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Abstract. In the context of the growing development and application of computer vision, there is a growing need to
reduce the cost of manual data markup, especially in tasks of detecting rare objects in conditions of long-tailed class
distribution. The purpose of the study was to improve the efficiency of identifying rare image categories by improving the
active self-learning strategy. The study used the Tail-Aware Active Self-Training approach, which was based on strategic
selection of frames, considering the entropy of uncertainty, class rarity, and semantic diversity in the feature space of
the Contrastive Language-Image Pretraining model, followed by the use of pseudo-markup using the You Only Look
Once detector, version 8. As a result of experiments on Large Vocabulary Instance Segmentation datasets, version 1.0,
and nulmages-imbalanced, the proposed strategy provided an increase in AP _rare accuracy by 6.3-6.4 percentage
points compared to the basic Random and Uncertainty Sampling approaches. The overall accuracy of the model did
not decrease, but increased to 36.0-43.2% mAP, depending on the dataset. The markup efficiency indicator reached
42-43%, which was 9-10 points higher than competitive strategies. The results of the experiment were statistically
reliable, since the confidence intervals for the AP_rare accuracy metric in the case of using the Tail-Aware Active Self-
Training method do not overlap with the intervals for the basic random and Uncertainty-only strategies. This indicated
that the advantage of this method was not random, but was confirmed with high probability. Consequently, the results
obtained demonstrated the reliability and stability of the proposed approach. It was demonstrated that after two active
iterations, the model reached a performance plateau, which significantly reduced computational costs. The practical
significance of the study lies in creating an effective tool for automated deployment of computer vision models in
conditions of a limited markup budget

Keywords: machine learning; semantic clustering; pseudoanotation; entropy sampling; class balancing; computer
vision; markup optimisation

Introduction

Computer vision systems are rapidly developing, and ad-
vanced object detection models demonstrate high accu-
racy on balanced data sets. However, in real-world prob-
lems, images often have a long-tailed distribution: most
objects belong to categories with low representation in
the sample. Under such conditions, models lose their
ability to effectively generalise to rare classes, which is
critical for applications in biomonitoring, autonomous
driving, safety, etc. This problem is becoming particular-
ly relevant due to the growing need for automated data
processing in high-risk or hard-to-reach environments,
where markup for a large number of images is extremely
resource-intensive.

Suggested Citation:

Recent studies confirm that the main reason for the low
efficiency of object detection models in rare classes is a pro-
nounced class imbalance in image sets. In particular, in LVIS
(Large Vocabulary Instance Segmentation), nulmages, and
iNaturalist, most classes have less than 10 examples, which
reduces the quality of recognition and is masked by the
global mean Average Precision (mAP) metric. As noted by
Y. Li et al. (2020), the distribution of objects in the LVIS v1.0
Set obeys Zipf’s law: only a third of classes have more than
100 examples, and more than 28% have less than 10. A sim-
ilar situation was described by H. Caesar et al. (2020) for the
nulmages dataset designed for realistic autonomous driv-
ing scenes — more than half of the classes occur less than 10

Ivanov, D. (2025). Active self-learning for object detection in an imbalanced data environment: The TAAST approach.
Information Technologies and Computer Engineering, 22(3), 54-64. doi: 10.31649/vitce/3.2025.54

*Corresponding author

Copyright © The Author(s). This is an open access article distributed under the terms of the
Creative Commons Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/)


https://orcid.org/0000-0002-7386-4497

Ivanov

times. In an analysis of the iNaturalist dataset for biodiver-
sity tasks (De Alvis & Seneviratne, 2024), the ratio between
common and rare classes exceeds 1:500, which reduces the
accuracy of the latter by almost 20 percentage points. Such
results show that a global metric such as mAP can mask
critically poor quality for underrepresented categories.

To mitigate the impact of the imbalance in long-
tailed object detection problems, the researchers pro-
posed a number of modifications to the loss functions and
classification layers. The Balanced Group Softmax meth-
od (Li et al., 2020) implements group normalisation of
logits in accordance with the frequency of classes, which
provides an increase in ap_rare accuracy by 4-5 percent-
age points. Within the unified Balanced Classification
scheme (Qi et al., 2023) an approach to loss weighting is
generalised, allowing adaptation to different degrees of
class representation. The method developed by B. Li et
al. (2022) with multimodal learning using pseudo labels at
the image level also demonstrates improved accuracy on
low-frequency classes. C.-L. Duan et al. (2024) presented
the DRCL-2 approach, which combines contrast training
with the reconstruction task and helps to further increase
AP rare by 5 percentage points.

However, the above methods are model-oriented, i.e.,
they involve complete markup of data sets, which does not
solve the problem of high time and resource costs. In this
context, active learning is promising, where the model re-
quests annotations only for the most informative samples.
Y. Gal & Z. Ghahramani (2016) proposed Entropy Sam-
pling, a strategy for selecting images with maximum fore-
cast entropy. The CoreSet Sampling approach, presented
by O. Sener & S. Savarese (2018), provides sample diversity
through clustering in feature space. J. Wu et al. (2022) inte-
grated these ideas into the Entropy-AL + Progressive Diver-
sity method, which increased mAP by 3 percentage points
within a fixed budget on the COCO (Common Objects in
Context) set. As indicated by K. Sohn et al. (2020) and
M. Xu et al. (2021), most active strategies do not consider
classrarity — the annotation budget is often spent on already
well-represented categories, while rare classes are ignored.

Thus, existing approaches are either aimed at im-
proving accuracy in rare classes without reducing markup
costs, or optimise the annotation budget without consid-
ering class rarity. The lack of methods that combine both
approaches — focusing on rare classes and saving manual
markup — creates a noticeable gap in current research. The
purpose of this study was to develop and empirically test
an active self-learning strategy for the object detection
problem focused on rare classes under long-tailed distribu-
tion conditions. To achieve this goal, the following is pro-
posed: sampling by uncertainty, weighted by class frequen-
cy; clustering to ensure diversity in the space of semantic
features obtained using CLIP (Contrastive Language-Image
Pre-training); pseudo-labelling with a confidence thresh-
old of 0.8. The study’s hypothesis was that this approach
would reduce the amount of manual annotation while
maintaining or even improving accuracy in rare classes.

Materials and Methods

The developed Tail-Aware Active Self-Training (TAAST)
approach is presented as a formalised technique that cov-
ers the full cycle of active self-learning training of the ob-
ject detection model - from using the initial seed set and
pseudo-marking to selecting informative examples and
further training of the detector. Formalisation in the form
of an algorithm and optimisation problem guarantees re-
producibility of experiments and provides a reasonable as-
sessment of the effectiveness of the strategy. Formalisation
of the cycle of the active-self-learning process of training a
model for the problem of object detection in conditions of
limited access to annotated data was carried out according
to a typical practical scenario, in which:

v a large array of unanotated images U is available
(for example, from cameras of driver assistance systems —
Advanced Driver-Assistance Systems (ADAS); aerial photos
from drones; log files of multi-season monitoring, etc.);

v asmall initial set of annotated data L is available,
covering approximately 10% of the total volume - such a
“seed set” is usually formed as part of the pilot stage;

v fixed budget B of frames allocated for each itera-
tion of active learning;

v total number of active iterations is denoted as T.

To maximise the accuracy of the model in rare classes
with the minimum possible volume of new annotated ex-
amples, it was proposed to integrate active learning with a
self-learning approach, where the model used its own pre-
dictions to expand the learning set. The target metric for
evaluating the effectiveness of the proposed method was
the average accuracy value calculated separately for rare
classes (mAP _rare). This helped to focus attention on ex-
actly the subset of objects that is traditionally most vulner-
able to imbalances and lack of training examples.

The YOLOVS-s model (version 8, small configuration)
was chosen as the basis for the system, which demonstrates
a sufficient level of accuracy (~38% mAP) on the COCO set
with a significantly lower computational load compared to
larger variants (Jocher et al., 2023). A special feature of this
architecture is the use of an anchor-free detection head,
which does not require preliminary determination of ob-
ject sizes and better summarises examples that rarely occur
in the training set, in particular, on the “long tail” of the
distribution (Tian et al., 2019). Based on initialisation with
weights previously trained in COCO, the model is already
able to generate fairly accurate pseudo-labels in the first
active cycle without additional configuration. To calculate
the semantic similarity of scenes, the CLIP model with
the VIT-L/14 (Vision Transformer) architecture was used,
which was trained on paired text — image examples and can
encode plot features in the form of compact 512-dimen-
sional vectors (Radford et al., 2021). Clustering of these
vectors was performed using an algorithm k-means++,
which provided fast and stable splitting of a large number
of vectors into groups due to improved centre initialisation
(Johnson et al., 2021). After filtering by value and diversity,
the frames were grouped into B clusters (by the number of
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available signatures), and the representative frame closest
to the centre was selected from each cluster. The model
was further trained on a combined set that contained in-
itial human annotations, new marked frames, and pseu-
do-annotations with high confidence (>80). Optimisation
was performed using stochastic gradient descent (SGD)
with a momentum of 0.937 and a regularisation coeffi-
cient (weight decay) of 5-10%, one of the most effective
optimisation methods in machine learning problems (Bot-
tou, 2012). The warm-up (initial phase) lasted 300 epochs
with a linear decrease in the learning rate from 0.01 to
0.001, while each subsequent active cycle covered only 30
epochs, which helped to quickly adapt the model to new
data without overtraining.

All experimental studies were conducted on two com-
monly used datasets: LVIS v1.0 and nulmages-imbalanced
(an imbalanced version of the nuScenes subset). For each
of them, a controlled division scheme was applied into
training and validation parts. In particular, 10% of the data
was randomly selected from the initial training sample to
form the initial body with manual marking, which is fur-
ther designated as L, (seed-dataset). The remaining 90%
of the training images formed a U pool that simulated a
realistic situation of incomplete markup when starting a
new data collection project. This distribution allows sim-
ulating the conditions of a limited human resource at the
beginning of active training.

In this paper, a class was considered rare if it was found
in less than 10 examples in the initial training set, which
meets the LVIS-taxonomy criteria (Li et al., 2022). To objec-
tively evaluate the performance of the model, validation sub-
sets were used, which remained fixed throughout all stages
of the experiment. Evaluation of the test sample was per-
formed only once - after all active cycles were completed, to
avoid information leakage and re-evaluation of the results.

All active learning strategies in the study were imple-
mented in three consecutive iterations (T = 3), which was
chosen empirically: in two cycles, the potential of rare
classes was not yet exhausted, while after the fourth cycle,
the increase in the average accuracy metric for rare class-
es became less than 0.3 percentage points. In each cycle,
the model generated a pool of pseudo-annotated exam-
ples P, adding to it all the provided objects for which the
model confidence level exceeded the threshold of 0.8. Next,
the top-20% filter was used for the integral significance
score (x), which allowed excluding examples with too low
a value and reduce duplication of head scenes. Semantic
clustering was performed in this upper quintile subset, and
one representative frame was selected from each cluster,
for a total of B =256 images per cycle. After each active
cycle, the model was further trained on the combined set
with LUQUP for 30 epochs using stochastic gradient de-
scent and cosine reduction of the learning rate (from 0.01
to 0.001), in accordance with the recommendations for
YOLOVS8 (Jocher et al., 2023). The same set of hyperparame-
ters and procedure was used for all experimental strategies,
which ensured the purity of comparison and made implicit

reconfiguration impossible. As part of the experimental
study, a consistent comparison of Random — Uncertain-
ty-only - TAAST strategies was performed.

Results and Discussion

Stages of implementing

the Tail-Aware Active Self-Training strategy

A detailed description of the sequence of actions within
one active cycle of active self-learning of the object detec-
tion model ensures the reproducibility of the experiment.
In addition, it helps to clearly understand the proposed
method and evaluate its effectiveness. Below is a step-
by-step scheme for implementing the TAAST strategy,
where each step reflects the logic of the transition from
automatic pseudo-markup generation to an optimisation
training goal.

Step 1. Pseudo-markup based on confidence forecasts
The first stage of the proposed active self-learning strate-
gy was to automatically expand the training set using the
most reliable model predictions. This approach helped to
reduce the amount of manual marking, while maintaining
the quality of the training signal. For each object detected
by the model in the unsigned image pool U, the level of
trust in the object’s belonging to a certain class was cal-
culated. The object was moved to a set of pseudo-labels P,
if its highest predicted probability exceeded a pre-deter-
mined confidence threshold. This was formalised by the
following equation (proper formulation):

Pmax = m’gxpk =>1,7=0,8, (1)

where p, — probability that the detected object belongs to
k-th class; max — maximum probability among all classes,
i.e., the model’s confidence in the most probable hypothe-
sis; T — confidence threshold is set at 0.8 (or 80%).

Selection of a threshold value 7=0,8 was based on
previous experiments, where it was found that this lev-
el of trust provides an optimal compromise between the
number of examples added and the noise level in pseu-
do-marking. Too low values of t lead to a large number of
false examples, while too high ones reduce the effective-
ness of increasing the training set due to a limited num-
ber of confident forecasts.

Step 2. Assessment of frame value by uncertainty
After the most reliable predictions of the model are trans-
ferred to the pseudo — markup set, the next step is to evalu-
ate the value of the remaining images from the unlabelled
pool. It is necessary to select those examples that, when
labelled manually, will bring the greatest increase in ac-
curacy. The main criteria for such an assessment are the
uncertainty of the model in relation to a particular frame,
the presence of rare classes, and its diversity in the con-
text of the entire sample. To quantify the uncertainty of the
model with respect to the image , the sum of entropies is
used for all objects detected in this image. In particular, the
calculation is performed using the equation (adapted from
C.-L. Duan et al. (2024)):
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E(X)=Zhey(x)(‘2i:1Pk,bIOng,b), (2)

where y(x) — set of all provided objects (boxes) in the im-
age x obtained from the model; b - separate box, i.e., a
rectangular area that corresponds to the detected object;
p,, , — probability that box b belongs to k-th class; C - total
number of classes.

Entropy, as a measure of uncertainty, increases when
the probability distribution is “flat”, meaning that the mod-
el does not have a clear advantage in favour of any class.
Accordingly, a high value of E(x) indicates the complexity
of the image for the model and the feasibility of marking it
manually. This approach allows focusing limited resources
on those images that can significantly improve the training
of the model in the active cycle.

Definition of a candidate Image class in active learning
After estimating the overall uncertainty, it is necessary to
determine the class of objects for which the model shows
the greatest confusion in a particular image. To do this, all
the predicted objects (frames, or boxes) on the frame are
analysed, and the one in which the model has the lowest
overall confidence is selected - that is, even the highest
probability of belonging to any class is low. This allows
identifying the “weakest point” for the model in a given
image and the corresponding class as a candidate for im-
provement using manual annotation. Formally, this pro-
cess is defined as follows (proper wording):

b* = arg NN (m,gxz)k,b), (3)

where x — image being analysed; y(x) — set of all provided
objects (boxes) in the image x; b € §(x) — specific frame with-
in this image; p, , - probability that the frame b belongs to
the class k; max py, — highest probability, which reflects
the model’s confidence level in its forecast for the frame b.

Thus, b" indicates the frame for which the model is
least confident, even in terms of its strongest prediction.
Further, for this frame, the so-called candidate image class
is defined - the class that the model still considers most
likely for the frame b* (actual wording):

c(x) = arg max pyp- - 4)
k

Class c(x) is considered a representative of the cate-
gory that the model confuses most in the image x. If the
detected candidate class belongs to rare categories, the im-
age gets a higher priority for subsequent manual markup
as part of active learning. This allows effectively using a
limited annotation resource, focusing it on examples that
help to improve the accuracy of the model on rare classes.

Evaluation of the current representation of a class to
determine its rarity
The next step is to evaluate how well the candidate class is
represented c(x), which caused the most uncertainty in the
model in the current training set. To do this, the number
of available examples of this class is calculated consider-
ing both manually annotated and pseudo-labelled samples.

Evaluation is performed using the following expression
(author’s wording):

n,=1L@I+IP,I, (5)
where c(x) - class of object that the model considers most
likely in the most unreliable area of the image x; L_(x) -
subset of manually marked-up class images c(x), included
in the training set L; P, , - subset of class images c(x) that
were automatically added as pseudo-markings to the set P;
|-| — operator that defines the number of elements in a set.

This equation allows quantifying the “saturation” of
an individual class in the current data set. Low value of n_
indicates that the corresponding class is still rare, and new
examples involving it may be of high value in the context
of active selection. A high value means that the class is al-
ready sufficiently represented, and additional marking of
frames with its presence is less of a priority.

Calculation of the frequency weight for rare classes in
the sample
In order to give preference to images that contain rare
categories when ranking examples, the number of avail-
able examples of the class n_, is converted to a weighting
factor that is inversely dependent on the frequency of this
class. This weight is determined by the following equation
(author’s wording):

1
log(nepy+B)

(6)

Wex) =
where w_ - weighting factor for the class clas c(x)s, which
is used later to prioritise the frame; n_ - total number of
class images c(x) available in the training set (both manu-
ally annotated and obtained as a result of pseudo-markup),
calculated according to equation (5); 8 - positive constant
that guarantees the certainty of a logarithmic function
even when the number of examples of the class is zero; in
this paper, the value is assumed to be g=1.

This equation allows compensating for bias in favour of
frequently presented classes. Due to logarithmic smooth-
ing of values, the weighting factor w_, increases for class-
es with few examples and decreases for well-represented
classes. Thus, even on a limited budget, active training with
high priority selects those frames that can improve the ac-
curacy of the model in poorly represented categories.

Calculation of the integral value of a frame for further
example selection
To make an effective comparison between all images left
without annotations, it is proposed to combine two previ-
ously calculated characteristics — the uncertainty of the
model with respect to the image and the frequency weight
of the associated class — into a single integral indicator. This
indicator is determined by the equation (author’s wording):

P =w,, E®), )

where ¢(x) - total (integral) value of the image , which
reflects its importance for further markup; w_, - class

c(x)
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frequency weight c(x), to which the model gives the high-
est (but not yet certain enough) probability; this coefficient
is calculated by equation (6) and is higher for rare classes;
E(x) - total entropy of all detected objects in the image x,
which characterises the degree of uncertainty of the model.

This equation allows combining the semantic com-
plexity of the frame (due to entropy) with information
about the relevance of the class (due to frequency weight),
which makes it an effective criterion for selecting examples
for manual annotation. Therefore, all unmarked images are
sorted by value ¢(x), and the frames with the highest values
are selected for manual markup. This approach allows al-
locating a limited annotation budget to the most valuable
examples for training the model.

Step 3. Selection of different frames based on semantic
diversity
After each unsigned image , an integral value was assigned
¢@(x) (equation 7), it is necessary to select the frames that
will most contribute to improving the accuracy of the mod-
el. These are images that have a high potential for informa-
tion content and help to cover rare categories of objects.
Since manual markup has a limited budget, it is marked as
B (number of images that can be annotated at each itera-
tion), it is important not only to identify the most valuable
samples from the standpoint of integral metrics, but also to
ensure their diversity.

The selection process is implemented in two stages:

1. Filtering by value — all images are sorted in descend-
ing order by function value ¢(x), after which a preliminary
pool of candidates is formed, which includes B' > B exam-
ples with the highest scores. Value B’ is set empirically (for
example, within 2-3 x of B), to provide sufficient space for
the next step — diversification.

2. Ensuring diversity — to avoid excessive repetition
of similar scenes or classes among the selected samples, a
clustering mechanism is applied in the feature space. This
study utilised embeddings obtained using a pre-trained
CLIP model. Images from the previous pool are grouped
using an algorithm of k-means, and the closest represent-
ative to the centroid is selected from each cluster. This
forms the final set of B-images that will be submitted for
manual marking.

This approach allows combining information con-
tent (high values ¢(x) with a variety of samples. This is
crucial to ensure generalisability of the model and avoid
over-training it on too uniform examples. In addition, it
makes optimal use of the limited resources of human an-
notation within the active self-learning cycle.

Pre-filtering by integral value
At the first stage of selecting images for manual marking, a
preliminary cut-off of unpromising frames was performed.
This allows focusing computing resources and human at-
tention on the most informative examples and thereby in-
creasing the effectiveness of active learning. To form the
previous set of priority examples, a subset is defined S :

Sq):{xe U\P| ¢ (x) eTonn—20%}, 8)

where U — multiple of all unassigned images; P — subset
of images that are already included in the pseudo-markup
set; E(x) — total entropy of all detected objects (frames) in
the image x, which characterises the degree of uncertainty
of the model; x € U\ P — images that remain unsigned and
were not automatically annotated; ¢(x) — integral value of
the frame, calculated by equation 7; S - subset of the high-
est priority images included in the top 20% by value ¢(x).
This procedure generates many examples that are po-
tentially most useful for manual annotation, since they
combine high model uncertainty and belonging to rare
classes. This approach allows reducing computational costs
and using the annotation budget more efficiently, avoiding
the cost of insignificant snapshots. Validity of choosing a
threshold value p=20% is confirmed by the results of pre-
vious research in the field of active learning for object de-
tection tasks, in particular, in the papers Entropy +Progres-
sive Diversity (Wu et al., 2022) and SoftTeacher-AL (Xu et
al., 2021), where it is recommended to use filtering in the
range of 15-25% of the most valuable examples.
Transition to the space of semantic features.
Atthisstage,eachimagex fromtheset S is converted to
a compact numerical representation — a feature vector that
preserves the semantic content of the image. The purpose of
this transformation is to provide a space structure in which
similar frames are located close to each other, and dissimilar
frames are located at a greater distance. This allows effec-
tively applying grouping methods, in particular clustering:

ferip(x) 512
——— € R 9
[1feLip (1], ©)

z(x) =

where x - images from the set S, which is pre-selected as
a set of valuable frames (equation 8); f,, , (x) - 512-dimen-
sional feature vector obtained using a pre-trained CLIP
model (Radford et al., 2021), which displays the content of
the image; [If,,, (¥)Il, = L2-norm (Euclidean length) of the
feature vector; z(x) € R°!> — normalised vector in the 512-di-
mensional feature space, which is used as input for further
clustering, for example by the k-means method.

This mapping of semantic features into the space al-
lows each image to match a unified numerical representa-
tion, or conditionally - its “digital DNA”. This makes it
easier to analyse similarities between scenes and avoids
duplication when selecting images for manual markup. The
use of normalised vectors ensures that clustering will be
based solely on directions in the feature space, and not on
absolute values of components, which is especially impor-
tant when using cosine distance-based metrics.

K-mean clustering: Detection of typical scenes

After all selected images have been converted to nor-
malised feature vectors using the CLIP model, each image
X gets a vector representation z(x) € R>2, which is placed in
a common semantic space. In this space, scenes that are
similar in content have close coordinates. The next step is
to divide the set of these vectors into B clusters - this is ex-
actly how many examples are planned to be submitted for
manual annotation in the current active learning cycle. The
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classical algorithm is used for this purpose k-means with
improved centroid initialisation using the k-means++
method (Radford et al., 2021). Mathematically, the problem
is formulated as minimising the total square of the Euclid-
ean distance between vectors and cluster centres (adapted
from A. Radford et al. (2021)):
2

min T Ve, |l2G) ~wil| k=B, 0)
where B — number of clusters (equal to the frame budget
for markup); z(x) € R°*> — normalised feature vector ob-
tained from the clip model for the image x; C; - multiple
images assigned to j-th cluster; € R°2 — centre of j-th
cluster, calculated as the arithmetic mean of vectors in C;
1z (x) - p;1I; - square of the Euclidean distance between the
image vector and the centre of the cluster. This approach
allows creating a representative sample of frames that are
very diverse in content, which reduces redundancy and in-
creases the efficiency of manual marking.

Creating an active markup set.

After clustering semantic vectors by the k-means method,
each cluster C;where j=1,..., Brepresents a group of frames
that are similar in content. Next, an active set for manual
markup is generated: one of the most representative ex-
amples is selected from each cluster. This approach allows
ensuring maximum coverage of the content space with a
fixed budget for markup. Calculating the active sub-set Qs
performed according to the following equation:

Q= {xj*|x]-* =argmin||z(x) — ujll2.j =1, ...,B}, (11)
x€Cj

where C, - j-th cluster formed as a result of the algorithm
of k-means; all frames in the middle C, have similar seman-
tic features; p, € R>'? — centre of j-th cluster, calculated as
the average value of vectors z (x) for all x€ C; z(x) € R° -
normalised feature vector obtained from the CLIP model;
llz(x) - p;Il, - Euclidean distance between the frame fea-
ture vector x and the centre of the corresponding cluster;
arg ;rgcr]l — operator that returns the frame with the smallest
distance to the centre of the cluster, i.e., the most typical
frame within the cluster C; x;’ - frame that best represents
the cluster C; Q - subset of B images, each of which is se-
lected from a different cluster. Thus, the constructed set Q
ensures that each markup frame represents a unique type
of scene. This can significantly increase the efficiency of
spending limited human resources, reducing redundancy
and helping to speed up the process of self-learning the
model for object detection.

Step 4. Updating and retraining the model on the
combined data set
After a set of images Q marked up by experts on the previous
one, manually adds annotated data, and confident pseu-
do-markings are collected, the stage of additional configu-
ration of the model on the combined sample is performed.
This section presents three key equations that formalise
the structure of the new training set and the process of op-
timising the model weights. Updating of the manual dial:

L'v=LuQ, (12)
where L — multiple images that were previously marked
up manually; Q — multiple frames that were annotated by
experts in the current iteration; L™ — updated manually
marked-up set. Repetitions (duplicates) are automatically
deleted, so each image is presented only once.
Creation of a complete training set:
Train=[newy P, (13)
where P - set of pseudo-markings obtained on the basis
of confidence forecasts of the model with a confidence
threshold of at least 0.8; T"“" — combined training sample
that includes both human and automatically generated
markings.
Model optimisation procedure (adapted from A. Rad-
ford et al. (2021)):
¢ V=9'—nV, L(T"™"; 6),t=0,...,e~1, (14)
where 6" — model parameters at the beginning of epoch t; n —
learning rate, which gradually decreases from 0.01 to 0.001
according to the cosine attenuation graph; L (T ""; &) —
loss function that combines classification and regression
components specific to the YOLO architecture (Ali &
Zhang, 2024); e=30 — number of epochs of additional training.
After completing 30 epochs, the model updates its
scales to reflect new patterns, while maintaining previous
knowledge. If the number of active iterations T did not
reach the specified maximum, the process returns to the
beginning of the cycle, in particular, to the pseudo-mark-
ing stage, which ensures the integration of active learning
with self-learning.
Step 5. Statement of the optimisation goal of the
active cycle for rare classes
After a detailed review of the stages of pseudo-markup,
adjusted selection of examples and additional training of
the model, it is necessary to formalise the target function
of active learning and the corresponding restrictions. This
section defines what exactly needs to be optimised and
what resources contain the best strategy. The optimisation
goal is to maximise recognition accuracy for rare classes
after completing the entire sequence of active loops. For-
mally, the objective function is written as follows:

max AP.are(Mg"), (15)

where MéT) — detector with parameters 6 after completion
of T iterations of active learning; AP - mean accuracy for
rare classes only according to the LVIS v1.0 taxonomy; S —
example selection strategy that considers the uncertainty,
rarity, and variety of scenes in this case.

This goal is consistent with approaches in active learn-
ing, in particular, with the wording by B. Settles (2009),
however, with a particular focus on rare classes. The limit
on the manual markup budget is set by the inequality:
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|L| <M, +BT, (16)
where |L| - total number of examples that were marked up
manually after all cycles were completed; M, - initial set
with manual markup (so-called seed-set), usually 10% of
the full markup; B — number of images that can be signed in
one cycle; T - total number of active iterations.

Thus, this condition ensures that the total amount of
manual markup corresponds to the established budget.
Equations (15) and (16) together form an optimisation
problem with constraints: it is necessary to maximise the
accuracy gain on rare classes without exceeding the avail-
able human resource. The proposed example selection
strategy focused on rare categories (tail-aware sampling)
demonstrates an advantage over random or purely entro-
py methods.

Comparison of Tail-Aware Active Self-Training strate-
gy with other basic approaches

As part of the experimental study, the proposed Tail-Aware
Active Self-Training strategy was compared with two basic
approaches that reflect the lower and intermediate limits
of the effectiveness of active training. The first basic sce-
nario is Random, in which a fixed number of examples
B=256 are randomly selected at each iteration from a pool
of unsigned images U. This approach does not consider ei-
ther the level of uncertainty of the model or the frequency
characteristics of classes, and therefore acts as a minimal
control that allows assessing whether there is any benefit
from using active learning.

The second basic option is the Uncertainty-only
strategy, which is based on the classical entropy sorting
approach proposed by B. Settles (2009). In this case, the
images are ranked by the total entropy of the model’s pre-
dictions, and the examples that the model is most uncer-
tain about are added to the sample. However, this strategy
ignores information about the imbalance in the class rep-
resentation, which is especially important for objects that
belong to rare categories. Ultimately, TAAST combines the
entropy approach with the weight gain of rare classes (via a
multiplier w ) and a semantic diversity mechanism based
on clustering of normalised clip feature vectors. This ap-
proach helped to avoid excessive duplication of such per-
sonnel and ensured the maximum increase in information
per unit of human resource. A consistent comparison of
Random — Uncertainty-only — TAAST strategies illustrat-
ed the contribution of both the fact of active learning itself

and the additional effect of taking into account the struc-
ture of the long tail (tail-aware logic).

Performance evaluation was carried out using the ba-
sic AP_rare metric, i.e., average accuracy only for objects
with less than 10 examples in the initial training sample.
The calculation was performed by the official LVIS/COCO
API at 10 IOU (Intersection over Union) thresholds in the
range of 0.50-0.95 in 0.05 increments, which ensured com-
patibility with previous studies in the field of long-tail
detection. To ensure that the improvement in AP rare is
not accompanied by a degradation in overall accuracy, the
mAP_overall metric was additionally recorded - the aver-
age accuracy for all classes using the same protocol. La-
bel Efficiency (LE) was also evaluated — the percentage of
manual markup saved compared to the full training set (for
example, LE =42% means using only 58% of real labels to
achieve a given quality).

A complete three-cycle experiment was performed for
each strategy under study (T=3), where three fixed ini-
tial seed values were used: 21, 42, and 63. At the zero cy-
cle stage (T=0) the basic values of AP_rare and mAP were
recorded, and then after each active cycle (T=1, 2, 3) was
evaluated on a validation subset. This step-by-step assess-
ment allowed tracking the dynamics of learning and iden-
tifying at what stage the performance plateau is reached.
After the third iteration was completed, the test part was
opened once for the final measurement — this allowed ad-
justing to the test data. Average values and 95% confidence
intervals were calculated using the equation:

£+1.96 /3, 17)

where ¥ — mean metric value; ¢ — standard deviation of
three runs with different seeds.

As part of the evaluation of the effectiveness of active
learning strategies, a comparative analysis of manual labour
costs and computational time was carried out with a fixed
budget for three active cycles of 256 frames each (a total
of 768 frames on top of the initial seed set, which was 10%
of the train part of the LVIS v1.0 dataset = 10,000 images).
Table 1 shows that the proposed TAAST strategy achieved
the highest label efficiency (LE = 42%), reducing the need
for manual annotation. Specifically, it retained 9% of hu-
man effort compared to Random and Unknown-only, which
showed only 33% LE. In addition, TAAST demonstrated an
advantage over qualitative metrics (AP_rare), proving the
effectiveness of including weighting factors for rare classes
and combining pseudo-markings with semantic clustering.

Table 1. Cost analysis

Strategy Manual frames per cycle Manual frames per 3 cycles Label-efficiency
Random 256 768 33%
Uncertainty-only 256 768 33%
TAAST 256 768 42%

Source: compiled by the author based on the results of the experiment
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As can be seen from the table, the advantage of TAAST
is a combination of classified entropy, semantic cluster-
ing, and pseudo-markup, which allows not only to reduce
human effort, but also to achieve higher AP _rare accuracy
values in rare classes. Thus, the experimental results con-
firmed that TAAST provides a more economical use of the
annotation budget without compromising the quality of

the model, which is a key factor for deploying systems in
real-world conditions with limited resources. Table 2 sum-
marises the totals for all active learning strategies tested
on LVIS v1.0 and nulmages-Imbalanced datasets. Accu-
racy in rare classes (AP _rare), overall quality (mAP), hu-
man markup performance (LE), and gain after three active
learning cycles were evaluated.

Table 2. Analysis of various active learning strategies

Dataset / Method AP_rare, start AP_rare, final £ 95% CI A AP_rare mAP_overall, final Label efficiency
LVIS Random 12.6 14.6+0.32 +2.0 341 33%
LVIS Uncertainty 12.6 17.6+0.25 +5.0 35.4 33%
LVIS TAAST 12.6 18.9+0.20 +6.3 36.0 42%
nulmages Random 21.3 23.2+0.34 +1.9 41.6 34%
nulmages Uncertainty 21.3 26.3+0.29 +5.0 42.8 34%
nulmages TAAST 21.3 27.7+0.25 +6.4 43.2 43%

Source: compiled by the author based on the results of the experiment

The results show a clear advantage of the TAAST strat-
egy in all aspects considered. The increase in the AP_rare
metric on both datasets was more than + 6 percentage
points, exceeding the “net” uncertainty by about + 1.3 per-
centage points. This confirms the effectiveness of combin-
ing entropy selection with logarithmically weighted selec-
tion of rare classes. The overall mAP has also grown, which
means that there is no degradation in common classes.
In addition, Label Efficiency exceeded 42-43%, which
indicates a significant reduction in the need for manu-
al markup. Since the 95% confidence intervals between
TAAST and Uncertainty-only do not overlap, the difference
is statistically significant.

The results obtained confirmed the effectiveness
of the TAAST strategy in the context of long-tail active
self-learning tasks. Compared to classic uncertainty-based
selection scenarios (Settles, 2009), TAAST provides a sig-
nificantly higher increase in accuracy in rare categories
(AP_rare), while maintaining or even improving the over-
all mAP. This indicates an effective integration of pseu-
do-labels and frequency weighting and an analysed reduc-
tion in the need for manual marking. The current results
are consistent with the findings by K. Sohn et al. (2020),
which showed that high-quality pseudomarking com-
bined with self-learning can be effective, although they
did not consider the class imbalance. TAAST extends this
idea by adding adaptive weighting over the frequency of
classification categories.

In addition, the results are consistent with a number of
new approaches in long-tail detection and active learning.
In particular, the Plug-and-Play Active Learning (PPAL)
method (Yang et al., 2024) implements a two-step sam-
pling scheme focused on sample diversity, which is easi-
ly integrated into standard detection pipelines without
significant architectural changes and provides stable AP
growth with minimal overhead. In the field of 3D detection,
the Rare Example Mining (REM) approach, proposed by

C.M. Jiang et al. (2022), addresses the intra-class long tail
by purposefully selecting rare examples: the combination
of data-centric and model-centric steps allows achieving
performance close to fully marked models, with signifi-
cantly less manual labels. The long-tail problem in un-
manned driving is systematically formalised by the LT3D
method presented by N. Peri et al. (2023): hierarchical loss
and multimodal RGB + LiDAR Fusion have been shown to
significantly improve the accuracy of rare classes (such as
“stroller”) by better distinguishing small objects. Ultimate-
ly, in the broader context of the open long tail of OLTR++,
Z.Liu et al. (2022) proposed an integrated framework with
dynamic meta-embedding and modular active learning
that simultaneously covers the imbalance, few-shot, and
open-set aspects — the results were confirmed on large Im-
ageNet, Places, and MS1M sets.

Thus, the experimental results demonstrate that the
TAAST strategy can combine the benefits of active and
self-learning approaches in a single cycle. It allows signifi-
cantly reducing the number of frames that require manual
annotation, while not losing the overall accuracy of the
model. It is important to note that the integration of fre-
quency weighting directly affects the balance of the distri-
bution of selected examples, which is crucial for improv-
ing rare classes. This suggests that not only architectural
solutions, but also the process of forming a training set
itself can become a key factor in improving the efficien-
cy of object detection systems. Overall, the study not only
confirmed the effectiveness of active learning as a concept,
but also showed that the consideration of class frequency
and semantic diversity allows for a much better balance
between model quality and annotation costs. Thus, the
proposed approach solves one of the key problems of ac-
tive learning — the preference for frequent classes in the
selection process — and offers a practical solution for prob-
lems with an imbalanced distribution that often occur in
real-world conditions.

Information Technologies and Computer Engineering, 2025, 22(3) 61



Active self-learning for object detection...

Conclusions

The proposed Tail-Aware Active Self-Training method
confirmed the effectiveness of targeted and informative
sampling in active self-learning tasks. Unlike classical
strategies that focus only on entropy or randomness of
choice, TAAST combines a rarity weighting factor in com-
bination with an entropy estimation of model uncertainty,
which allows prioritising frames with underrepresented
classes. This approach provided an increase in average
accuracy for rare objects by 6.3-6.4 percentage points,
exceeding the results of both random and entropy active
learning strategies. Using the 0.8 threshold for pseu-
do-marking helped to automatically include up to 50%
of objects in the training set without the need for manual
marking, which resulted in human resource savings of up
to 43%. However, the quality of the model did not deteri-
orate, but on the contrary — it increased both at the level
of rare classes and at the level of the overall average indi-
cator. A key role in achieving high efficiency was played
by the use of the CLIP model, which allows evaluating the
semantic similarity of images without additional training,
and clustering by the k-means method, which provided
grouping scenes in seconds. This allowed avoiding dupli-
cation of frames and guarantee maximum diversity in the
sample. It was shown that the model reaches a plateau of
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AKTMBHEe COMOHABYAHHA ANs AeTeKLii 06'eKTiB
B YMOBAX gucé6anaHcoBaHux paHmx: nigxip TAAST
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AHoTaU,id. Y KOHTEKCT mefasti mmpIioro po3BUTKY Ta 3aCTOCYBaHHsI KOMIT FOTEPHOTO 30y 3pOCTa€ Morpeda y sSMeHIIeHH]
BUTPAT HA PYYHY PO3MITKY JaHMX, 0COOIMBO B 3a,aUax BUSIBIEHHS PiIKiCHMX 00’€KTIB 32 yMOB IOBIOXBOCTOTO PO3IOZITY
KiaaciB. MeTow JoOCTigKeHHS Oylno MifgBuineHHs eeKTMBHOCTI BU3HAUEHHSI PiIKiCHMX KarTeropiit 3006paskeHb uepe3
BIIOCKOHAJIEHHS CTpaTeTii aKTMBHOIO caMOHaBUYaHHS. Y poboTi 3acTocoBaHo miaxin Tail-Aware Active Self-Training, mo
6a3yeThCs HA CTpaTeriuHoOMY Bifi6opi KaIpiB 3 ypaxyBaHHSIM €HTPOITii HeBIIEBHEHOCTI, PiZIKiCHOCTI K/1acy Ta CEMaHTUYHOTO
pisHOMaHITTS B mpocTopi o3Hak Mmopesni Contrastive Language-Image Pretraining, 3 nopanbliyM BMKOPUCTaHHSIM
TICeBAOPO3MITKM 3a JomoMoroio netektopa You Only Look Once, Bepcist 8. V pe3ynbTaTi eKcliepuMeHTiB Ha Habopax
maHux Large Vocabulary Instance Segmentation, Bepcis 1.0 Ta nulmages-imbalanced 3arnporoHoBaHa cTpaTeris
3abe3mneunsia mpupict TouyHocTi AP_rare Ha 6,3-6,4 BiICOTKOBUX ITyHKTIB Y TTOPiBHAHHI 3 6a30BuMM Mmigxogamu Random
ta Uncertainty Sampling. 3arajgbHa TOUHICTh MO/ MPU IIbOMY He 3HU3UJIACh, a 3pociia 10 36,0-43,2 % mAP 3a1exHO
Big maTacety. [TokasHMK e(eKTUBHOCTI PO3MITKM TOCSITHYB 42-43 %, 1110 Ha 9-10 MyHKTiB BMIIle 32 KOHKYPEHTHi cTpaTerii.
PesynbTaTy eKCIIePUMEHTY € CTaTUCTUYHO AOCTOBIPHMMM, OCKIJIbKY iHTEPBaIM JOBipM [ MeTPUKM TOYHOCTI AP_rare
y pasi 3actocyBaHHs1 MeToany Tail-Aware Active Self-Training He mepeTHHAIOTHCS 3 iHTEepBanamu Ajs1 6a30BUX CTpaTeriit
Random i Uncertainty-only. Lle cBiZumMTh mpo Te, L0 MepeBara IaHOTO MeTOLYy He € BUIIAJKOBOIO, a MiJTBepiskeHa 3
BMCOKOIO IMOBipHicTI0. OTXXe, OTpMMAaHi pe3yabTaTy MPOLeMOHCTPYBaIM HALiliHICTh i CTabGiIbHICTh 3aMIPOIIOHOBAHOTO
MigXOAy: BXe Micas ABOX aKTMBHMX iTepaliii Monenb [ocsra IUIaTO MPOAYKTMBHOCTI, IO [O3BOJIMJIO CYTTEBO
3MEHLIUTY 00YMCTIOBANbHI BUTPATH. [IpakTMYHA I[iHHICTh POOOTHM IOJSATAE Y CTBOPEHHI e()eKTUBHOTO iHCTPYMEHTY AJIsI
aBTOMAaTM30BAaHOTO PO3TOPTAHHS MOJesiel KOMIT IOTEPHOTO 30py B yMOBax 0OMeskeHOro 6I0/KeTy Ha PO3MITKY

KniouoBi cnoBa: mainMHHe HaBYaHHS, CeMaHTMYHA KJIACTepM3allis; ICeBOOAHOTallis; BMUOIpKa 3a EHTPOIE;
6aaHCYBaHHS KJIaciB; KOMITIOTepHMI 3ip; oNTUMIi3allisi po3MiTKK
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