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Abstract— Mobile ML systems heavily rely on high-quality well-
labeled data to make accurate predictions. However, labeling data in
mobile environments has its own set of challenges, including
heterogeneity of data, real-time constraints, and limited resources.
This paper presents robust data labeling methods in particular for
mobile ML system development, focused on crowdsourcing, semi-
supervised labeling, and active learning. We consider crowdsourcing
to be an economically viable solution for data labeling but also discuss
label quality and label accuracy problems. Semi-supervised learning
and active learning are presented as effective methods to minimize
the need for large, labeled training sets without sacrificing model
performance. We also briefly mention techniques to ensure label
quality, avoid bias, and maintain efficiency in the context of mobile
resource constraint. The work highlights prominent problems such as
data privacy, cost, scalability, and bias within labeled sets of data, as
well as promising directions such as hybrid labeling solutions and
coordination with edge computing and IoT devices. Our research is
aimed to present a thorough snapshot of reliable labeling methods
which play a central role in developing and thriving mobile ML
applications.
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crowdsourcing, semi-supervised labeling, active learning, quality
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I. INTRODUCTION

Data labeling is a critical process in the development of machine
learning (ML) systems, and its significance is more critical in
mobile ML applications. Mobile systems make real-time
predictions on the basis of machine learning models, perform
activities such as image recognition, prediction of user behavior,
and health monitoring, and offer personalized experiences based
on real-time data streams. Their success, however, is heavily
dependent on the quality of the labeled data used to train the
models they are based on. Ensuring that data is properly labeled,
representative, and unbiased is critical to such systems'
performance and credibility. Mobile apps, above all others, face
unique challenges related to resource constraints, processing
power, and the need to have models refreshed in real-time by
themselves without the need for servers.[1]

One of the major issues in mobile machine learning development
is generating high-quality labeled data at scale. Traditional data
labeling techniques, done on a regular basis manually or in closed
environments, are time-consuming and very expensive. Also,
human error and individual biases may do damage to the labeling
process and produce inconsistency, thereby compromising model
performance. For mobile contexts, the issue is worsened in that
data will typically be dynamic, noisy, and streaming continually
from inputs like user inputs, location, or sensor values. Therefore,
we require scalable and resilient data labeling techniques that meet
the special requirements of mobile environments, including
resource limitation and real-time learning requirements.[1]

Here, we aim to present solutions for these problems by presenting
discussions on several approaches to enable trustworthy data
labeling for mobile machine learning environments. We will take
crowd-sourcing to be one method of achieving large amounts of
labeled data at high rates with the work of distributed people.
Semi-supervised labeling techniques will be referred to as a way
of best utilizing both labeled and unlabeled data, significant where
the acquisition of labeled data is costly or time-intensive. Active
learning, with a focus on labeling the most valuable data points,
will also be covered as a method of maximizing labeling efforts in
mobile apps. Beyond these methods, we will discuss key quality
control processes and bias reduction techniques, both of which are
necessary to ensure the accuracy and fairness of mobile machine
learning models.

By focusing on these sound data labeling methods, this paper seeks
to provide a comprehensive report of the methods and approaches
that go into building resilient mobile machine learning systems.
The objective is to build systems that not only learn well from data
but also provide consistent, unbiased results in limited and
dynamic settings.[2]

II. MOBILE MACHINE LEARNING SYSTEMS: AN OVERVIEW

It is not easy to implement machine learning on mobile phones
relative to implementing ML on desktop or server-based
environments. Mobile phones tend to be resource-constrained with
minimal processing power, memory, and battery life. Platforms
typically have to handle real-time streams of never-ending data
flow, e.g., user interactions, sensor outputs, or geolocation, that
place extremely hard constraints on both the ML and on the
platform. Mobile applications also necessitate quick and
frequently on-device computation in a quest to offer delay less
experiences for users, which again put highly premium on thin
models as well as low-latency computation. Availability and
quality of the data are a few of the inherent challenges experienced
by mobile ML systems.

Mobile phones produce huge amounts of data from multiple
sources, such as sensors (e.g., accelerometer, GPS), user activities
(e.g., app usage history), and external sources (e.g., environment
or notification). Much of the data is noisy, unstructured, and
dynamic, so it is not easy to directly apply traditional machine
learning algorithms. Specifically, obtaining good-quality labeled
data, which is the basis of training ML models, is a great challenge.
In contrast to data for traditional machine learning tasks, which is
available and structured, mobile applications typically do not have
available, structured data, and even human annotation may be
impossible due to the vast quantity of data and ongoing creation of
new data. Labeled data is essential to mobile machine learning
systems.

Labeled data is the basis of supervised learning, upon which most
mobile apps like image recognition, speech processing, and
recommendations are based. Stable labeled datasets allow models

© 2025, IJSREM | www.ijsrem.com

DOI: 10.55041/IJSREM51705 |

Page 1


http://www.ijsrem.com/

W VOLUME: 09 ISSUE: 08 | AUG - 2025

INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH IN ENGINEERING AND MANAGEMENT (IJSREM)

SJIF RATING: 8.586 ISSN: 2582-3930

to generalize and perform well, enhance prediction quality, and
learn to accommodate user behavior or changes in the
environment. It is difficult to have stable and diverse labeled data
in mobile scenarios due to numerous reasons. First, mobile data is
context-aware, i.e., the same input can be labeled differently based
on user interaction, location, or time. Context-awareness makes
labeling difficult. Second, it is expensive to get labeled data at
scale through human annotation or automation, and mistakes in the
process of labeling can result in biased or inaccurate models. In
addition, mobile ML systems are also required to be periodically
updated so as to integrate current user interests or ambient settings.

Such a dynamic character of mobile data streams and resource
limitations render retraining models from scratch repeatedly
impossible. Therefore, methods that efficiently label data and
continuously add new information to models without
overwhelming the device's computational resources are needed. In
such environments, robust data labeling techniques, such as
crowd-sourcing, semi-supervised learning, and active learning, are
crucial to guarantee the quality and performance of mobile ML
systems. [3]
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Fig. 1. Machine Learning Techniques for Information Classification in Mobile
Applications

III. CROWD-SOURCING FOR DATA LABELING

A.  Definition and Process:

Crowd-sourcing is a commonly used process of data labeling,
where the process of annotating or labeling large amounts of data
is outsourced to a large number of non-specialist contributors,
usually through the web interface. During this exercise, people
from any background are invited to label or mark some points of
data, e.g., images, text, or sensor readings, to train machine learning
algorithms. It is useful for creating labeled sets in large quantities
in a situation where professional or expert labelers are not available
or unaffordable. Crowd-sourcing is the facilitation of a substantial
quantity of tagged data cheaply and speedily by capitalizing on
numerous participants' powers being united together. It's highly
popular with the majority of diverse applications that comprise
image recognition, natural language understanding, as well as
device-side applications whereby the data sources vary in their
characteristics and are utilized by final-users. [3]

B.  Disadvantages of Crowd-Sourcing

Despite crowd-sourcing being very efficient for generating large-
scale labeled datasets, the process has several limitations which
could impact the quality of data and the cost-effectiveness of the
process. The largest issue is accuracy of labels: the non-expert
contributors may lack the necessary expertise to label correctly,
thereby producing noisy or inconsistent labels. Another issue is
contributor motivation. Workers on crowd-sourcing sites are
usually motivated by money, but that doesn't necessarily mean
keeping them or motivating them to do good work. Workers may

rush through projects to get the most money, further decreasing
label quality. Cost management is also a key factor in big crowd-
sourcing projects. A trade-off between the expense of paying
contributors and gathering enough labeled data to train effective
models must be achieved and needs careful planning and
budgeting.[3]

C.  Quality Control in Crowd-Sourcing:

To cope with these challenges and provide high-quality labeled
data, a variety of quality control measures have been instituted. A
popular approach is majority voting, where one instance is
annotated by many contributors and the most frequently occurring
decision is accepted as the right label. It minimizes single errors but
is expensive to perform repeatedly on huge datasets. Gold standard
tasks are pre-tagged tasks whose solutions are already known and
serve as benchmarks for determining the reliability and quality of
contributors. Contributors who consistently perform subpar on gold
standard tasks can be eliminated from the labeling pool. Another
method is contributor reliability scoring, with the contributors
being scored themselves in terms of contribution accuracy and
consistency.[3] Higher-scoring contributors receive more tasks,
while lower-scoring contributors are eliminated or targeted for
additional training. These approaches keep crowd-sourced
information accurate, consistent, and credible for mobile machine
learning systems.[4]

Fig. 2. CrowdSourcing Data Labeling Model Considerations

IV. SEMI-SUPERVISED LABELING

A.  Introduction to Semi-Supervised Learning:

Semi-supervised learning is a technique that tries to do the best with
a small amount of labeled data by adding an abundance of
unlabeled data. In mobile machine learning, where it's sometimes
difficult to get labeled data, semi-supervised learning is a good way
to improve model performance without much labeling effort. The
concept here is that while labeled data is employed to dictate the
process of learning, the vast majority of unlabeled data can be
employed to bring additional structure and information that the
model can learn from. This means one gets to develop more precise
models through fewer instances of labeled data, and hence it is ideal
for mobile applications where the use of labeled data could be
costly or hard to achieve.

B.  Semi-Supervised Labeling Techniques:

There are certain methods that are used most frequently in semi-
supervised labeling. Another popular method is self-training, where
the model is trained on the small labeled set initially and then uses
its predictions on the unsupervised set to retrain itself iteratively.
While trustworthy in some applications, self-training can be
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susceptible to confirmation bias if the initial model predictions are
not trustworthy. Co-training is yet another technique where two or
more models are trained on independent aspects of the data and
each model labels new instances based on the prediction of the
other. The technique is effective where there exist independent
multiple views of the same data, e.g., mobile app user behavior and
location data. Graph-based methods exploit the relationship among
the data points in propagating the labels from the labeled to the
unlabeled data points. The method is efficient where the data
structure is evident, i.e., social network links or geographic data,
which can be used to increase the precision of labeling in mobile
scenarios.[5]

C. Strengths & Weaknesses:

Semi-supervised labeling enjoys several advantages, most
prominently the reduction of labeling costs associated with manual
data labeling. By annotating a big dataset using a small one, semi-
supervised techniques are able to considerably decrease the labor
involved, hence making it ideal for mobile apps with real-time
model updates or periodic data labeling. Semi-supervised learning
may also improve the performance of models by leveraging the
structure in the unlabeled data that is difficult to distinguish from
the labeled one.

However, there are specific limitations to this approach. One such
significant challenge is that the model's predictions on the
unlabeled set must be accurate enough to be valuable for retraining.
The model can end up with poor performance or out-of-sync
models if mistakes are permitted to carry forward through the
model early on during learning. Furthermore, not all mobile
applications generate sufficient structured data to benefit from
semi-supervised approaches, and some tasks would require fully
labeled data in order to offer adequate levels of accuracy. Despite
these challenges, semi-supervised learning is a valuable commodity
in the quest to reduce labeling costs and improve model
performance across mobile machine learning systems.[6]

V. ACTIVE LEARNING FOR EFFICIENT LABELING

Active learning is a special type of machine learning in which the
model actually asks an oracle (usually human expert or annotator)
for labels, but only for the most uncertain or information instances.
The model does not label a full set of instances; rather, it determines
data instances it's least confident about and thus produces labeled
data set it needs much less of in terms of its accuracy gains. The
process includes training a model on a small, originally labeled set
and utilizing that model to make predictions on the remaining data
set. The most uncertain predictions, using rules such as high
entropy or multi-representation types, are directed towards an
expert to have labeled by humans. This is repeated so the model can
learn progressively better by isolating the most perplexing or
troublesome data points.

A.  Active Learning in Mobile ML

Active learning is highly applicable in mobile machine learning as
it reduces the amount of required labeled data, which is most often
costly and hard to gather for mobile situations.

By prioritizing most of the uncertain or most pertinent data points,
mobile ML applications are able to get high accuracy with less
labeling, hence reducing the computational and storage demands on
mobile devices. Active learning is also ideal for mobile settings
where low latency and real-time processing are important. For

instance, mobile sensors that take sensor readings can apply active
learning to get human judgments on borderline cases and
automatically label and process the rest of the data. Not only does
this save computation but also improves the performance of models
in real-time and dynamic scenarios.

B.  Active Learning Techniques

Different techniques are typically used to control the active learning
process. Mostly, uncertainty sampling is utilized, where the model
queries the samples for which it is least sure—usually those with
the highest entropy or lowest confidence of prediction. Another
technique is query-by-committee, where more than one model of
varying architecture or training experience are employed to query
samples on which they disagree, so that the most informative data
points are labeled. Diversity-based sampling makes the points that
will be labeled diversified according to their characteristics and
avoid allowing the model to get skewed towards one end of the
dataset. Such approaches make the process of labeling economical
while yielding high return on investment in model quality. [7]

06600
[ 5 e BE 3 =% |
6800000

Active
learning
foop

Fig. 3. Active Learning

VI. QUALITY CONTROL AND BIAS MITIGATION

Keeping the quality of labeled data up to par is critical for any
machine learning system to function properly, and various
methods are used for this in crowd-sourced and semi-supervised
labeling settings. Redundancy is one of the methods used most
often, wherein more than one annotator is asked to label the same
points and the resultant label is calculated using methods such as
majority voting. This is utilized for eliminating single error or bias
of non-expert workers. Consent annotations maintain some degree
of uniformity across annotators by quantifying inter-annotator
agreement measures like Cohen's Kappa. Automation of quality
controls could also be implemented to identify contradictions or
outliers from the labeled information to maintain aggregate data
quality undeterred even for massive crowdsourcing projects.

A.  Bias Mitigation in Labeling

Bias in labeled data will result in biased or unjust model
predictions, so it is a vital part of labeling to decrease bias.
Diversity sampling is an effective way of doing so, where
information are gathered from a wide range of sources and
situations to guarantee that the labeled set of information includes
as wide a range of real-world situations. Fairness audits can be
done by checking the data for bias, for instance, overrepresentation
of particular demographics or geographies, and making sure
labelers are made aware of such biases. Training labelers in the
identification and elimination of bias also safeguards labeled data
from passing on injustice to the machine learning system.
Incorporating human bias detection tools into the labeling process
is also utilized to detect potential issues prior to using the data to
train.
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The following case studies depict some successful examples of
how quality control and bias elimination are best implemented for
mobile ML labeling projects:

For instance, crowd-sourced annotation was applied to annotate
sensor data in a mobile health app, and good quality control
methods such as gold standard tasks and contributor reliability
scores were employed to achieve high-quality labels.

Yet another example was a mobile navigation system where active
learning was blended with bias mitigation methods like diverse
sampling in a way that minimized the model's dependence on
training data from cities such that the model generalized well to
rural and urban environments. These examples indicate the
efficacy of quality control and bias mitigation to increase the
reliability and fairness of mobile ML systems. [8]

VII. CHALLENGES AND LIMITATIONS

A.  Cost of Data Labeling:

Although crowd-sourcing, active learning, and semi-supervised
learning techniques provide cheaper substitutes for the
conventional data labelling, large-scale labelling is still quite costly.
Crowd-sourcing, for example, actually involves sensitive
adjustments balancing incentive to contributors with the necessity
of having enough labelled samples. Active learning, while effective
at limiting the number of labelled samples, is still in need of human
interaction to label the most doubtful samples, and this can be costly
when dealing with expert annotators. Semi-supervised methods
minimize the use of labelled data but can be computationally
expensive to process vast amounts of unlabelled data.[9]

B.  Scalability:

Scaling such approaches to large numbers of datasets and mobile
apps is a significant challenge. For example, although crowd-
sourcing is suitable for certain applications, it is much more
difficult to handle as the size of data or labeling problem complexity
grows. Likewise, active learning approaches that work well in
small-scale settings may not work as well when handling large-
scale real-time mobile streams. Also, making sure these approaches
are functional across different industries, including health care,
navigation, or cellular gaming, contributes to the scalability
complexity.[10]

C.  Providing Consistency and Accuracy:

Persistent and reliable labeling across various labeling methods,
participants, and sources of information is a persistent issue. In
crowdsourcing, for instance, label quality highly depends on the
skill or amount of motivation of the participant, and consistency
consequently cannot be ensured with ease. Semi-supervised and
active learning approaches are similarly dependent upon the
original labeled information, and there will be transfer of errors of
this information, resulting in final accuracy being impaired. To
counter these drawbacks, ensuring all users use identical principles
of marking, having tough standards of quality management, and the
use of computerized verifications can eliminate many of the risks,
though even complete uniformity is unfeasible in actuality.[9]

VIII. CONCLUSION

We have here elaborated some of the data labeling methods
required in building mobile machine learning (ML) systems such

as crowdsourcing, semi-supervised learning, and active learning.
Crowd-sourcing facilitates effective gathering of labeled data from
massive crowds but is plagued by label quality and cost control
problems. Semi-supervised learning is more scalable as it uses
small amounts of labeled data and large amounts of unlabeled data,
which can greatly reduce the labeling cost. Active learning
optimizes the labeling, though, by only labeling the most uncertain
or information points so that the amount of the labeled data is
maintained at a minimum, but model performance is guaranteed.
These methods, coupled with sound quality control and bias
reduction strategies, are the secret to effective and reliable mobile
ML systems.

These approaches impose heavily on mobile ML systems. By
managing critical factors such as computational resources, real-
time processing, and available data, such approaches of labeling
allow more efficient and effective models to be created. Bias
reduction and quality testing contribute to such systems' fairness
and efficiency, generating stable and strong labeled data for
utilization across a wide range of mobile uses.

It cannot be overemphasized in the coming years as far as the need
for ongoing research in this area is concerned. The more
widespread mobile devices become in our daily lives, the more
critical the need will be for accurate, equitable, and scalable data
annotation techniques. Continued research will have to continue to
simplify these processes, reduce them in cost, and come up with
new strategies to address new problems that arise, such as real-
time labeling for dynamic data sets and mitigating bias for
advanced mobile applications.
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