driving, video surveillance, and robotics. Despite their high accuracy, object detection models rely heavily on
large,meticulously annotated datasets. However, annotating data for object detection is significantlymore time-consuming and
expensive than for standard image classification tasks, creating substantial barriers in both research and industry. To address
this challenge, we propose an adaptive active learning framework aimed at reducing annotation costs without compromising
model performance. Although active learning is known for its ability to minimize labeling efforts, applying it to object
detection presents unique challenges owing to the need to account for both uncertainty and diversity. Our approach estimates
uncertainty using object confidence scores and quantifies diversity based on the number of classes per image across the
unlabeled dataset. Moreover, our framework dynamically adjusts the weighting between uncertainty and diversity throughout
training. Experiments on a Unmanned Aerial Vehicle (UAV) dataset and a real-world industrial dataset involving high-
voltage electrical cables demonstrated performance improvements of 1.1% and approximately 10%, respectively, under the
same annotation budget. These results demonstrate the potential of our framework to significantly lower annotation costs
while maintaining high detection performance, rendering it well-suited for real-world industrial applications.
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1 Introduction

Recent advancements in artificial intelligence have made
computer vision a pivotal technology in various industries
and everyday applications. Among its many capabilities,
object detection, which automatically identifies the location
and category of objects within images, has become essential
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across numerous applications [1–3], including autonomous
driving [4, 5], intelligent surveillance systems [6, 7], robotics
[8–10] and augmented reality (AR) [11, 12].

However, achieving high performance with deep learn-
ing–based object detection models requires large, accurately
labeled datasets. In contrast to image classification, which
assigns a single label to an entire image, object detection
involves identifying and annotating multiple objects along
with their precise locations. This increases annotation com-
plexity, requiring more time, expertise, and cost, particularly
for real-world datasets that often feature cluttered scenes,
occlusions, and a wide range of object types. To overcome
these challenges, active learning has gained attention as a
promising approach to improve model performance with
reduced labeling effort [13–16]. Active learning enables the
model to select the most informative samples for annotation,
thereby optimizing performance under limited resources.
Approaches typically fall into three categories: uncertainty-
based, diversity-based, and hybrid methods. Uncertainty-
basedmethods prioritize samples themodel is least confident
about, with uncertainty often measured using confidence
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scores in object detection. Diversity-based methods focus
on selecting varied samples that represent different data
distributions or classes, thereby improving generalization.
However, each of these methods has limitations when used
independently: uncertainty-based strategies may select only
ambiguous samples and overlook diversity, while diversity-
based strategies might exclude highly informative, uncertain
samples. Hence, hybrid methods have been proposed to
combine the strengths of both approaches. However, most
existing hybrid strategies use a fixed ratio to balance uncer-
tainty and diversity, failing to adapt to changes in data
distribution or model learning state throughout training. As
both the dataset characteristics and model behavior evolve
during training, static sampling strategies may be subopti-
mal. Despite the importance of adaptability, few studies have
explored dynamic sampling approaches for active learning in
object detection. In this study, we propose a novel adaptive
data sampling framework for object detection based on active
learning using the YOLOv7 model [17]. The model detects
objects in an unlabeled pool, assigns an uncertainty score
using object confidence, and calculates diversity by count-
ing the number of object classes in each image. Our method
dynamically adjusts the weighting between uncertainty and
diversity during training, prioritizing uncertain samples in
the early stages and gradually shifting focus toward more
representative, diverse samples as training progresses.

The contributions of this paper are as follows:

1. Active learningwith a dynamic uncertainty–diversity
ratio. In contrast to prior work that relies on fixed ratios
or a single selection strategy, our approach adaptively
balances uncertainty and diversity based on both the data
distribution and the training stage. This dynamic adjust-
ment improves model efficiency and accuracy under
constrained annotation budgets.

2. Object detection integrated with active learning. This
study applies active learning to object detection tasks
using the YOLOv7 model. Given the high labeling costs
associated with object detection, we developed an active
learning framework designed to improve model perfor-
mance efficiently under a limited annotation budget.
Specifically, uncertainty and diversity were quantified
based on the confidence scores and the number of object
classes within each image obtained through YOLOv7,
maximizing the efficiency of data selection.

3. Experimental validation using UAV and industrial
data. In addition to the commonly used UAV datasets,
this study used industrial datasets for the experiment. The
results confirmed that the proposed adaptive active learn-
ing method effectively detects objects for real-world data
and demonstrates their applicability.

2 RelatedWork

Active learning improves the performance of models under
limited annotation budgets by selecting the most useful data
during training [18, 19]. As mentioned earlier, it is typ-
ically categorized into uncertainty-based, diversity-based,
and hybrid methods.

2.1 Uncertainty-BasedMethod

In uncertainty-based methods [20–22], uncertainty plays a
critical role in sample selection. Uncertainty refers to the
model’s doubt about its predictions, while confidence indi-
cates the estimated likelihood that a prediction is correct.
These concepts are inversely related, lower confidence cor-
responds to higher uncertainty. The key idea is that labeling
uncertain samples improves model performance effectively.
One common approach is least confidence sampling [23, 24],
which selects samples with the lowest confidence. Margin
sampling [25, 26] considers the difference between the top
two predicted class probabilities; a smaller margin indicates
greater uncertainty. Entropy-based sampling [27, 28] selects
samples with the highest entropy, assuming that they will
benefit the model most. Although uncertainty-based meth-
ods effectively identify ambiguous samples near the decision
boundary, they often ignore diversity (Fig. 1). As these meth-
ods focus only on prediction uncertainty, theymay repeatedly
select similar samples, causing redundancy. Labeling redun-
dant samples leads to diminishing returns and inefficient use
of annotation resources.

2.2 Diversity-BasedMethod

Diversity-based methods aim to select samples that rep-
resent the overall data distribution. The objective is to
train models on diverse data rather than similar examples.
By selecting broadly representative samples, models better
capture the underlying data distribution, improving general-
ization and reducing overfitting. Two main approaches exist:
distance-based and clustering-based sampling. Distance-
based methods select samples far from the labeled set, as
these likely represent unexplored regions. For example,Deep
Active Learning over the Long Tail [29] uses the Farthest-
First Traversal strategy, selecting the sample farthest from
the existing labeled set iteratively.

Clustering-based methods group unlabeled data into clus-
ters and select representative samples from each, assuming
that samples within clusters share similar properties. Known
examples include Core-set selection [30] and Batch Active
Learning by Diverse Gradient Embeddings (BADGE) [31],
which selects diverse batches using gradient-based embed-
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Fig. 1 Concept behind
uncertainty-based methods.
Uncertainty-based methods are
active learning strategies that
prioritize unlabeled instances
near the decision boundary of
the model

dings and k-means++ clustering [32]. Although diversity-
based methods effectively cover different regions of the data,
they may not always select the most informative samples,
limiting model improvement (Fig. 2).

2.3 Hybrid Method

The hybridmethod combines uncertainty-based and diversity-
based approaches to mitigate their individual limitations.

Fig. 2 Concept behind
diversity-based methods.
Selected samples should be
maximally dissimilar from the
existing training data and from
one another to improve data
coverage
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Uncertainty-based sampling focuses on ambiguous samples
near the decision boundary but can lead to redundancy and
inefficient use of labeling budgets. Conversely, diversity-
based sampling improves data coverage but may include less
informative samples. Bymerging both, hybrid active learning
selects samples that are both uncertain and diverse, reduc-
ing redundancy and improving generalization. This renders
hybridmethods particularly effective for complex tasks, such
as, object detection, where both uncertainty and diversity are
important.

Diverse Uncertainty Aggregation (DUA) [33] (Fig. 3)
was proposed for single-stage object detection on UAV
images. It addresses class imbalance by employing class-
aware uncertainty aggregation instead of relying solely on
model confidence. This approach assigns greater weight to
low-performing classes.BasedonevaluationusingYOLOv7,
it prioritizes training on classes with higher uncertainty (i.e.,
lower confidence). Through thisweightingmechanism,DUA
attempts to combine uncertainty and diversity in its model.

3 ProposedMethod

3.1 Problem Definition

DUAevaluates 10%of the annotationbudgetusingYOLOv7’s
test and assigns weights to the lowest-performing classes
based on the results. However, some classes that generally
performwell may show lower performance in certain images
owing to challenging objects.

If these isolated cases receive higher weights, lower-
performing classes might not receive sufficient attention. For
example, in Fig. 4(a), the model shows high confidence for
cars but low confidence formotorcycles. In contrast, Fig. 4(b)
shows reduced car confidence owing to challenging objects.
Using average confidence to determine weights, as in DUA,
may incorrectly assign higher weights to cars, even if motor-

cycle detection generally performs worse. Moreover, DUA
sacrifices part of the annotation budget for evaluations at each
iteration, resulting in a loss of labeling resources, which is
particularly problematic when budgets are limited. There-
fore, the goal of the proposed method is to create a hybrid
active learning framework that explicitly measures diversity
without sacrificing the annotation budget.

3.2 Adaptive Mixed Active Learning

This study proposes a hybrid active learning framework to
optimize sample selection efficiency in object detection. The
proposed method combines uncertainty-based and diversity-
based strategies, improving model performance.

The overview of the proposed method is shown in Fig. 5.
In contrast to DUA, this method does not sacrifice annota-
tion budget for evaluation, thusmaximizing data efficiency. It
estimates uncertainty using confidence scores fromYOLOv7
directly, eliminating the separate evaluation step used by
DUA. DUA uses YOLOv7’s test for evaluation. It selects
uncertain, low-performing samples based on the evalua-
tion results and assigns weights accordingly. The proposed
method, however, employs YOLOv7’s detect directly on the
unlabeled data pool. In contrast to YOLOv7’s test, which
requires ground truth for evaluation, YOLOv7’s detect does
not need ground truth. This enables direct use of YOLOv7’s
detect results for uncertainty estimation, preserving annota-
tion resources for model training.

The proposed method begins by detecting objects using
YOLOv7’s detect on the entire unlabeled dataset. Based on
the detection results, referred to as detect label, both uncer-
tainty and diversity are calculated for each image. Using
detect label, uncertainty and diversity scores for each image
are derived. The uncertainty of an object is defined as follows:

uncertaintyobject = 1 − con f idenceobject , (1)

Fig. 3 Process of the Diverse
Uncertainty Aggregation (DUA)
model. The DUA evaluates 10%
of the annotation budget with
YOLOv7’s test, and weights the
classes based on the evaluation
results
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Fig. 4 Test results of DUA. The samemodel was used for testing. Themodel detect cars more accurately thanmotorcycles. However, the uncertainty
for the car class can become higher with a few hard samples

where con f idenceobject ∈ R
+
0 . Equation (1) evaluates

uncertainty. Low confidence indicates high uncertainty about
the object. Image uncertainty is calculated by aggregating
confidence scores of all detected objects in an image, as follows:

imageuncertainty =
n∑

1

Uncertaintyobject , (2)

where Imageuncertainty ∈ R
+
0 , n denotes the number of

objects in the image.Diversity is defined as the number of dis-
tinct object classes within an image; thus, more classes imply
higher diversity. This definition aims to help the model learn
various visual features and data distributions. Diversity can
be calculated as follows:

Di = |C(Ii )|, (3)

where Ii denotes an ith image, C(Ii ) denotes the set of dif-
ferent object classes in Ii , | · | denotes the cardinality of the

set. Subsequently, the number of samples initially targeted
is selected in order of descending uncertainty and diversity.
The ratio between uncertainty and diversity depends on an
uncertainty score, dynamically changing during training.

AdaMix-AL was inspired by the relative importance of
uncertainty and diversity. Based on the detect label, an uncer-
tainty score is evaluated as shown in Fig. 6. The uncertainty
score, deciding the sampling ratio throughout training, is cal-
culated as follows:

δ = f (α, β) = (α − β) × (100/β), (4)

where δ ∈ R
+
0 denotes the uncertainty score. α, β ∈ R

+
0

denote the 60th and 80th values, respectively, in the list
ordered by uncertainty. The rationale for selecting the 60th
and 80th values is illustrated in Fig. 7. Although the dis-
tribution range is initially large, there are many outliers.
Furthermore, as the training iterations progress, the dis-
tribution becomes compressed. The 60th and 80th values

Fig. 5 Overview of the AdaMix-AL. In contrast to DUA, there is no 10% annotation budget sacrifice, and data is selected dynamically at a rate
after evaluating uncertainty score based on inference results
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Fig. 6 Process of evaluating
uncertainty score. The ratio of
uncertainty and diversity
changes depending on the value
of the uncertainty score δ. The
figure illustrates the process
when the annotation budget is
100

were selected because this range mitigates the influence of
extreme outliers while still effectively representing the gra-
dient of the compressed distribution. In Eq. 4, the initial term
(α − β) represents the absolute difference in uncertainty
between two positions within the ranked list. A larger differ-
ence indicates a sharp gradient in uncertainty score across
the selection range, signifying that uncertainty remains a
critical criterion for annotation. Conversely, a smaller dif-
ference suggests a more uniform distribution of uncertainty,
indicating limited additional benefit from selecting samples
based solely on uncertainty. In such cases, integrating other
criteria, such as diversity, becomes essential. The second
term, (100/β), serves as a normalization factor, ensuring the
uncertainty score is consistently interpretable across datasets
with varying uncertainty ranges. This normalization enables
comparability of uncertainty score regardless of inherent
differences between datasets. In practice, the two datasets

analyzed, UAV and WEDA, exhibited significantly differ-
ent uncertainty distributions. The WEDA dataset comprises
real high-voltage electrical cable industry data that we col-
lected, with details provided in Section 4.1.2. Specifically, as
shown in Fig. 8, themaximumuncertainty in theUAVdataset
ranged from 170 to 45, whereas in the WEDA dataset (Fig.
9), it varied between 3.5 and 0.4. Despite these variations, the
proposed method successfully maintained consistent evalu-
ation of the uncertainty score across both datasets.

The computed δ values are classified into four ranges:
δ > 4, 4 ≥ δ > 3, 3 ≥ δ > 2, and δ ≤ 2. When
δ exceeds 4, the sampling ratio is assigned as 90% uncer-
tainty and 10% diversity. For δ values from 4 down to 3,
the proportion changes to 80% uncertainty and 20% diver-
sity. Between 3 and 2, the ratio adjusts to 70% uncertainty
and 30% diversity, and for values below 2, it shifts fur-
ther to 60% uncertainty and 40% diversity. By dynamically

Fig. 7 Uncertainty distribution of UAV dataset. Each color represents an iteration
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Fig. 8 Maximum and minimum
uncertainty of UAV dataset. The
maximum and minimum
uncertainty of UAV dataset of
the list of descending order of
uncertainty at each iteration

adjusting these ratios, AdaMix-AL adapts effectively to the
evolving data conditions throughout the active learning pro-
cess, optimizing annotation resources and improving model
accuracy simultaneously.

4 Experiment

4.1 Dataset

4.1.1 VisDrone-2019 (UAV)

The VisDrone-2019 dataset [34] is a comprehensive bench-
mark designed to evaluate object detection and tracking
in aerial imagery, primarily captured by unmanned aerial
vehicles (UAVs). Developed by the AISKYEYE research
group at Tianjin University, it enables research on practi-

cal visual understanding from drone perspectives. Figure 10
shows a sample illustration from the dataset. It covers
diverse urban and rural environments, captured from vari-
ous altitudes and angles under different weather and lighting
conditions, providing realistic scenarios for assessing com-
puter vision techniques. The dataset includes 10,209 static
images and 288 video sequences, totaling over 260,000 anno-
tated frames. Each image or frame contains labeled bounding
boxes for ten object categories: pedestrian, person, car, bus,
van, truck,motorcycle, bicycle, awning-tricycle, and tricycle.
Data were collected from 14 Chinese cities, ensuring varia-
tion in urban layouts, road structures, crowd densities, and
object sizes. Images and videos were captured usingmultiple
drone platforms at different heights and speeds, introducing
variability in spatial resolution and motion characteristics.
The dataset is divided into training, validation, and testing
subsets to support fair benchmarking of detection and track-

Fig. 9 Maximum and minimum
uncertainty of WEDA dataset.
The maximum and minimum
uncertainty of WEDA dataset of
the list of descending order of
uncertainty at each iteration
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Fig. 10 Sample images of the VisDrone-2019 dataset

ing algorithms. Widely adopted in computer vision research,
VisDrone-2019 has been the official dataset for several inter-
national challenges. In this study, it is used to evaluate the
proposed methodology, as its detailed annotations, complex-
ity, and diversity render it highly suitable for benchmarking
sample selection algorithms.

4.1.2 High-Voltage Electrical Cable (WEDA)

The high-voltage electrical cable dataset, known as the
WEDA dataset, is an industrial dataset created by WEDA
Corporation using real-world data. It includes four defect
classes: PO, UNDER_CUT, LF, and IP. PO denotes porosity,
which is gas bubbles or voids in the insulation or conductive
layers. UNDER_CUT denotes depressions or melted edges
along cable joints. LF denotes Lack of Fusion, areas where
adjacent materials are not fully bonded. IP denotes Incom-
plete Penetration, that is, zones where fusion did not fully
penetrate through the interface. Figure 11 shows an illustra-
tive example from this dataset. The WEDA dataset consists
of 3,077 images, divided into training (2,154 images), val-
idation (616 images), and test (307 images) subsets. Each
image represents a segment of cable surface captured under
standardized imaging conditions. All images are annotated
to indicate the presence or absence of surface defects, specif-
ically visual irregularities.

4.2 Experiment Results

In this study, YOLOv7 was used as the baseline object
detection model without architectural modifications. All
experiments followed the official YOLOv7 implementation
for training, detection, and testing. Hyperparameters were
kept identical to the default configuration to ensure a fair
comparison with the baseline method, DUA. For the UAV
dataset, the model was pre-trained on theMicrosoft COCO:
Common Objects in Context (COCO) dataset [35]. Active
learning started with an initial set of 100 randomly labeled
images, followed by 11 iterations, each adding 100 samples.
For theWEDAdataset, the sameCOCO-pretrainedYOLOv7
model was used. Due to domain differences betweenWEDA
andCOCO, transfer learningwas applied before active learn-
ing. An initial subset of 500 WEDA images was fine-tuned
for 200 epochs, after which 100 samples were selected per
iteration for six iterations. All experiments were conducted
five times, and the reported results correspond to the average
performance.

4.2.1 Results on UAV Dataset

Four sampling strategies were evaluated on the UAV dataset:
the reproduced baseline model, DUA, a fully uncertainty-
based model (100Un), a fixed 50:50 uncertainty-diversity
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Fig. 11 Sample images of the
WEDA dataset; (a) denotes a
PO, (b) denotes an
UNDER_CUT, (c) denotes an
LF, (d) denotes an IP

model (50Un50Div), and AdaMix-AL, which adaptively
adjusts the ratio based on uncertainty score.

Table 1 represents the main results of the experiment in
the UAV. The 100Un and reproduced DUA models showed

similar performance. The 50Un50Div model improved per-
formance by approximately 0.7%. AdaMix-AL achieved a
1.1% performance improvement over DUA by dynamically
adjusting the sampling ratio throughout the training. Fig-

Table 1 Main result
comparison on the UAV dataset.
The table presents an accuracy
of mAP@0.5

Method DUA 100Un 50Un50Div AdaMix-AL Core-set

All 27.5 27.5 28.2 28.6 26.2

Pedestrian 30.2 29.3 31.4 32.2 26.3

People 19.6 20.2 20.9 20.9 18.1

Bicycle 9.98 9.11 10.5 9.07 5.77

Car 70.6 68.8 71 71.1 68.4

Van 26 25.9 26.6 26.3 23.6

Truck 23.6 24.6 23.3 21.7 28.2

Tricycle 14.3 15.1 15.8 15.1 11

Awning-tricycle 9.19 10.6 10.2 12.1 9.51

Bus 44.5 44.1 44.7 48.4 48.1

Motor 26.6 26.9 27.4 28.6 23.3

The bold text indicates the best performing model among each experiment or model
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Fig. 12 Model performances at
each iteration

ure 12 represents the performance across iterations. The
x-axis represents the number of labeled images, which
increases by 100 in each iteration, and the y-axis represents
mAP@0.5.As the initial 100 imageswere randomly selected,
the early performance differences are large. From300 labeled
images onward, AdaMix-AL consistently outperforms other
models. The outperformance of the AdaMix-AL continues
throughout later iterations. The performance of the AdaMix-
AL, which was trained with 500 labeled images, already
outperformed the DUA trained with 1100 labeled images.
The performance of AdaMix-AL was 28%, and the per-
formance of DUA was 27.5%. This result indicates that
AdaMix-AL analyzes unlabeled data more efficiently. It also
suggests that combining uncertainty and diversity yields
better results, particularlywhen their ratio is adjusted dynam-
ically.

4.2.2 Results onWEDA Dataset

TheWEDA dataset differs significantly from COCO, requir-
ing more labeled data in the early training phase.

When trainedwith only 100 labeled images for 100 epochs
in the first iteration, the model failed to detect objects. To
address this, the initial iteration used 500 labeled images
and trained for 200 epochs. Subsequent iterations added 100
images each and trained for 100 epochs. Table 2 reports
the results of transfer learning using the COCO-pretrained
YOLOv7model.With the fullWEDA training set, the model
achieved 92.8% accuracy at 600 epochs.

Table 3 shows the performance comparison of the three
models tested onWEDA. DUA achieved its highest accuracy
(83.5%) in the second iteration. 50Un50Div reached 91.3%
in the third iteration, while AdaMix-AL achieved 93.2% in

the fourth iteration. AdaMix-AL consistently outperformed
DUA across all iterations, with performance differences
ranging from4% to 18%.These results confirm thatAdaMix-
AL is better suited for real industrial data than DUA and
demonstrate the potential of applying active learning to
industrial applications.

4.3 Ablation Study

Additional experiments were conducted to support these
findings. The first experiment aimed to identify the optimal
number of labeled images required in early iterations on the
UAV dataset. As the model was pre-trained on COCO, trans-
fer learning was necessary.

The objective was to determine the effect of the number
of labeled images in the first iteration on model performance
and establish theminimum number of labeled images needed
for reliable detection. This step was critical because both

Table 2 Transfer learning results for theWEDAdataset of theYOLOv7
model pretrained on the COCO dataset

Epochs mAP@0.5 mAP@0.5:0.95

200 87.7 44.8

300 90.5 46.9

400 90.5 46.4

500 91.2 47.9

600 92.8 49.5

700 91.6 49

800 92.3 48.9

900 90 48.7

The bold text indicates the best performing model among each experi-
ment or model
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Table 3 Main comparison in
the WEDA dataset. AdaMix-AL
achieved a performance
improvement compared to the
baseline model, DUA

Iter Labeled images Method mAP@0.5 mAP@0.5:0.95

0 500 DUA 51.5 22.4

50Un50Div 71.1 32

AdaMix-AL 65.7 23.9

Core-set 43.3 18.6

1 600 DUA 68.1 29.2

50Un50Div 85 40.7

AdaMix-AL 83.1 39.4

Core-set 67.9 27.4

2 700 DUA 83.5 38.4

50Un50Div 90.5 44

AdaMix-AL 87.8 43.8

Core-set 74.3 33.8

3 800 DUA 82.3 35.4

50Un50Div 91.3 42.1

AdaMix-AL 88.8 44.8

Core-set 79.1 37.6

4 900 DUA 81.7 36.6

50Un50Div 91.3 42.3

AdaMix-AL 93.2 45.9

Core-set 84.6 41.3

5 1000 DUA 73.9 33.9

50Un50Div 90.4 45.6

AdaMix-AL 91.6 44.6

Core-set 84.5 41.2

6 1100 DUA 77.9 34.3

50Un50Div 88.9 44.6

AdaMix-AL 91.2 45.9

Core-set 87.5 45.2

The bold text indicates the best performing model among each experiment or model

50Un50Div and AdaMix-AL rely on YOLOv7’s detection
results to select images for annotation. Therefore, even with
limited initial labels, themodelmust detect classes accurately
in the unlabeled set. Table 4 shows results when starting with
100 labeled images with an addition of 100 per iteration up
to 1,100 total. The experiment in Table 5 shows results when
startingwith 500 labeled images. Both experiments produced
similar performance because YOLOv7 was pre-trained on
COCO, which contains 80 diverse classes, many overlapping
with the 10UAVclasses (e.g.,UAV includes “pedestrian” and
“person,” while COCOuses a general “person” class). Due to
this overlap, increasing the initial labeled set provided mini-
mal benefit. Therefore, the initial labeled set was set to 100
to minimize labeling cost. Another experiment investigated
the effect of diversity on model performance. To observe

the impact of diversity, we selected the uncertainty-based
model(100Un). The first iteration started with 500 labeled
images. In the first experiment (100Un), 500 images were
randomly selected. In the second experiment (100Un with
uniform), 500 images were selected to maximize class uni-
formity. The model trained with the uniform initial image
outperformed the other by 1.4% (Table 6). This result indi-
cates that diversity affects model performance, making the
degree of diversity in the initial images important.

Based on these results, the next experiment selected sam-
ples solely based on diversity for the first two iterations.
The results (Fig. 13) compare three models with different
uncertainty-to-diversity ratios. Each method used diversity-
only sampling for the first two iterations, and then applied a
specific ratio. For example, 7:3 means 70% uncertainty and
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Table 4 The performance of
50Un50Div and 100Un starting
with 100 labeled images. The
results show that training started
with an initial set of 100 labeled
images from the UAV dataset

Iter Labeled images Method mAP@0.5 mAP@0.5:0.95

0 100 100Un 13.4 6.12

50Un50Div 12.1 6.23

1 200 100Un 22.5 11.2

50Un50Div 20.1 10.3

2 300 100Un 26 13.3

50Un50Div 24.7 12.7

3 400 100Un 25.7 13.3

50Un50Div 26 13.6

4 500 100Un 26.8 14

50Un50Div 27 14.3

5 600 100Un 27.2 14.4

50Un50Div 27.3 14.5

6 700 100Un 27.2 14.4

50Un50Div 26.8 14.3

7 800 100Un 27.2 14.5

50Un50Div 26.9 27.4

8 900 100Un 27.2 14.6

50Un50Div 27.4 14.8

9 1000 100Un 27 14.6

50Un50Div 27.8 14.9

10 1100 100Un 27.5 14.8

50Un50Div 28.2 15.1

The bold text indicates the best performing model among each experiment or model

Table 5 Performance of
50Un50Div and 100Un starting
with 500 labeled images. The
results show that training started
with an initial set of 500 labeled
images from the UAV dataset

Iter Labeled images Method mAP@0.5 mAP@0.5:0.95

0 500 100Un 25.2 13.8

50Un50Div 25.2 13.8

1 600 100Un 25.2 13.7

50Un50Div 25.7 13.8

2 700 100Un 25.7 14

50Un50Div 26.5 14.5

3 800 100Un 26.2 14.3

50Un50Div 27.1 14.6

4 900 100Un 25.8 14.3

50Un50Div 27.4 14.8

5 1000 100Un 26.1 14.1

50Un50Div 27.4 14.9

6 1100 100Un 26.9 14.6

50Un50Div 27.8 15.1

The bold text indicates the best performing model among each experiment or model
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Table 6 Performance of 100Un
with and without initial uniform
labeled images. Performance of
the models depending on
whether the classes of the first
500 images are uniform or not

Iter Labeled images Method mAP@0.5 mAP@0.5:0.95

0 500 100Un 25.2 13.8

100Un(With uniform) 27.3 14.7

1 600 100Un 25.2 13.7

100Un(With uniform) 27.7 14.9

2 700 100Un 25.7 14

100Un(With uniform) 27.6 14.8

3 800 100Un 26.2 14.3

100Un(With uniform) 28 15.1

4 900 100Un 25.8 14.3

100Un(With uniform) 28.2 15.2

5 1000 100Un 26.1 14.1

100Un(With uniform) 28.3 15.2

6 1100 100Un 26.9 14.6

100Un(With uniform) 28.2 15.2

The bold text indicates the best performing model among each experiment or model

30% diversity. The goal was to examine the effect of this
ratio on performance. With 7:3, the model achieved 28.4%;
with 8:2, 28.1%; and with 9:1, 28%. This indicates that the
ratio between uncertainty and diversity influences perfor-
mance. In Fig. 13, the 9:1 ratio improved fastest in the early
stage (after 400 labeled images, as the first two iterations
were diversity-only). However, as training progressed, the
7:3 ratio achieved the highest performance. This supports our
hypothesis that diversity becomesmore important as training
progresses.

The final experiment on the UAV dataset tested whether
adjusting the sampling ratio during training improves per-
formance. Based on the uncertainty distribution of the UAV

dataset (Fig. 7), a threshold of 65 was chosen to change
the ratio at the training midpoint. If the 80th uncertainty
value exceeded this threshold, a 9:1 ratio was applied; other-
wise, a 7:3 ratio was applied. This adaptive strategy achieved
29%, the highest among all settings (Fig. 14), suggesting that
adjusting the ratio during training improves performance. To
automate this process, we introduced (4) to calculate the
uncertainty score, enabling dynamic ratio control for any
dataset. Although AdaMix-AL showed slightly lower over-
all performance compared to manual tuning, it required no
manual intervention and surpassed themanually tunedmodel
by the 8th iteration, showing strong potential.

Fig. 13 Object detection
performance with the UAV
dataset according to the ratio of
the uncertainty and diversity.
Each color represents the ratios
of 7:3, 8:2, and 9:1, respectively
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Fig. 14 Result of evaluating the
ratio of uncertainty to diversity
using a predetermined
uncertainty threshold

5 Conclusion

This study introduces AdaMix-AL, a hybrid active learning
framework combining uncertainty-based and diversity-based
methods for improved object detection. It removes the
need to sacrifice annotation budget for evaluation by using
YOLOv7’s detect instead of test, making full use of avail-
able data. AdaMix-AL applies an adaptive sampling strategy
that adjusts the uncertainty-diversity ratio based on uncer-
tainty score. When uncertainty is high, the model selects
more uncertain samples; as uncertainty decreases, it priori-
tizes diversity. This helps themodel explore a broader feature
space and maintain improvements even when uncertainty-
based methods become less effective. AdaMix-AL achieved
a 1.1% improvement on the UAV dataset and 11.5% on the
WEDA dataset. Experiments on UAV and WEDA datasets
confirmed that the proposed method outperforms existing
approaches such as DUA in both annotation efficiency and
accuracy. AdaMix-AL reduces labeling costs while improv-
ing performance, and its adaptive nature renders it suitable
for various data types. This work contributes to scalable
active learning frameworks for object detection with promis-
ing cross-domain results. Although AdaMix-AL improves
efficiency and accuracy, future research is needed. One
direction is task-aware sampling strategies. AdaMix-AL cur-
rently targets object detection using general uncertainty and
diversity measures. However, uncertainty characteristics dif-
fer across tasks. For example, in semantic segmentation,
uncertainty may be better captured at the pixel or region
level. Future work could design strategies tailored to specific
tasks, extending applications beyond object detection. Mov-
ing in this direction will make active learning more adaptive,
task-specific, and semantically aware. In addition, while the

current study employs YOLOv7, future work could extend
the experiments by adopting more powerful detection frame-
works or backbone architectures with richer feature repre-
sentations. Such representations, including those inspired by
transformer-based or large-scale pre-trained vision models,
may further enhance uncertainty and diversity estimation.
Furthermore, future research could investigate combining
such detectors with the Segment Anything Model (SAM)
[36, 37] to reduce annotation costs. Such extensions would
also enable uncertainty and diversity to be estimated at finer
spatial resolutions, such as regions or pixels, rather than being
limited to bounding-box-level information. This progress
will improve efficiency and enable better analysis of unla-
beled data in real-world applications, ultimately contributing
to scalable and intelligent learning systems across domains.
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