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Federated Learning on Non-lID Environmental Images for
Enhanced Wildfire Surveillance

Aprendizado Federado com Dados Ambientais Nao-IID para Vigilancia Aprimorada de
Incéndios Florestais

Elisa Ribeiro Gongalves'*, Emanuel Teixeira Martins!, Rodrigo Moreira?,
Larissa Ferreira Rodrigues Moreira'

Abstract: Wildfires pose serious threats to ecosystems and human safety, requiring accurate monitoring
systems. This study proposes a Federated Learning (FL) approach with Convolutional Neural Networks (CNNs)
for wildfire detection using two heterogeneous image datasets, keeping the data locally on each client. The
federated setup simulates non-Independent and identically distributed (lID) conditions, where each client
trains locally and updates are aggregated its weights to a remote server. To ensure effective performance,
hyperparameter optimization for each architecture was conducted using the Tree of Parzen Estimators (TPE),
allowing efficient exploration of the best training configurations. Results demonstrate that FL can handle data
heterogeneity while preserving privacy, with deeper CNN architectures achieving superior performance. The
findings highlight the feasibility of FL for wildfire surveillance and the ability of optimized CNNs to generalize
effectively across diverse environmental conditions, supporting collaborative model training without sharing raw
data.

Keywords: federated learning — convolutional neural networks — wildfire detection — hyperparameter
optimization (TPE)

Resumo: Incéndios florestais representam sérias ameacas aos ecossistemas e a seguranca humana, exigindo
sistemas de monitoramento precisos. Este estudo propde uma abordagem de Aprendizado Federado (AF)
com Redes Neurais Convolucionais (CNNs) para a detecgao de incéndios florestais utilizando dois conjuntos
de imagens heterogéneos, mantendo os dados localmente em cada cliente. A configuracao federada simula
condigbes nao independentes e identicamente distribuidas (ndo-11D), nas quais cada cliente treina localmente
e as atualizagdes de pesos sao agregadas em um servidor remoto. Para garantir um desempenho eficaz,
a otimizacao de hiperparametros para cada arquitetura foi realizada utilizando o método Tree of Parzen
Estimators (TPE), possibilitando a exploracao eficiente das melhores configuragdes de treinamento. Os
resultados demonstram que o AF é capaz de lidar com a heterogeneidade dos dados ao mesmo tempo em
que preserva a privacidade, com arquiteturas de CNN mais profundas alcangcando desempenho superior.
As descobertas ressaltam a viabilidade do AF para a vigilancia de incéndios florestais e a capacidade de
CNNs otimizadas de generalizar de forma eficaz em diferentes condicdes ambientais, apoiando o treinamento
colaborativo de modelos sem a necessidade de compartilhar dados brutos.

Palavras-Chave: aprendizado federado — redes neurais convolucionais — detecg¢ao de incéndios — otimizacdo
de hiperparametros (TPE)
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1. Introduction country’s biomes experienced a loss of approximately 500,000
km? of natural cover. This underscores the magnitude of an-
thropogenic pressure and environmental degradation, which
exacerbate the vulnerability of forests to large-scale fires [3].

Forest fires pose significant threats to biodiversity and the
integrity of ecosystems globally [1, 2]. In Brazil, in par-
ticular, data from the Brazilian Institute of Geography and
Statistics (IBGE) indicate that between 2000 and 2018, the Despite the implementation of more stringent initiatives
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and legislation, as well as the deployment of technological
monitoring systems, fires continue to occur on a substantial
scale [1]. The tasks of monitoring, predicting, and responding
to these incidents have emerged as significant contemporary
environmental challenges, particularly in light of Brazil’s
expansive territory and the heterogeneity of data collected
from various regions [4]. A multitude of initiatives, both
preventive and reactive, have been employed to address fires.
In this context, technology, particularly Artificial Intelligence
(AI), has been extensively utilized to address environmental
issues [5].

Prior studies have specifically focused on identifying fire
outbreaks through image analysis from unique sources, yield-
ing noteworthy results [3]. To address the challenges posed
by data heterogeneity, the application of Federated Learn-
ing (FL) [6] seems suitable and promising. In contrast to
centralized learning, which necessitates the transmission of
all data to a single server, federated learning facilitates decen-
tralized model training. This approach preserves privacy and
capitalizes on the diversity of the data collected locally. This
feature is particularly pertinent to environmental monitoring,
where data are non-Independent and Identically Distributed
(IID) and are distributed unevenly and heterogeneously across
various sensors, regions, and institutions [7].

This work sheds light on the relevant issue of training Con-
volutional Neural Networks (CNNs) in a federated manner to
extract hidden and valuable patterns from images from differ-
ent sources and enhance the potential of image-based identifi-
cation. In our approach, we employ non-IID data trained in a
distributed fashion and aggregated by the FedAvg algorithm
[8]. To maximize performance, we performed hyperparam-
eter optimization for each architecture evaluated and found
significant gains in applying the training model with non-1ID
data.

The structure of this paper is as follows: Section 2 reviews
the related literature; Section 3 outlines the proposed method-
ology; Section 4 presents the findings and discussion; and
Section 5 offers the conclusions and future directions.

2. Related Work

Recent studies on wildfire classification have explored UAV
imagery, public datasets, and FL, yet most have assumed IID
data [9]. Sathishkumar et al. [10] explored forest fire and
smoke detection using transfer learning using different pre-
trained CNNs, such as VGG16, InceptionV3, and Xception.
Biswas et al. [11] proposed an early fire detection and alert
system based on a modified Inception-V3 model.

Shamta and Demir [12] proposed a Unmanned Aerial Ve-
hicle (UAV)-based surveillance system with onboard deep
learning for early detection of wildfires. Li et al. [13] pro-
posed FICNet, a ResNet50-based framework for wildfire
classification and detection. The model was trained on the
FlameVision dataset and leveraged transfer learning, data aug-
mentation, and visualization techniques.

Siddique et al. [6] proposed a framework for forest fire

classification using FL. Edge devices with cameras were used
to capture fire-prone areas, and local Convolutional Neural
Network (CNN) models were trained with the results aggre-
gated in the cloud. The authors employed an early version of
the FlameVision dataset, which was distributed across nodes
in an IID manner with data augmentation to expand the sam-
ples.

Sharma et al. [14] proposed a multimodal fire detection
system that integrates thermal imagery with data from chem-
ical sensors under a FL setup. Panneerselvam et al. [15]
proposed IOFireNet, a FL. framework using MobileNet with
preprocessing (bilateral filtering) and segmentation. Mor-
eira et al. [16] introduced a framework that combines FL
with edge-based orchestration for disaster management. Us-
ing the AIDER aerial image dataset, which includes fire
and smoke among other disaster classes, CNN models were
collaboratively trained and served through separate training
and inference pipelines. Chettiar [17] proposed an FL ap-
proach using the Kaggle Fire Dataset with synthetic meta-
data. The system addressed non-Independent and Identically
Distributed (non-IID) settings, edge deployment, and explain-
ability; however, its evaluation relied on a small dataset with
artificial annotations, limiting generalization.

In contrast, this study applies FL to two public datasets un-
der non-IID settings, capturing the heterogeneity of wildfire
data. The framework goes beyond single-dataset and cen-
tralized approaches by enabling collaborative training across
diverse sources, thereby improving model generalization and
robustness for wildfire detection.

Table 1 compares wildfire identification studies along six
axes: dataset source; Embedded (edge/IoT deployment); use
of FL; evaluation under heterogeneous client distributions
(non-1ID); use of multiple datasets (Multi-DS); and Real-time
claims/evaluation (@ = Yes, O = No). Most prior works rely
on centralized, single-dataset pipelines without FL, non-1ID
analysis, and real-time is often claimed but seldom validated.
In contrast, our study jointly evaluates FL under non-IID
partitions across two datasets (Multi-DS), while not targeting
embedded or real-time execution in this iteration.

Table 1. Summary of wildfire identification studies.
Work Dataset Embedded FL Non-IID Multi-DS Real-time

[10] Satellites, o O O o ]
Google/Kaggle,
BoWFire
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[12] Forest Fire o O O o ([ J
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3. Proposed Method

We propose an approach based on FL with CNNs to train
a unified fire detection model using two distinct datasets,
FlameVision [18] and Forest Fire [12], without requiring data
centralization.

As shown in Fig. 1, the FL setup involves two clients, C
and C», each trained locally on FlameVision and Forest Fire,
respectively, thus creating a non-IID scenario. The updated
weights (W) and W) are sent to a federated server, which
aggregates them into the global model (W'). This process
is repeated over multiple rounds, progressively refining the
model while preserving the data privacy.

CENTRALIZED LEARNING

Local Training
and Test

Centralized
Server

FEDERATED LEARNING

Flame Vision
Dataset

w:

Federated
Server

(w,w,) —>w’

Forest Fire
Dataset

Figure 1. Proposed method.

3.1 Image Datasets
In this study, we considered two wildfire image datasets: the
FlameVision' and the Forest Fire>. Both contain RGB images
and were used for training and evaluation of the classification
models.

The FlameVision dataset consists of 8,600 high-resolution

images, including 5,000 fire and 3,600 non-fire scenes (Fig.

2(a) and (c). The Forest Fire dataset includes 2,917 images,
with 1,672 depicting active wildfires and 1,245 showing intact
forest environments without fires (Fig.2(b) and (d)). To ensure
balance, all 2,917 images from the Forest Fire dataset were
used, and an equal number of samples (2,917) were randomly

!(https://www.kaggle.com/datasets/anamibnjafar0/flamevision)
2(https://data.mendeley.com/datasets/fcsjwd9gr6/2)

8 : Foo

(b) Fire (Forest Fire)

(a) Fire (FlameVision)

-

(d) No-fire (Forest Fire)

(¢) No-fire (FlameVision)
Figure 2. Examples of fire (top row) and no-fire (bottom row)
images from each dataset.

selected from FlameVision, resulting in two datasets of the
same size for training and evaluation.

3.2 Convolutional Neural Networks

CNN are Deep Learning (DL) models widely used in com-
puter vision because of their ability to automatically extract hi-
erarchical features from images for tasks such as classification
and object detection [19, 20]. In this study, several representa-
tive architectures were evaluated, including AlexNet, ResNet
(with three variants: ResNet-18, ResNet-34, and ResNet-50),
EfficientNet, and SqueezeNet architectures. All models were
initialized with pretrained weights on the ImageNet [21].

* AlexNet: introduced key innovations such as the ReLU
activation function for faster training and Dropout for
overfitting prevention. Its 8-layer architecture (five con-
volutional and three fully connected) also incorporated
overlapping pooling, which reduced error rates, and
local response normalization, which improved general-
ization [21].

* ResNet: residual networks enable the training of very
deep models through shortcut connections that imple-
ment residual learning, mitigating the gradient degra-
dation problem [22]. In this study, we used ResNet-
18, ResNet-34, and ResNet-50, which mainly differ in
their modular-block design. ResNet-18 and ResNet-34
use basic residual blocks with two 3 x3 convolutions,
whereas ResNet-50 and deeper variants adopt a more
efficient bottleneck block composed of a 1 x 1, 3x3, and
1x1 convolution sequence, allowing significant depth
with a controlled computational cost [22].
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« EfficientNet: introduced compound scaling, a method
that uniformly scales network depth, width, and resolu-
tion using a predefined coefficient. The baseline model,
EfficientNet-B0, employed in this study served as the
foundation for larger variants (B1-B7). Its architecture
is built on inverted residual convolutional blocks but
optimized with squeeze-and-excitation attention mech-
anisms [23].

* SqueezeNet: uses “Fire modules” consisting of a squeeze
layer with 1x1 filters followed by an expand layer with
amix of 1x1 and 3x3 filters. This achieves AlexNet-
level accuracy with significantly fewer parameters [24].

3.3 Hyperparameter Optimization
Hyperparameter optimization is an essential process for max-
imizing the performance of machine learning models, such
as CNNs. An optimal configuration of these parameters can
prevent the model from underfitting or overfitting [25]. In this
study, optimization was performed using the Tree-structured
Parzen Estimator (TPE) algorithm, a Bayesian optimization
technique that intelligently searches for the best combinations
of hyperparameters based on the results of previous trials [26].

The TPE approach models the distribution of hyperparam-
eters p(x|y) and the probability of an outcome p(y). It defines
p(x|y) with two densities: I(x) for hyperparameter configura-
tions with the best results (where the loss is y < y*) and g(x)
for the others. The next configuration to be tested is chosen by
maximizing the ratio of the “expected improvement”, which
is proportional to /(x)/g(x) [25].

The search space for hyperparameter optimization was
defined and explored by TPE, as detailed in Table 2.

Table 2. Hyperparameter Search Space.

Hyperparameter  Distribution Search Space
Learning Rate (LR) Log-Uniform 1x 107>, 1 x 1073
Batch Size Categorical {16,32,64}

Optimizer Categorical {Adam, SGD}

The optimized parameters include:

* Learning Rate: This parameter controls the step size
taken by the optimizer to minimize the loss function
during training [27]. The search space for the LR was
defined on a logarithmic scale, which is a common
practice for hyperparameters operating across widely
varying ranges. This allowed the optimization algo-
rithm to efficiently explore the model’s sensitivity to
changes in the LR [28].

* Batch Size: Defines the number of training samples
processed before updating the model’s weights [29].
This parameter, which influences both training stability
and speed, was optimized as a discrete value among the
tested options.

* Optimizer: The algorithm responsible for adapting the
model’s weights to minimize the loss function [30] was

treated as a categorical parameter, with TPE identifying
the most suitable optimizer.

3.4 Federated Learning

FL is a decentralized approach in which multiple clients train a
shared model without exchanging raw data. Each client i trains
locally on its dataset D; and sends the updated parameters 6; to
a central server. The server aggregates these updates to form a
new global model using Federated Averaging (FedAvg) [31],
as defined in Eq. 1:

oo+t — g DL gt o
i=1 levzl IDj|

where 8 +1) is the global model after round 7.

A central challenge in FL is the statistical heterogeneity

(non-IID) across clients. Under IID, samples {(x;,yi)}",

are independent draws from a single distribution Z; in non-

IID settings, client k follows its own process (xl(k) , y,(k) )~ Dy
with 9 # 9y for k # ¢ (and possible within-client dependen-
cies). Equivalently, centralized learning presumes a single
data distribution P(x,y), whereas FL admits client-specific
Pi(x,y), inducing covariate/label/concept shifts. This hetero-
geneity complicates optimization and aggregation but mirrors
practices such as wildfire imagery collected across regions,

sensors, and seasons [32].

3.5 Evaluation Metrics

The performance of the models was assessed using four stan-
dard metrics, where TP, TN, FP, and FN denote true posi-
tives, true negatives, false positives, and false negatives.

* Accuracy: proportion of correctly classified samples
(Eq. 2).

TP+TN
TP+TN+FP+FN

@)

Accuracy =

* Precision: proportion of correctly predicted positive
samples (Eq. 3).

TP

—_— 3
TP+FP 3

Precision =

* Recall: ability to identify positive samples (Eq. 4).

TP

Recall = ————
TP+FN

“

* F1-Score: harmonic mean of precision and recall (Eq.
5).

Precision x Recall

Fl-Score =2 x (®)]

Precision + Recall
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4. Results and Discussion

For the experimental setup, all models were trained and eval-
uated on a Dell Precision 5860 workstation, equipped with
an Intel Xeon w3-2435 processor 8 Central Processing Unit
(CPU) 3.1 GHz, and 64 GB of DDRS5 memory and an NVIDIA
RTX 4000 Ada Generation GPU with 20 GB;

Initially, we built a training, validation, and testing pipeline
using the Flower [33] library. The evaluation of our method
consists of measuring the gain in accuracy when conducting
training, validation, and testing of CNNs with heterogeneous
wildfire data, specifically using the non-IID format.

The weight aggregation method in our approach is based
on the FedAvg [34] algorithm for a setup consisting of 2
clients, C1 and C2, and an aggregation server (S), each with
a subset of non-IID data. In each training round, each client
trained its model locally with its own data; the clients work
with different data from each other, ensuring privacy without
compromising the quality of pattern extraction. At the end
of the training round, the clients report their weights to the
server, which aggregates the weights by averaging and then
redistributes the updated weights to the clients, enabling them
to build a model that is aware of the burned area image context
from another domain.

For each model, the dataset was randomly partitioned,
with 80% of the images used for training and 20% for testing.
To replicate the heterogeneity found in real-world environ-
ments, the non-IID configuration was implemented by assign-
ing a unique dataset to each client. Thus, C1 was trained
exclusively with the FlameVision [18] dataset, while C2 used
only the ForestFire [12] dataset.

This intentionally uneven distribution allowed us to assess
the model’s generalization ability in a context where client
data distributions are fundamentally different. By keeping
the data local and separate, the approach ensures privacy and
collaborative training through the FedAvg algorithm, which
aggregates updates from both models on the central server to
form a global model at each round.

The hyperparameter optimization for each CNN was con-
ducted using the Hyperopt [35] library, which enabled the
identification of the best parameter combination for each CNN.
This step was important to ensure that each CNN was evalu-
ated in its highest-performing configuration, providing a fair
and robust comparison between the different architectures.
The search was configured for 50 evaluations per model, with
each trial consisting of 10 training epochs. The search space
for the Batch Size, LR, and Optimizer parameters is detailed
in Table 2.

Considering that the optimization experiments were con-
ducted on two distinct datasets, the best hyperparameters for
each model were selected based on the lowest loss (best loss)
obtained on the Flame Vision dataset, which showed the most
promising results. The search space for the LR was defined
on a logarithmic scale, from 107> to 1073, This is a common
practice for hyperparameters that operate over very different
value ranges. This allowed Hyperopt to efficiently explore the

model’s sensitivity to changes in the learning rate.

The optimization results, which indicate the best combi-
nation of hyperparameters for each model, are presented in
Table 3. These values were used in the subsequent training
and evaluation experiments.

Table 3. Results of Hyperparameter Optimization.

Architecture LR Batch Size Optimizer
AlexNet 0.0005984 16 SGD
ResNet50 0.0000425 16 Adam
ResNet34 0.0000172 32 Adam
ResNet18 0.0001124 32 Adam
SqueezeNet 0.0000742 16 Adam
EfficientNet ~ 0.0003586 16 Adam

This stage was crucial to ensure that each model was
evaluated in its best-performing configuration, providing a
fair and robust comparison between the different architectures.

As Fig. 3 and Fig. 4 present the accuracy and loss curves
of the client models, C1 and C2, over the training rounds in a
Federated Learning scenario.

The speed at which the models reach a state of conver-
gence is remarkable. The loss decreases drastically and the ac-
curacy increases within just a few training epochs, a strong in-
dication that the models adjust to their respective local datasets
in a highly efficient manner. This behavior demonstrates the
intrinsic ability of the models to quickly adapt to each client’s
local datasets, effectively absorbing the relevant patterns.

In the subsequent rounds, rounds 2 and 3, the stability of
the performance metrics suggests that the aggregated model
updates on the central server have efficiently consolidated the
knowledge that was initially dispersed across heterogeneous
datasets. This stability validates the effectiveness of the Fed-
erated Learning aggregation process, especially with non-IID
databases, which combines the information efficiently and
allows the model to generalize robustly from each client’s
local data.

The analysis of the classification model results, as shown
in Table 4, provides a quantitative assessment of the perfor-
mance of different models. It allows for a direct comparison
of accuracy, precision, recall, and F1-Score, as well as training
time.

The Resnet50 model stands out as the best overall per-
former, achieving an accuracy of 96.42%, along with equally
high scores in precision, recall, and F1-Score. Although its
training time was 7,132.45 seconds, one of the longest, the
superior performance across all metrics suggests that the com-
plexity of its architecture is the most suitable for the classi-
fication task. This may be related to the optimization of its
hyperparameters, which used the Adam optimizer with a low
learning rate (0.0000425), allowing the model to fine-tune its
weights effectively.

The Resnet34 and Resnet18 models also delivered solid
results, with an identical accuracy of 95.83%. Both used
the Adam optimizer and a batch size of 32, but with differ-
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Client 1 - Round 1

Client 1 - Round 2

Client 1 - Round 3
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(a) Round 1

(b) Round 2
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(c) Round 3
Figure 3. Evolution of C; during federated training on FlameVision.
02 MNW 2 \"'"""""‘N""WWW
(a) Round 1 (b) Round 2 (c) Round 3
Figure 4. Evolution of C; during federated training on Forest Fire.
Table 4. Summary of results by model
Model Training Time Accuracy (%) Precision (%) Recall (%) F1-Score (%)
AlexNet 6468,60 92.08% 92.41% 92.08% 92.12%
Resnet50 7132,45 96.42% 96.43 % 96.42 % 96.42 %
Resnet34 6392,22 95.83% 95.87% 95.83% 95.84%
Resnet18 6229,97 95.83% 95.88% 95.83% 95.84%
SqueezeNet 6655,89 94.08% 94.51% 94.08% 94.11%
Efficientnet 6493,94 79.83% 86.22% 79.83% 79.63%

ent learning rates. This robust performance positions them
as viable alternatives, offering performance comparable to
Resnet50 with shorter training times of 6392.22 and 6229.97
seconds, respectively.

On the other hand, EfficientNet showed the lowest per-
formance, with an accuracy of 79.83%, suggesting that its
architecture, even with optimized hyperparameters (Adam
optimizer, batch size 16), may not have been the most suitable
for the data in question. SqueezeNet and AlexNet showed
intermediate results. The performance of AlexNet, which
used the SGD optimizer, was the lowest among the models
that achieved results above 90%, indicating the possible supe-
riority of Adam-based optimizers for this specific problem.

Embracing heterogeneity rather than enforcing IID pool-
ing proved beneficial: aggregating models trained on disjoint
wildfire domains (FlameVision for C; and ForestFire for C5)
via FedAvg consistently enhanced the generalization of all
CNN backbones, yielding the top accuracy (96.42% with
ResNet50; Table 4) and fast, stable convergence within a few
rounds (Figs. 3—4). By allowing each client to specialize in
its local distribution and exchange only weights, the global
model assimilates complementary cues (e.g., background, sen-
sor, and context shifts) that single-domain training misses

while preserving privacy. In our view, this is the main contri-
bution: non-IID federated training, coupled with principled
hyperparameter tuning, improves CNN accuracy for wildfire
imagery without data centralization, offering a practical path
to stronger detectors in real-world deployments.

5. Concluding Remarks

The present study evaluated the performance of various con-
volutional neural network (CNN) architectures in a Federated
Learning (FL) scenario, applied to the task of forest fire detec-
tion. We contributed a relevant assessment of how heteroge-
neous databases organized in the non-IID format enrich and
improve accuracy metrics. This highlights the potential of
model training techniques in distributed environments as a
robust and viable approach. Hyperparameter optimization al-
lowed each model to operate at its peak performance, ensuring
a solid foundation for comparative analysis.

In this study, we delineate specific characteristics of CNN's
applicable to heterogeneous data scenarios, emphasizing po-
tential strategies to enhance performance in contexts extend-
ing beyond wildfires. Furthermore, our findings demonstrate
competitiveness with the current state of the art by achieving
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reduced training times, thereby establishing them as efficient
alternatives in scenarios where the balance between perfor-
mance, computational cost, and effective feature extraction
is paramount. This research advances the field of fire detec-
tion systems by presenting a methodology that safeguards
data privacy while optimizing model training in distributed
environments.

For future research, we plan to assess the impact of noise
introduced by heterogeneous datasets on established state-of-
the-art CNN architectures. In addition, we intend to incor-
porate early fire (smoke-dominant) datasets and micro-client
approaches into a unified multi-dataset benchmark.
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