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Abstract—Reliable training and deployment of machine learn-
ing models in remote, resource-constrained environments is
hindered by intermittent connectivity, limited computation, and
decentralized data. These challenges limit the potential of ap-
plications like plant disease detection, where the ability of edge
devices to collaboratively learn from local observations could
greatly enhance agricultural resilience. We propose a simple yet
efficient approach for decentralized model training that does not
rely on continuous connectivity. Edge nodes train lightweight
base models on local data and exchange them opportunistically
during transient peer-to-peer encounters, enabling incremental
refinement across diverse datasets. Rather than synchronized
updates, the system ensembles these independently trained mod-
els to support robust predictions under sparse, asynchronous
communication. Experiments show that our method achieves
strong classification performance across varying levels of connec-
tivity, heterogeneity, and node participation, offering a scalable
solution for distributed learning in real-world agricultural and
infrastructure-limited settings.

Index Terms—opportunistic networks, ensemble techniques,
federated learning

I. INTRODUCTION

In many real-world scenarios—particularly in rural re-
gions—deploying machine learning (ML) systems presents
unique logistical and infrastructural challenges. These environ-
ments often lack reliable networks, centralized data infrastruc-
ture, and sufficient computational capacity to support conven-
tional ML workflows. A representative example is plant dis-
ease detection, where locally observed crop conditions could
be used to train diagnostic models that support smallholder
farmers in monitoring plant health [1]. Standard ML pipelines
are poorly suited for such scenarios, as they typically assume
centralized data collection and reliable infrastructure [2].

Federated learning (FL) offers a promising alternative by
enabling decentralized model training, where devices perform
local computations without sharing raw data [3]. Recent works
have explored the application of FL, demonstrating strong
performance in controlled settings [4]-[7]. However, con-
ventional FL frameworks often assume frequent and reliable
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communication rounds, as well as the presence of a centralized
orchestrator. These assumptions are difficult to satisfy in rural
areas due to intermittent connectivity and the impracticality of
deploying and maintaining a central server. Such constraints
call for decentralized approaches that can function under
sporadic connectivity and do not rely on synchronized training
or global coordination.

To address these challenges, we propose a framework
that enables decentralized model refinement through the en-
sembling of sequentially trained lightweight base models.
Rather than synchronizing full models across devices, nodes
independently refine smaller classifiers and opportunistically
exchange them during transient peer-to-peer encounters. This
communication-efficient strategy sidesteps the need for con-
tinuous aggregation and allows learning to proceed asyn-
chronously, even under sparse connectivity. By progressively
integrating knowledge from diverse local datasets across
nodes, the ensemble evolves to capture generalized patterns
while preserving data locality and minimizing resource de-
mands. Through extensive simulations, we demonstrate that
our approach maintains high classification accuracy and ex-
hibits strong resilience to data heterogeneity and network spar-
sity. Our findings highlight the feasibility of training effective
ML models in infrastructure-limited environments, thereby
promoting ubiquitous intelligence by enabling decentralized
learning in marginalized regions.

Contributions. In this paper:

o We propose an opportunistic federated learning frame-
work that constructs classifier heads via ensembling of
sequentially trained base models exchanged over transient
peer-to-peer links;

e We develop a lightweight training and communication
protocol designed for deployment in highly sparse and
dynamic topologies without centralized coordination;

o We evaluate the proposed method on real-world plant dis-
ease datasets, systematically comparing it with classical,
local, and federated learning baselines, and demonstrate
its robustness and scalability under varying levels of data
heterogeneity and network sparsity.



II. RELATED WORK

We organize the related work into two areas: recent efforts in
opportunistic federated learning under limited connectivity and
prior studies on federated learning for plant disease detection.

A. Opportunistic Federated Learning

The vision of a decentralized and democratic training pro-
cess has spurred considerable research into federated learn-
ing methods that do not depend on conventional network
infrastructure [8]-[12]. In under-resourced or remote settings,
participants cannot rely on continuous connectivity; instead,
they depend on sporadic, opportunistic interactions using any
available communication interface to exchange model updates
with nearby nodes. This scenario diverges from traditional
decentralized federated learning, which typically relies on
regular, orchestrated communication rounds to converge on
a shared global model [13].

One early attempt to adapt FL to such opportunistic condi-
tions is proposed by Lee et al. [8], who address the challenge
of personalization by targeting subsets of class labels, where
local updates are performed during brief encounters. Their
method requires nodes to share label distribution information
and predict encounter durations, enabling dynamic, encounter-
aware collaboration. While the study frames personalization
as user-specific adaptation, this shift can also be seen as a
practical response to the difficulty of sustaining a consistent
global model in opportunistic settings. To mitigate data skew,
they adopt opportunistic momentum, stabilizing training at the
cost of storing gradient history across encounters.

Meanwhile, in [10] the authors shift focus toward optimiz-
ing communication efficiency in pairwise collaborations within
a tourism object detection domain. By employing a regressor
that predicts the potential accuracy gain from aggregating two
models, they ensure that model exchanges occur only when
the anticipated improvement surpasses a predefined threshold,
thereby reducing transmission costs.

On the other hand, Ochiai et al. [9] extend federated learning
to mobile ad hoc networks through their wireless ad-hoc
federated learning (WAFL) framework. Unlike traditional cen-
tralized approaches, WAFL attempts to construct a generalized
model in a completely decentralized manner, operating on the
assumption however that nodes can freely exchange model
updates with all immediate neighbors.

Addressing the complexities of large-scale heterogeneous
networks, Deng and Yan [11] propose a distributed group-
ing protocol that partitions the network into small, localized
clusters—each containing no more than four nodes. Federated
learning is carried out within these compact groups, enabling
the system to manage node and data heterogeneity while
maintaining communication efficiency. However, the proposed
approach assumes a relatively stable topology within each
cluster to ensure convergence.

A further direction explored in the literature is the decom-
position of neural networks into independent, non-overlapping
subnetworks [12], [14], rather than training the full model at
each node. In this design, smaller subnetworks preserve the

layer-wise structure but contain fewer parameters, allowing
them to be individually assigned, trained by different nodes,
and exchanged during encounters. This strategy enables paral-
lel and conflict-free updates while reducing the computational
burden on each node, thereby encouraging broader participa-
tion in training. However, its flexibility is limited since each
subnetwork remains strictly tied to a predefined portion of the
full model.

B. Federated Learning for Plant Disease Detection

Federated learning (FL) has been increasingly applied to
agricultural settings as a means of preserving data privacy
while enabling collaborative model training across distributed
devices. Mehta et al. [4] introduced a federated convolutional
neural network (CNN) model for tomato leaf disease severity
classification, demonstrating accuracies between 96% and 98%
across different severity levels. Their results highlight the
viability of FL in constrained agricultural domains where cen-
tralized data aggregation is impractical. Similarly, Mamba et
al. [5] leveraged both CNNs and vision transformers (ViTs) in
a federated setup on the PlantVillage dataset [15], illustrating
the potential of advanced deep architectures. However, their
study also underscored the limitations of ViTs, particularly in
terms of computational overhead, which can pose significant
challenges for edge devices with limited resources.

Aggarwal et al. [6] focused on developing lightweight FL
frameworks, proposing a method tailored for rice leaf disease
classification that achieved strong performance under both
IID and non-IID data distributions. Their work emphasizes
the importance of accommodating heterogeneity in real-world
deployments. Complementing these efforts, Caminha et al. [7]
explored the use of mobile devices and drones to prototype
federated model training in agricultural contexts, achieving
high accuracy while maintaining data confidentiality. Collec-
tively, these studies demonstrate the promise of FL in agricul-
tural sensing, but they largely assume stable communication
infrastructure and coordinated aggregation, assumptions that
may not hold in rural or resource-constrained environments.

C. Positioning of this Study

Building on these foundations, our study explores oppor-
tunistic federated learning in infrastructure-limited environ-
ments, using plant disease detection as a motivating domain. In
contrast to approaches that rely on predefined model partition-
ing or frequent aggregation opportunities, we propose an en-
sembling strategy in which lightweight base models are trained
sequentially and exchanged during transient peer-to-peer en-
counters. To support this design, we incorporate feature-based
transfer learning, enabling nodes to train compact classifier
heads. This approach allows nodes to retain functional models
throughout training, supports decentralized collaboration under
high network sparsity, and minimizes both computational and
communication overhead. While agricultural sensing provides
a compelling real-world scenario, the proposed framework is
broadly applicable to any mobile edge setting characterized by
intermittent connectivity and decentralized data.



III. METHODOLOGY
A. Preliminaries

Let C' = {cg, c1, ..., cn—1} denote the set of N participating
nodes. The nodes are mobile, moving within a spatial domain
according to individual movement patterns that determine
their encounters over time. Let G, = (C, E;) represent the
time-varying communication graph at time step ¢, where
E, C C x C is the set of active communication links.
A connection between two nodes c¢; and c¢; is established,
ie., (¢;,c;) € E;, when they come within communication
range at time ¢. Since nodes move independently, G, evolves
dynamically, with connections forming and breaking over
time. Each node ¢; holds a E)Vrivate dataset D;, with the global
dataset defined as D = Uizgl D;. These local datasets are
assumed to be disjoint, i.e., D; N D; = ) for i # j.

In opportunistic federated learning, where communication
is sparse and device resources are limited, reducing overhead
is essential. To this end, we adopt a feature-based trans-
fer learning formulation in which the model parameters are
conceptually divided into two main components: the feature
extractor, denoted by 6y,, and the classifier head, denoted by
f.1s- The feature extractor, frozen during training, transforms
raw inputs into intermediate representations and is derived
from a pre-trained backbone. The classifier head 6, by
contrast, is trainable and adapted to the target task using locally
available data at each node.

We model the classifier head 6., as an ensemble of K base
models, each parameterized by 6% for k € {0,1,..., K —1}.
By default, we assume K = N to maximize participation,
assigning one base model per node so that all nodes actively
contribute to training. This is not a strict requirement—when
K < N, only a subset of nodes participate at each time
step, while others remain inactive until assigned a model.
While base models could, in principle, differ in architecture or
size, we focus on configurations where the combined capacity
of all base models matches that of a single classifier head
in conventional federated learning. This design aligns with
the constraints of opportunistic settings, where communica-
tion is intermittent and devices are resource-constrained. By
training smaller, modular models, we further reduce both
computational and communication overhead, enabling broader
participation while preserving model expressiveness.

Given an input feature representation z = [frea(Z; Ofear)s
where x is the raw input, each base model produces an output
#* by applying a shared classifier function f,, parameterized
by its respective weights 0% :

cls*
9" = fas(z;08), ke{0,1,...,K —1}.
The final prediction g is computed by applying an aggregation
function A(-) over all base model outputs:

g=A@% 9" ..., 95 h).

The choice of A(-) defines how individual predictions are
combined. A common approach is max voting, where each

base model selects a predicted class label ¢* = arg max; §F,
and the final output is the most frequently predicted label:

K-1
§ = argmax Z I(c* = ¢),
k=0
where I(-) is the indicator function, which evaluates to 1 when
a base model votes for class ¢, and O otherwise. The overall
objective is to minimize the ensemble’s classification error by
refining the constituent base models.

In standard ensembling, base models are trained inde-
pendently on centrally available data, assuming unrestricted
access and concurrent optimization. In contrast, our setting
involves data segregation across nodes and opportunistic com-
munication, preventing direct coordination. To address these
challenges, we adopt a sequential training strategy, where base
model parameters are refined progressively through intermit-
tent node encounters.

B. Sequential Training of Base Models

Before training begins, base models are uniquely assigned to
participating nodes. Given the decentralized nature of training
and the opportunistic encounters between nodes, these models
are progressively refined as they are exposed to different
datasets over time. To structure this process, training is divided
into T discrete time steps, indexed by ¢ € {0,1,...,T — 1}.
At each step, nodes perform local updates on their assigned
base models using only their respective datasets.

Let éﬁls,i denote the parameters of the base model assigned

o5

to node ¢; at time step ¢, where 8% ; € {69,,60L, .., s

Specifically, at time step ¢, ¢; minimizes the local objective:

~ 1 ~
‘Ci(egls,iv,Di) = ﬁ Z f(fcls(z§9£ls,i)’y)7

(ey)eD;

where z = frea(; Ofear) is the extracted feature represen-
tation, and 4(y,y) = — Zj y; logy; is the categorical cross-
entropy loss.

Each node updates its assigned base model for a single
epoch using stochastic gradient descent (SGD) or an equivalent
optimization method, following the update rule:

aﬁls,i = oils,i - nvéctls’i[’i (ales,i’ Di)? (1)
t/
cls,i

rameters after training at time ¢. The term V, L;(0%, ,,
Is, @ ’

where 0 represents the updated version of the model pa-

D;)
denotes the gradient of the loss function evaluated on the local
dataset D;, and 7 represents the learning rate.

Nodes leverage opportunistic encounters to exchange base
models, thereby exposing them to a broader range of local
datasets. Let N} = {¢; € C | (¢;,¢;) € E;} denote the
set of neighbors of node c; at time . We assume symmetric
connectivity, meaning ¢; € N if and only if ¢; € j\/j ¢ Suppose
that at ¢ = 1, node ¢y has only c; as a neighbor. After
exchanging base models, the assignments at ¢ = 2 are updated

A Al A Ay ~at
such that 0%, « 6L, and 6% | < 6L, where 0 , and
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Fig. 1: Schematic of the proposed decentralized training process. Each node holds a local dataset D; and one assigned base
model 05 (marked with *). Upon encountering a peer, (1) nodes exchange their assigned base models, (2) locally train the
received model, and (3) add it to their local ensemble. Nodes without a peer in range skip updates for that round.

9}1;71 are the locally trained versions prior to exchange. Both
nodes then proceed to refine their newly assigned models using
their respective datasets. If a node has no neighbors at a given
time step, it abstains from updating to avoid overfitting.

C. Ensembling Strategy in Opportunistic Setting

Each node ¢; maintains a local ensemble &, ;, which
consists of base models that have been trained on its local
dataset up to time t. Consider nodes ¢y and c; as neighbors

_ . e . "0 _n0 AO _nl
at t = 0, with initial assignments 0 o = 0, and 05 = O
After local training, their ensembles are:

gl(())cal,o = {9(070 )}7 51(())0211,1 = {9(1’0 )},

cls cls
where GC(IIZ’t/) denotes the locally trained version of the k'"
base model at time ¢.
At t = 1, each node trains the base model received during
the exchange at t = 0. Their updated ensembles become:

0,0 1,1 1,0’ 0,1’
gllocal,oz{eéls' )79c(ls )}7 51%>ca1,1:{9c(1s )?H(Els )}-

If another exchange and/ retraining occur at t = 2, the
updated base models 9§12’2) and 0&’2) are added to the
respective local ensembles of each node and their previously

stored instances are evicted.

IV. EXPERIMENTS

We evaluate our method in a hypothetical plant disease
detection scenario, where mobile devices operate in remote
agricultural areas under limited connectivity and computation.

A. Dataset and Distributions

We use the Kaggle plant disease dataset recreated from
PlantVillage [15], consisting of 87,867 images across 38
classes. It includes 14 plant types, 13 diseases (some plant-
specific), and one healthy class. Example images for 3 of
the 14 plants are shown in Fig. 2. This dataset captures
many real-world classification challenges, such as visually
subtle distinctions between disease stages, varying lighting
and background conditions, and class imbalance—factors that
make accurate learning from limited, localized data difficult
in practical deployments.

To simulate data heterogeneity, we sample training dis-
tributions for V = 10 nodes using a Dirichlet distribution
parameterized by o € {0.1,0.5,100}. Smaller values of
« yield partitions where each node observes only a few
dominant classes, mimicking the effect of geographical or
crop-specific locality. Conversely, larger o values approach
an IID distribution, offering a basis for comparison under
more favorable statistical conditions. This partitioning method
is widely adopted as a principled way to explore the effects
of controlled data skew across clients.

Fig. 3 visualizes the resulting class histograms across local
datasets at each « setting. As heterogeneity increases (i.e.,
lower «), the distribution becomes sharply peaked, increasing
the risk of local overfitting. This visualization highlights how
much of the dataset’s global diversity is lost at the node
level—especially under oo = 0.1.

During training, images are resized to 256 x 256, then
randomly cropped to 224 x 224 and horizontally flipped
for data augmentation. They are then converted to ten-
sors and normalized using ImageNet [16] statistics (mean:
[0.485,0.456,0.406], std: [0.229,0.224,0.225]). The test



Fig. 2: Sample images from the dataset, showing diseased
(left) and healthy (right) leaves for apple, corn, and grape crops
(top to bottom). The dataset exhibits natural variations in color,
texture, and background, which can complicate visual diagno-
sis and highlight the need for robust learning approaches.

pipeline applies the same resizing and normalization but uses
a center crop instead. This ensures consistent input dimen-
sions while introducing variability during training to improve
generalization.
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Fig. 3: Representative class distributions across nodes under
Dirichlet sampling for two of three settings: o = 100 (nearly
IID) and o = 0.1 (highly non-IID). Lower « values produce
sharp class concentration at individual nodes, reflecting strong
data heterogeneity.

B. Model Architecture

We use EfficientNetB0, pre-trained on ImageNet, as the
feature extractor. It is a compact convolutional network that
scales depth, width, and resolution in a balanced way, achiev-
ing strong accuracy-efficiency trade-offs [17]. Its final clas-
sification layer is replaced with an identity mapping, and its
weights are frozen to produce fixed 1,280-dimensional feature
vectors. This design is well-suited for edge deployment and
allows us to focus on collaborative classifier refinement with-
out confounding effects from feature learning. All nodes use
the same frozen backbone to ensure architectural consistency
across methods.

These feature vectors are used to train the classifier head
collaboratively. In baseline methods, the head is a fully con-
nected network with one hidden layer of 500 units. In contrast,
our ensembling-based approach uses smaller classifier heads
with 50-unit hidden layers per node, such that their combined

capacity matches that of the larger baseline model. This con-
figuration reflects practical constraints of mobile deployments
while enabling a fair comparison between unified and modular
strategies.

C. Modeling Dynamic Topology

To emulate opportunistic settings, we simulate a dynamic
communication topology where node connectivity varies
across time steps. This is controlled by a sparsity parameter
¢, with ¢ = 1 representing a fully connected graph and
¢ = 0.1 indicating that each node connects to only 10%
of others at a given step. The topology is re-sampled each
round, reflecting fluctuating peer availability over time. While
this abstraction does not fully capture the structured nature
of real-world mobility, it offers a principled way to probe
robustness under varying levels of connectivity. Incorporating
trace-driven topologies to reflect realistic spatial and temporal
patterns remains an important direction for future work.

D. Evaluation

We evaluate the effectiveness of ensemble-based training
across different data distributions, model configurations, and
network conditions, as summarized in Table 1. Each experi-
ment runs for 7' = 10 time steps and is repeated five times
with different random seeds.

TABLE I: Summary of Simulation Parameters

Parameter Description Value
Dir(a) concentration parameter ~ {100,0.5,0.1}

N 7 of participating nodes 10
K # of base-models {1,2,5,10}
T time steps 10
n learning rate (Adam) 0.001
¢ network sparsity {0.5,0.25,0.1}
np hidden units {500, 50}

We compare our approach against four baselines:

1) Classical: A single classifier is trained on the full dataset
with global access to all samples. This serves as an upper
performance bound.

2) Local Learning: Each node independently trains a full
classifier on its private dataset, without any collabora-
tion. This baseline reflects the most resource-efficient
but isolated approach and is expected to struggle under
non-IID data distributions.

3) Centralized FL: Nodes train local models on their own
data and periodically send model updates to a central
server for aggregation. This simulates conventional FL
in ideal conditions with stable global coordination.

4) Naive Opportunistic FL: Nodes exchange full model pa-
rameters with neighbors during peer-to-peer encounters,
but without any synchronization or aggregation protocol.
This baseline simulates a direct adaptation of FL to
opportunistic networks.

We do not include opportunistic momentum [8] in our

baseline comparisons, as it primarily targets personalized
model training, where each node optimizes for its own local



objective. In contrast, our aim is to collaboratively construct a
generalized model by aggregating diverse local knowledge. In
all baselines, nodes train a full-sized classifier head with 500
hidden units, unlike the smaller heads used in our ensembling
approach. All models are evaluated on a held-out global test
set. We report standard classification accuracy averaged across
five runs. Additionally, we report the accuracy of an oracle
ensemble for our approach, constructed by aggregating the
most recent versions of all trained base models. While not
directly realizable during training—since nodes only maintain
partial, asynchronously updated ensembles—the oracle ensem-
ble serves as an upper bound on attainable performance. After
training, delay-tolerant mechanisms can support dissemination
of all base models, enabling nodes to progressively approxi-
mate this bound in practice.

V. RESULTS AND DISCUSSIONS

This section presents the experimental results, starting with
baseline performance and followed by an evaluation of our
proposed approach under varying conditions.

A. Centralized and Local Baselines

Table II presents results for classical, local, and federated
training. When all data is centrally available (Table II —
Full Dataset), the model achieves 98.52% accuracy, high-
lighting the advantage of full accessibility. In contrast, local
training—where each of the 10 nodes trains independently
without collaboration—yields lower performance, with accu-
racy depending on data heterogeneity. For a« = 100, where
partitions approximate IID, accuracy remains relatively high.
However, as data heterogeneity increases, performance drops
significantly. These results emphasize the impact of data skew
on learning quality. While nodes can model their local data
well, the lack of collaboration limits generalization.

TABLE II: Summary of Centralized and Baseline Results

Heterogeneity («v) Classical / Local Federated
Full Dataset 98.52% —
100 95.59% 97.40%
0.5 74.83% 91.63%
0.1 39.09% 81.65%

Meanwhile, even under the most challenging conditions
(o = 0.1), federated learning achieves 81.65%, far outper-
forming the 39.09% of local training. This highlights the
advantage of sharing model updates, enabling each node to
learn from patterns beyond its own data. Across all het-
erogeneity levels, federated learning consistently outperforms
local training, with the gap widening as « decreases. How-
ever, its strong performance relies on stable connectivity and
centralized aggregation. As such, these results represent an
idealized scenario and serve as a baseline for the subsequent
experiments.

B. Opportunistic Federated Learning

We evaluate our ensembling approach alongside a naive
opportunistic variant of federated learning (Naive-OppFL),

which trains the full model and assumes that updates from
all encountered neighbors can be integrated at each time
step. This comparison highlights how each method adapts to
decentralized learning under intermittent communication and
varying local data distributions.

Testing accuracies are summarized in Table III. In high-
connectivity (( = 0.5) and near-IID conditions (o« = 100),
our proposed method performs comparably to both Federated
Learning and Naive-OppFL, despite relying on significantly
smaller model exchanges. This suggests that when class distri-
butions are balanced and peer availability is high, opportunistic
ensembling of sequentially trained base models is sufficient to
match the performance of traditional schemes, even without
full-model synchronization or global aggregation.
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Fig. 4: Ensemble accuracy of the proposed method (o = 0.5,
¢ = 0.25). Each colored curve with “x” markers shows the
per-node mean accuracy of the local ensemble over time, with
the shaded band indicating each node’s min—-max range. Local
ensembles converge to oracle bounds, achieving near-optimal
performance under heterogeneous, sporadic encounters.

TABLE III: Summary of Results for OppFL

| Naive-OppFL Ensemble-OppFL

N 0.1 0.5 100 0.1 0.5 100

0.5 |57.55% 85.75% 96.84% 81.33% 94.28% 97.29%
0.25 | 54.19% 85.21% 96.85% 81.93% 93.47% 97.10%
0.1 |48.43% 83.45% 96.61% 77.54% 92.76% 96.42%

As heterogeneity increases, the performance gap between
the two approaches becomes more pronounced. Under highly
skewed data (o« = 0.1), our approach achieves up to 29%
higher accuracy, consistently outperforming Naive-OppFL
across all sparsity settings. This advantage stems from the
robustness of the ensembling process, which mitigates the
limitations of sequential training by integrating diverse, and
sometimes conflicting, local perspectives. While base models
may degrade as they move through nodes with drastically
different distributions, their consolidation recovers lost rep-
resentation and stabilizes overall performance. In contrast,



TABLE IV: Summary of Oracle Ensemble Accuracies for K-Ablation

| K=1

K=2

K=5

[e%
N 0.1 0.5

100 ‘ 0.1

0.5 100 ‘ 0.1 0.5 100

0.5 | 55.14% 85.01%
0.25 | 55.63% 81.98%
0.1 |50.93% 82.60%

94.96%
95.28%
94.36%

59.61%
58.52%
50.68%

84.27%
87.45%
80.90%

95.60%
95.40%
94.67%

71.19%
73.81%
66.93%

93.50%
91.27%
90.97%

97.40%
97.20%
96.80%
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Fig. 5: Local-model accuracy under NaiveOppFL (a = 0.5,
¢ = 0.25). Most nodes’ standalone models remain below
the centralized FL baseline (dashed line) and exhibit greater
variability, highlighting how heterogeneous encounters and
non-IID data degrade per-node model reliability.

Naive-OppFL relies on aggregating full-model updates from
recent encounters without coordination or memory. As a result,
it is highly sensitive to the local data distribution and the
immediate neighborhood of each node. Fig. 4 and Fig. 5 offer
a closer look at this behavior under moderate heterogeneity
(a = 0.5) and sparsity (¢ = 0.25). In Ensemble-OppFL, local
ensembles show a steady trajectory toward oracle accuracy
as base models circulate. By contrast, Naive-OppFL exhibits
more erratic behavior: some nodes improve if they encounter
diverse peers, while others stagnate or regress due to redundant
or unbalanced updates. These fluctuations reflect how peer
diversity and exchange patterns affect local learning in the
absence of coordination.

One trade-off of our approach is slower short-term per-
formance. Since only one base model is exchanged at each
step, local ensembles improve incrementally. As shown in
Fig. 6, our method performs substantially fewer exchanges
than Naive-OppFL across all sparsity levels. However, we
find that the initial lag in accuracy is offset by more stable
convergence and consistently reliable final performance. Al-
lowing multiple exchanges per step could speed up ensemble
saturation, but even with single-exchange rounds, the method
consistently outperforms Naive-OppFL by the end of training.
Interestingly, Fig. 4 also shows that if nodes were granted
access to a wider set of base models early on, accuracy could
improve more rapidly—suggesting that, under strict training

budgets, prioritizing access to recent updates could offer an
effective early stopping strategy. Finally, the combination of
less frequent exchanges and smaller model size translates to a
significantly lower communication burden.

These results underscore the limitations of naive FL adap-
tations in opportunistic settings. When connectivity is sparse
and local data is highly skewed, mechanisms must go beyond
standard aggregation to mitigate the risk of catastrophic model
drift. Unfortunately, model alignment strategies such as [18]-
[20] incur substantial computational overhead and often rely
on stronger infrastructure assumptions. In addition, model
exchange protocols should be lightweight and structured to
minimize communication costs. By combining modular mod-
els with asynchronous, peer-driven refinement, our approach
avoids these pitfalls and enables resilient decentralized learn-
ing in bandwidth-constrained environments.

Exchange Comparison by Sparsity Level

B Naive-OppFL
B Ours

200 -

150 4

100 4

Mean Total Exchanges

50 1

0.5 0.25 0.1
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Fig. 6: Mean total model exchanges for Naive-OppFL vs. our
ensemble method at different sparsity levels. By transmitting
only compact base classifiers instead of full models, our ap-
proach slashes communication overhead—an effect that grows
even more pronounced in denser topologies.

C. Impact of Varying Base Model Count and Capacity

Finally, we examine the impact of varying the number
of base models K, while keeping the total model capacity
constant across all configurations. When K = 1, the sys-
tem relies on a single 500-unit classifier head, trained and
passed sequentially between nodes. Increasing K divides this
capacity across more lightweight base models—e.g., K = 5
corresponds to five classifiers with 100 units each—thus



promoting modularity and allowing more nodes to participate
concurrently.

As summarized in Table IV, larger K consistently yields
better accuracy under higher data heterogeneity (o = 0.1), re-
flecting the advantage of fine-grained ensembling when node-
local datasets differ substantially. More base models allow
diverse perspectives to be captured, helping the ensemble
mitigate local bias. For instance, at ¢ = (.25, accuracy
improves from 55.63% (K = 1) to 73.81% (K = 5) under
high heterogeneity. In contrast, under near-IID conditions
(o = 100), performance is already high even with a single
model, and the gains from increasing K are minimal (e.g.,
from 94.96% to 97.40% at ¢ = 0.5). This suggests that
when data is well-distributed across nodes, the expressivity
of a monolithic model may be sufficient, and the benefit of
ensembling diminishes.

These results suggest that the number of base models K can
be used to tune multiple system-level trade-offs. Higher values
of K enable greater node participation per round and allow
better adaptation to data heterogeneity. Conversely, smaller
values of K reduce memory and energy requirements and may
accelerate convergence under near-IID conditions. The choice
of K thus offers a practical mechanism for balancing effi-
ciency, scalability, and generalization under varying resource
and data distribution scenarios.

VI. CONCLUSION

This study investigated decentralized model training under
highly constrained communication and data-sharing condi-
tions. By introducing an opportunistic ensembling framework,
we enabled mobile nodes to incrementally refine lightweight
classifiers through transient peer-to-peer exchanges, without
requiring synchronization or centralized orchestration. Our
approach preserves model modularity and reduces commu-
nication overhead, while still supporting progressive integra-
tion of diverse local knowledge. Experimental results on a
plant disease detection task confirm that the proposed method
achieves high classification accuracy and demonstrates strong
robustness to data heterogeneity and sparse connectivity, out-
performing both local and naive federated baselines.

These findings suggest that ensembling offers a viable
pathway for reliable machine learning in infrastructure-limited
environments. The ability to train and share modular classifiers
opportunistically can broaden the reach of collaborative in-
telligence, especially in settings where persistent connectivity
or global coordination cannot be assumed. Future work will
explore adaptive ensemble strategies, more dynamic exchange
policies, and extensions to non-vision tasks and heterogeneous
model architectures. Another direction is the evaluation of
real-world deployments in mobile and rural networks, where
the assumptions and trade-offs surfaced in this study may yield
practical design insights.
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