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Abstract—Edge AI systems increasingly rely on federated learning to train
perception models in distributed, privacy-preserving, and resource-constrained
environments. Yet, before training begins, practitioners often lack practical tools
to estimate how difficult a federated learning task will be in terms of achievable
accuracy and communication cost. This paper presents a classifier-agnostic,
pre-deployment framework for estimating learning complexity in federated
perception systems by jointly modeling intrinsic properties of the data and
characteristics of the distributed environment. The proposed complexity metric
integrates dataset attributes such as dimensionality, sparsity, and heterogeneity
with factors related to the composition of participating clients. Using federated
learning as a representative distributed training setting, we examine how
learning difficulty varies across different federated configurations. Experiments
on multiple variants of the MNIST dataset show that the proposed metric strongly
correlates with federated learning performance and the communication effort
required to reach fixed accuracy targets. These findings suggest that complexity
estimation can serve as a practical diagnostic tool for resource planning, dataset
assessment, and feasibility evaluation in edge-deployed perception systems.

Introduction
Deploying perception models in edge environments
introduces challenges that extend beyond model ac-
curacy alone. Practical deployments must account for
communication limitations, constrained computation,
and fragmented data ownership, particularly when
training data cannot be centralized. Distributed training
paradigms have therefore become central to modern
Edge AI systems, motivating the need for tools that
help practitioners reason about training feasibility and
cost before large-scale learning is attempted.

Federated learning (FL) has emerged as a
widely adopted framework for distributed and privacy-
preserving model training, especially in perception ap-
plications [1]. While a substantial body of research has
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focused on improving federated optimization strategies
and convergence behavior [2], [3], considerably less
attention has been paid to understanding why certain
federated learning tasks are inherently more difficult
than others. In practice, federated tasks trained using
identical models and algorithms can exhibit markedly
different convergence rates, communication costs, and
final accuracy, differences that are often discovered
only after training has already begun.

A key factor underlying this variability is the intrinsic
structure of the data and the characteristics of the
distributed environment. Prior work has shown that
properties such as dimensionality, sparsity, and het-
erogeneity play a critical role in determining learning
difficulty in perception domains [4], [5], [6]. However,
most existing approaches assess complexity from the
perspective of a single dataset or a centralized learning
agent. Extending such analysis to distributed environ-
ments remains challenging, as complexity in these
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settings depends not only on local data properties
but also on how data are partitioned across multiple
entities.

In this work, we adopt a measurement-oriented per-
spective and address the problem of pre-deployment
complexity estimation for federated perception sys-
tems. Rather than proposing a new learning algorithm
or federated optimization policy, our objective is to
quantify how difficult a federated learning task is likely
to be based solely on intrinsic data properties and
distributed environment characteristics. This diagnostic
view complements existing work on federated opti-
mization by providing insight into task difficulty prior
to training.

We propose a classifier-agnostic complexity es-
timation framework that captures three intrinsic at-
tributes of perception data—dimensionality, sparsity,
and heterogeneity—and integrates them with proper-
ties of the federated environment, such as the num-
ber and composition of participating clients. Federated
learning is used as a representative distributed training
paradigm, enabling the analysis of different federated
configurations without modifying the underlying learn-
ing process. The resulting complexity metric allows
different federated learning paths to be compared
based on expected difficulty rather than observed per-
formance.

To study the relationship between the proposed
complexity metric and federated learning behavior, we
conduct controlled experiments on multiple variants
of the MNIST dataset in distributed settings. These
experiments are designed to isolate complexity effects
and examine how intrinsic and distributed complexity
relate to federated accuracy and communication effort.
The results demonstrate strong correlation between
the proposed metric and both performance and training
cost, suggesting that complexity estimation can serve
as a practical diagnostic tool for edge-deployed per-
ception systems.

Contributions
The main contributions of this work are as follows:

• We introduce an application-independent frame-
work for estimating intrinsic complexity in per-
ception datasets, based on dimensionality, spar-
sity, and heterogeneity, without reliance on clas-
sifier performance.

• We propose a unified complexity metric for feder-
ated learning environments that integrates intrin-
sic data properties with distributed environment
characteristics, enabling comparison of feder-
ated training configurations.

• We empirically evaluate the proposed metric
on multiple MNIST variants in distributed set-
tings and demonstrate strong correlation with
federated learning accuracy and communication
effort.

Background and Related Work

Complexity Estimation in Perception
Domains
Estimating the complexity of perception datasets and
learning tasks has been studied from several perspec-
tives, including information theory, uncertainty estima-
tion [7], [8], [9], and dataset organization. Prior work
has shown that intrinsic properties such as dimension-
ality, sparsity, and heterogeneity play an important role
in determining learning difficulty in perception tasks.

Pereyda et al. [5] proposed a theoretical frame-
work for measuring domain complexity and evaluated
it using approximations derived from neural network
models. Krusinga et al. [6] investigated dataset com-
plexity by estimating probability densities of image
distributions using generative adversarial networks, en-
abling the detection of outliers and domain shifts at
the cost of significant computational overhead. Schei-
degger et al. [4] examined classification difficulty us-
ing clustering-based metrics and lightweight neural
probes, demonstrating that simple models can approx-
imate dataset difficulty efficiently.

While these approaches provide valuable insight
into dataset complexity, they are typically developed
for centralized settings and often rely on classifier be-
havior or learned representations. In contrast, our work
focuses on estimating intrinsic complexity directly from
data properties and extends the analysis to distributed
environments where data are partitioned across multi-
ple entities.

Distributed and Federated Learning Context
Federated learning has emerged as a widely adopted
framework for distributed and privacy-preserving model
training [2]. A substantial body of research has fo-
cused on improving federated optimization and conver-
gence behavior through methods such as FedAvg [2],
FedAdaGrad [3] and FedYogi [3]. These approaches
aim to improve training efficiency and robustness un-
der heterogeneous data distributions and system con-
straints.

However, existing federated learning methods pri-
marily address how to train a model efficiently given
a fixed task and dataset distribution. They do not
explicitly estimate the intrinsic difficulty of a federated
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learning task prior to training, nor do they model how
data complexity and distributed environment charac-
teristics jointly influence learning difficulty. As a result,
task feasibility and communication cost are typically
discovered only after training is underway.

Positioning of This Work
This work complements existing research by introduc-
ing a classifier-agnostic, measurement-oriented frame-
work for estimating learning complexity in federated
perception systems. By integrating intrinsic dataset
properties with distributed environment characteristics,
the proposed approach provides a pre-deployment di-
agnostic for assessing task difficulty. Federated learn-
ing is used as a representative distributed training
setting, and the proposed metric does not modify or
optimize federated learning algorithms. Instead, it aims
to support feasibility assessment and resource-aware
planning prior to training.

Complexity Estimation Framework

Overview
This section introduces the proposed complexity es-
timation framework for federated perception systems.
The objective of the framework is to provide a pre-
deployment, classifier-agnostic diagnostic for estimat-
ing how difficult a federated learning task is likely
to be, based solely on intrinsic data properties and
characteristics of the distributed training environment.

The framework decomposes learning difficulty into
two complementary components. The first component
captures the intrinsic complexity of the data, reflecting
structural properties of the perception domain that in-
fluence learnability regardless of model architecture or
optimization strategy. The second component captures
the complexity introduced by distribution, reflecting
how data are partitioned across multiple entities in a
federated learning environment.

Intrinsic data complexity is characterized using
three properties that have been shown to play a critical
role in perception tasks: dimensionality, sparsity, and
heterogeneity. Dimensionality captures the size and
structure of the feature space, sparsity reflects redun-
dancy and effective degrees of freedom in the data
representation, and heterogeneity captures variability
and diversity in the data distribution. These properties
are computed directly from the data without reference
to classifier performance or training dynamics.

Distributed complexity is modeled using federated
learning as a representative training paradigm. Feder-
ated learning provides a concrete setting in which data

are distributed across multiple participating entities,
and learning proceeds through iterative communication
rounds. Rather than modifying or optimizing the feder-
ated learning process, we use this setting to analyze
how different federated configurations influence overall
learning difficulty when combined with intrinsic data
complexity.

The overall complexity of a federated learning task
is expressed as a composite metric that integrates
intrinsic data complexity with distributed environment
characteristics. This formulation enables different fed-
erated training configurations to be compared in terms
of expected difficulty, accuracy trends, and commu-
nication effort, without requiring model training to be
executed in advance.

Figure 1 illustrates how different subsets of par-
ticipating clients across communication rounds give
rise to multiple federated learning paths, motivating the
need to characterize task difficulty at the level of feder-
ated configurations rather than individual datasets. In
the subsequent subsections, we formalize the intrinsic
data complexity measures and define how they are
integrated with federated environment characteristics
to obtain the proposed federated complexity metric.

Intrinsic Perception Domain Complexity
Intrinsic complexity refers to properties of the data
distribution itself that influence learning difficulty, inde-
pendent of any specific model architecture, training al-
gorithm, or optimization procedure. In perception tasks,
these properties arise from the structure, variability,
and organization of the data and can be assessed
prior to training. In this work, intrinsic complexity is
characterized along three complementary dimensions:
dimensionality, sparsity, and heterogeneity.

Dimensionality Dimensionality captures the size and
structure of the feature space that a learning system
must represent. From a classifier-agnostic perspective,
an upper bound on the dimensional complexity of a
perception dataset can be defined using two factors:
the number of samples and the number of features.

Let Ns denote the number of samples and Nd

the number of feature dimensions. For supervised
datasets, the number of output classes NC is also in-
cluded. An upper bound on environment dimensionality
is given by

ECupper = Ns × Nd + NC . (1)

This upper bound reflects the maximum represen-
tational space implied by the dataset, regardless of
the learning model. To refine this estimate, features
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FIGURE 1. Illustration of federated learning paths across communication rounds. Each node represents an intermediate training
state obtained from a subset of participating clients. Different paths correspond to distinct federated configurations, each
associated with potentially different learning difficulty.

with zero variance across the dataset are removed,
as they do not contribute to data variability. Let N r

d

denote the reduced number of features after removing
zero-variance dimensions. The refined upper bound
becomes

ECupper = Ns × N r
d + NC . (2)

While upper-bound dimensionality reflects worst-
case representational requirements, real-world percep-
tion data often lie on lower-dimensional manifolds. To
capture this structure, we estimate intrinsic dimension-
ality (ID), defined as the minimum number of latent di-
mensions required to represent the data without infor-
mation loss. Intrinsic dimensionality provides a lower-
bound characterization of dimensional complexity that
is sensitive to non-linear structure.

We estimate intrinsic dimensionality using the max-
imum likelihood estimator proposed in [10]. Given a
dataset {xi}n

i=1, the estimator for intrinsic dimensional-
ity m based on k nearest neighbors is defined as

mk (x) =

 1
k − 1

k−1∑
j=1

log
(

Tk (x)
Tj (x)

)−1

, (3)

where Tj (x) denotes the distance from sample x to its
j-th nearest neighbor. This estimator provides a data-
driven measure of latent dimensional structure without
relying on class labels or classifier performance.

Sparsity Sparsity characterizes the degree to which
informative structure in a dataset can be captured
using a reduced set of components. In perception

domains, sparsity reflects redundancy in feature rep-
resentations and indicates how efficiently information
can be compressed without significant loss.

We assess sparsity using unsupervised dimension-
ality reduction techniques that operate independently
of class labels. Principal Component Analysis (PCA)
[11] is used to quantify how much variance can be
explained by a reduced number of linear components.
A dataset that concentrates most of its variance in a
small number of principal components is considered
more sparse.

To capture non-linear structure, we additionally
consider Isomap [12], a manifold learning method
that preserves geodesic distances between samples.
Isomap provides complementary insight into sparsity
when data lie on curved or non-linear manifolds. To-
gether, PCA and Isomap offer diagnostic indicators of
how compactly a dataset can be represented, reflect-
ing intrinsic sparsity in the perception domain.

Heterogeneity Heterogeneity measures the diversity
and variability present within a dataset. In perception
tasks, heterogeneity arises from variations in pixel
intensities, textures, shapes, and other low-level fea-
tures, and it directly influences learning difficulty.

We quantify heterogeneity using Shannon entropy
[13], a standard information-theoretic measure of un-
certainty. For grayscale images, entropy is defined as

H = −
n−1∑
i=0

pi log pi , (4)
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where pi denotes the probability of observing gray
level i and n is the number of possible gray levels.
Higher entropy values indicate greater diversity in pixel
distributions and increased heterogeneity.

Taken together, dimensionality, sparsity, and het-
erogeneity provide complementary, classifier-agnostic
indicators of intrinsic perception domain complexity.
These measures are computed prior to training and
serve as inputs to the federated complexity formulation
described in the next subsection.

Federated Learning Complexity
Intrinsic data complexity captures the difficulty of learn-
ing from a single, local dataset, but it does not account
for additional challenges introduced when data are
distributed across multiple entities. In federated learn-
ing, data are partitioned across participating clients,
and learning proceeds through iterative communication
rounds. The distribution of data across entities and
the patterns of participation during training can sub-
stantially influence learning behavior, even when the
underlying model and optimization procedure remain
fixed.

In this work, we use federated learning as a rep-
resentative distributed training paradigm to model and
analyze the impact of distribution on learning difficulty.
Rather than modifying the federated learning process
or proposing a new training strategy, we focus on
characterizing how intrinsic data complexity interacts
with distributed environment properties to influence
task difficulty.

We represent a federated learning process as a
conceptual tree, as illustrated in Figure 1, where each
path corresponds to a distinct sequence of partici-
pating entities across communication rounds. Different
paths represent different federated configurations and
may lead to different learning outcomes due to vari-
ations in data exposure and aggregation order. This
representation is used solely as an analytical tool to
enumerate and compare federated configurations, not
as a mechanism for controlling or selecting training
behavior.

The overall complexity of a federated learning task
is modeled as the combination of intrinsic data com-
plexity and distributed environment complexity. We de-
fine the federated complexity metric as

F (d , X ) = f (X ) + f (d), (5)

where f (X ) captures intrinsic data complexity, com-
puted from dimensionality, sparsity, and heterogeneity
measures, and f (d) captures complexity arising from

the distributed environment. Let X = [x1, x2, ... , xn]
denote the vector of intrinsic complexity components.

The intrinsic complexity term is defined as

f (X ) = β∥X∥2 = β
√

x2
1 + x2

2 + · · · + x2
n , (6)

where xi denotes the intrinsic complexity of the local
dataset associated with participating entity i , n is the
number of entities involved in a given federated con-
figuration, and β is a normalization constant.

To characterize the complexity introduced by data
distribution across entities, we define the distributed
environment complexity as

f (d) =
(

1
m1

+
1

m2
+ · · · +

1
md

)
, (7)

where d is the number of distinct entities in the feder-
ated environment and mj denotes the frequency with
which entity j appears across federated configurations.
This formulation reflects the degree of fragmentation
and imbalance in data distribution across entities, with
higher values corresponding to more heterogeneous
participation patterns.

Combining these components yields the federated
learning complexity metric for a given federated con-
figuration:

F (d , X ) = β
√

x2
1 + x2

2 + · · · + x2
n +

(
1

m1
+

1
m2

+ · · · +
1

md

)
.

(8)
The proposed metric is used as a diagnostic in-

dicator of learning difficulty. It enables comparison of
different federated configurations in terms of expected
accuracy trends and communication effort, without al-
tering the learning algorithm or requiring training to
be executed in advance. In the experimental section,
we examine how this metric correlates with federated
learning performance and effort across controlled dis-
tributed settings.

Experimental Setup and Evaluation

This section evaluates whether the proposed complex-
ity framework provides a meaningful diagnostic signal
for federated learning difficulty in perception domains.
Specifically, we examine the relationship between the
proposed complexity measures and two observable
outcomes of federated learning: model accuracy and
communication effort. The goal is not to optimize the
federated learning process, but to assess whether
complexity estimated prior to training correlates with
learning behavior observed during training.

All experiments are conducted using Python 3.8
on a workstation equipped with an Intel Core i7 (8th

Month 2021 Publication Title 5



generation) CPU and 16 GB of memory. Standard
open-source libraries are used throughout to ensure
reproducibility.

Datasets: We evaluate the proposed framework
using three commonly used perception benchmarks:
Handwritten-MNIST [14], Fashion-MNIST [15], and
EMNIST-Digits [16]. These datasets provide controlled
variations in visual complexity while maintaining iden-
tical input resolution and label structure, making them
suitable for comparative complexity analysis.

Handwritten-MNIST and Fashion-MNIST each con-
tain 70,000 grayscale images, with 60,000 training
samples and 10,000 test samples. EMNIST-Digits con-
tains 280,000 digit images. All images are of size
28×28 pixels with pixel intensities in the range [0, 255].

Intrinsic Complexity Measurement: To character-
ize intrinsic dataset complexity, we compute the follow-
ing measures for each dataset: (i) Shannon entropy as
a measure of heterogeneity, (ii) sparsity estimated via
principal component analysis (PCA), (iii) environment
complexity based on feature variance thresholds, and
(iv) intrinsic dimensionality (ID).

Entropy is computed using Scikit-image [17], PCA-
based sparsity and environment complexity are com-
puted using Scikit-learn [18], and intrinsic dimension-
ality is estimated using the Scikit-dimension package
[19]. Table 1 summarizes the resulting measurements.

These values provide a relative ordering of dataset
complexity that serves as input to the intrinsic com-
plexity function f (X ) described in Section 3.

Federated Learning Configuration
Federated learning experiments are conducted using a
fixed shallow convolutional neural network architecture
across all settings. All clients employ identical model
architectures and local training procedures. Model ag-
gregation is performed using the FedAvg algorithm [2].

Unless otherwise stated, experiments use five fed-
erated clients with non-identical local data distributions.
Each client performs a single local iteration per com-
munication round, and all clients contain comparable
amounts of data. For each configuration, training is
run for 100 communication rounds. Federated test
accuracy is evaluated on a held-out test set.

Evaluation Metrics
We evaluate federated learning behavior using two
observable quantities: accuracy and communication
effort. Accuracy is reported both as the maximum test
accuracy achieved over all communication rounds and
as the average accuracy across rounds. Communi-
cation effort is measured as the number of commu-

nication rounds required to reach a fixed accuracy
threshold, set to 60% across all datasets.

To assess the diagnostic value of the proposed
complexity metric, we analyze correlations between
accuracy, effort, and the estimated complexity values.
In particular, we examine how changes in federated
environment complexity f (d) and intrinsic complexity
f (X ) relate to observed learning behavior, and whether
the combined complexity metric F (d , X ) provides a
stronger predictive signal than either component alone.

Results and Analysis

This section analyzes the relationship between the pro-
posed complexity measures and observed federated
learning behavior. The objective is to evaluate whether
intrinsic dataset properties and distributed environment
characteristics provide a reliable diagnostic signal for
federated learning difficulty, as reflected in accuracy
and communication effort. All results are reported us-
ing the experimental setup described in Section 4.

Intrinsic Complexity Across MNIST Variants
Table 1 summarizes the intrinsic complexity mea-
surements for Handwritten-MNIST, EMNIST-Digits, and
Fashion-MNIST. Across all metrics - heterogeneity,
sparsity, environment complexity, and intrinsic dimen-
sionality, Handwritten-MNIST consistently exhibits the
lowest complexity, while Fashion-MNIST exhibits the
highest. EMNIST-Digits occupies an intermediate po-
sition.

Although some metrics exhibit minor ordering differ-
ences (e.g., sparsity at higher variance thresholds), the
overall trend is consistent. These results confirm that
the selected intrinsic measures capture meaningful
differences in dataset structure, even among datasets
derived from the same base domain.

Federated Environment Complexity
Figures 2(b) and 2(c) illustrate the relationship be-
tween federated environment complexity f (d) and fed-
erated learning accuracy for Handwritten-MNIST and
Fashion-MNIST, respectively, with intrinsic complexity
held fixed. As the number and diversity of participating
clients increase, both maximum and average accuracy
exhibit a decreasing trend.

Figure 3(a) further shows that communication effort
increases monotonically with f (d) for both datasets.
These results indicate that distributed environment
characteristics alone introduce measurable learning
difficulty, independent of intrinsic dataset properties.
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TABLE 1. Heterogeneity, Sparsity, Environment Complexity, and Intrinsic Dimensionality Measurement
Dataset Heterogeneity Sparsity (r2 = 80%) Sparsity (r2 = 95%) ECupper (vθ = 0) ECupper (vθ = 90) ID

Handwritten-MNIST 1.60 740 629 717 530 13.368
EMNIST-digits 2.86 751 685 697 557 14.095

Fashion-MNIST 4.11 760 594 784 745 14.547

FIGURE 2. (a) Shallow CNN accuracy vs. benchmark accuracy for Fashion-MNIST, Handwritten-MNIST and EMNIST-Digits, (b)
Federated environment complexity f (d) vs. shallow federated learning accuracy for Handwritten-MNIST when f (X ) is fixed, (c)
Federated environment complexity f (d) vs. shallow federated learning accuracy for Fashion-MNIST when f (X ) is fixed.

FIGURE 3. (a) Federated environment complexity f (d) vs. effort (communication rounds) for MNIST and Fashion-MNIST, (b)
Federated accuracy vs. Federated intrinsic function f (X ), reflecting heterogeneity (entropy), for Fashion-MNIST, Handwritten-
MNIST and EMNIST-Digits, with f (d) fixed at 2, (c) Federated accuracy vs. Federated intrinsic function f (X ), reflecting sparsity
(number of sparse components for explaining 80% of variance), for Fashion-MNIST, Handwritten-MNIST and EMNIST-Digits with
f (d) fixed at 2.

Impact of Intrinsic Complexity on Federated
Learning

Figures 3(b) and 3(c) examine the relationship be-
tween intrinsic complexity f (X ) and federated accuracy
while holding the federated environment complexity
constant. As intrinsic complexity increases—whether
due to higher heterogeneity or increased spar-
sity—federated accuracy decreases.

Similarly, Figure 4(a) shows that communication ef-
fort increases as intrinsic complexity increases. These
trends are consistent across all three MNIST variants,
suggesting that intrinsic data properties directly influ-
ence learning difficulty in distributed settings.

Combined Complexity Metric

Figures 4(b) and 5 evaluate the relationship between
the combined complexity metric F (d , X ) and feder-
ated learning accuracy. A strong negative correlation
is observed between complexity and accuracy, with
R2 = 0.81 for maximum accuracy and R2 = 0.85 for
average accuracy.

Notably, average accuracy exhibits a slightly
stronger correlation with the proposed complexity met-
ric than maximum accuracy. This suggests that F (d , X )
better reflects sustained learning behavior rather than
isolated peak performance, which is desirable for pre-
deployment assessment.
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FIGURE 4. (a) Federated intrinsic function f (X ) (reflecting heterogeneity) vs. effort (communication rounds), (b) Federated
complexity F (d , X ) vs. shallow Federated learning accuracy, considering maximum accuracy (R2 = 0.81).

FIGURE 5. Federated complexity F (d , X ) vs. shallow Feder-
ated learning accuracy, considering average accuracy (R2 =
0.85).

Summary of Findings

Across all experiments, intrinsic complexity, federated
environment complexity, and their combination demon-
strate consistent relationships with federated learning
behavior. While neither intrinsic nor distributed com-
plexity alone fully explains learning difficulty, their com-
bination provides a stronger diagnostic signal.

These results support the use of complexity es-
timation as a complementary tool for understanding
federated learning behavior prior to deployment, with-
out modifying training algorithms or requiring extensive
training runs.

Discussion
The results presented in this paper demonstrate that
learning difficulty in federated perception systems is
influenced by both intrinsic properties of the data and
characteristics of the distributed training environment.
By jointly modeling these factors, the proposed com-
plexity metric provides a practical diagnostic signal that
correlates with federated learning behavior, including
achievable accuracy and communication effort.

A key implication of this work is that federated
learning difficulty is not determined solely by the choice
of model architecture or optimization algorithm. Even
when training configurations are held constant, varia-
tions in dataset structure and client composition lead to
measurable differences in convergence behavior and
training cost. The proposed framework makes these
differences explicit prior to training, enabling compar-
ison of federated configurations without requiring ex-
tensive trial-and-error experimentation.

From an edge AI perspective, such pre-deployment
complexity estimation is particularly valuable. Edge-
deployed systems often operate under strict resource
constraints, where communication budgets, energy
consumption, and latency must be considered along-
side accuracy. By providing an early indication of
expected learning difficulty, the proposed metric can
support feasibility assessment, dataset selection, and
resource planning before committing to large-scale
federated training.

It is important to emphasize that the proposed
complexity metric is intended as a diagnostic tool
rather than an optimization mechanism. The framework
does not prescribe client selection policies, training
schedules, or model adaptations, nor does it modify
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the federated learning process itself. Instead, it com-
plements existing federated optimization methods by
characterizing task difficulty independently of training
dynamics. This separation allows complexity estima-
tion to be applied broadly, regardless of the specific
learning algorithm used.

The experimental evaluation is conducted using
controlled perception benchmarks and simplified fed-
erated configurations. While these settings are suffi-
cient to validate the diagnostic relationship between
complexity and learning behavior, they do not capture
the full diversity of real-world federated systems. In
particular, factors such as extreme data imbalance,
heterogeneous client hardware, partial participation,
and more complex data modalities are not explored
in this study. These limitations suggest natural direc-
tions for future work rather than shortcomings of the
proposed framework.

Future extensions of this work may include evaluat-
ing complexity estimation on larger and more diverse
perception datasets, incorporating additional sources
of heterogeneity common in real-world federated de-
ployments, and studying how diagnostic complexity
measures interact with adaptive training strategies.
Importantly, such extensions can build upon the current
framework without altering its core objective: providing
a principled, pre-deployment understanding of feder-
ated learning difficulty in edge AI systems.

Conclusion
This paper introduced a diagnostic framework for es-
timating learning complexity in federated perception
systems prior to training. By combining intrinsic dataset
properties—dimensionality, sparsity, and heterogene-
ity—with characteristics of the distributed training envi-
ronment, the proposed metric provides a unified mea-
sure of federated learning difficulty that is independent
of model architecture and optimization strategy.

Using federated learning as a representative dis-
tributed training paradigm, we empirically evaluated the
relationship between the proposed complexity mea-
sures and observable learning behavior. Experiments
on multiple MNIST variants demonstrated consistent
correlations between estimated complexity, federated
accuracy, and communication effort. In particular, the
combined complexity metric showed strong correlation
with both average and maximum federated accuracy,
indicating its potential utility as a pre-deployment diag-
nostic indicator.

The proposed approach does not seek to optimize
or control the federated learning process. Instead,
it complements existing federated learning methods

by providing insight into task difficulty before training
begins. Such early-stage complexity estimation can
support feasibility assessment, dataset comparison,
and resource planning in edge-deployed perception
systems, where training costs and communication con-
straints are critical considerations.

Future work will explore the applicability of the
proposed framework to more diverse and large-scale
perception datasets, as well as federated settings with
greater heterogeneity in data volume, client availability,
and system resources. These extensions aim to further
assess the generality of complexity estimation as a
diagnostic tool for federated learning in real-world edge
AI environments.
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