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Abstract

Forest fires have devastating effects on ecosystem balance and biodiversity worldwide. They are also a
problem that causes serious social and economic damage. Therefore, early detection and intervention of
fires are crucial. This study presents a model for the high-performance detection and classification of
forest fires using image-based data processing techniques and machine learning algorithms. In this
context, a comprehensive dataset consisting of images containing and not containing fires was prepared,
and the generalization ability of the model was enhanced using data augmentation methods. Gradient
boosting, XGBoost random forest, k-nearest neighbors (KNN), and artificial neural network algorithms
were used to analyze the classification performance. The performance of each algorithm was maximized
through feature extraction and 5-fold cross-validation. The models were comparatively evaluated using
performance evaluation metrics such as precision, sensitivity, and F1-score in the obtained results. The
results of the study showed that the algorithm with the highest performance in early detection was random
forest with an F1-score value of 91.9%. This model was followed by gradient boosting and KNN models
with an F1-score value of 90.9%.
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1. Introduction

Forest fires have become a significant environmental and economic threat in many places around the
world [1,2]. They disrupt ecosystem balance, endangering biodiversity and destroying human habitats.
Factors such as drought, rising temperatures, and decreasing humidity levels caused by climate change
make forest fires easier to start and spread rapidly [3-5]. Controlling and extinguishing fires often requires
significant resources and time. The transformation of ground fires into crown fires and their subsequent
loss of control is usually the result of late detection or weak intervention. Therefore, the speed of
detection mechanisms is of vital importance [6,7]. Traditional methods that rely solely on human
attention or local towers have fallen behind technology. The slowness of these methods causes us to miss
opportunities for early intervention and also allows fires to spread over large areas [8].

Machine learning and artificial intelligence-based technologies hold great potential to provide solutions
to this problem [9]. In particular, fire detection systems developed using image processing techniques
have the capacity to detect fires in their early stages without the need for human intervention [10]. Such
systems can quickly and accurately identify the visual signs of fires by learning from large-scale data
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sets. Therefore, they have the potential to minimize both economic and environmental damage by
enabling firefighting teams to intervene earlier and more effectively. Machine learning-based fire
detection systems not only enable early detection of fires but can also optimize emergency response
planning [11-13]. This means that resources can be used more effectively in firefighting and helps to
minimize the damage caused by fires. Therefore, research in this area will make important contributions
to the scientific literature and provide significant benefits in terms of practical applications.

This study presents an innovative approach to detecting forest fires using machine learning techniques.
In the literature, studies on the detection and classification of forest fires are limited, and most existing
methods rely on manual interventions or simple automation systems with low efficiency. In this study, a
model capable of detecting fires with high accuracy has been developed. Four different machine learning
algorithms were used in this context: gradient boosting, XGBoost random forest, K-nearest neighbors
(KNN), and artificial neural networks (ANN). A large and balanced dataset consisting of images with
and without fires was created for this study. This dataset was enriched using various data augmentation
techniques. Subsequently, training and testing processes were carried out to compare the performance of
machine learning models. The original value of this study lies in its comprehensive comparison of the
use of machine learning algorithms in the field of fire detection. The fire detection performance of each
algorithm was analyzed using different evaluation metrics (precision, sensitivity, F1-score).

2. Materials and Methods

This section describes the methodology of the study. This methodology is illustrated in the flow diagram

provided in Figure 1.
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Figure 1. General flow diagram of the study
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A review of the flow diagram in Figure 1 reveals that there are essentially two steps involved in carrying
out the study. In Step 1, images are obtained using UAVs, camera traps, and other imaging devices to
create the dataset. Detailed information about the dataset is provided in the “2.1 Dataset” section. Then,
depending on the performance of the model, the number of images in the dataset is increased using data
augmentation techniques. The process of increasing the dataset is described in the “2.2 Data
Augmentation” section. After the data set is augmented, the training and testing process of the data set is
carried out using the cross-validation method. The cross-validation method used in the study is described
in the “2.3 Cross-Validation” section. This completes the first step of the study. In step 2, the modeling
part of the study is performed. The machine learning models to be used in the “2.4 Machine Learning”
models section are presented in detail. In the modeling phase, feature extraction is performed on the
dataset consisting of images, revealing the characteristic features of the fire areas in the image. Then, the
model is trained using different machine learning methods (gradient boosting, XGBoost, KNN, random
forest, and ANN). After model training, the testing phase of the models begins. In this section, images
not used in the training dataset are used in the testing phase, and the models are tested. After the testing
phase, a confusion metric is created to evaluate the performance of the models.

2.1 Data Set

The data has been collected to train a model to distinguish between images containing fires (fire images)
and normal images (non-fire images), so the entire problem is binary classification. The data is divided
into 2 classes: the first class contains outdoor fire images, some of which contain dense smoke, while the
other class contains nature images (e.g., forest, trees, grass, river, people, foggy forest, lake, animals,
road, and waterfall). A dataset was created by collecting 329 images containing fires from the internet.
Subsequently, 1,655 labels were applied.

2.2 Feature Extraction and Data Augmentation

In this study, a comprehensive feature extraction process was performed to capture the distinct visual
characteristics of the images. Rather than relying on a single descriptor, four different types of features
were extracted. First, color histograms were computed to represent the global color distributions. Second,
Sobel and Canny edge detection algorithms were applied to extract the structural boundaries of the
objects. Third, Local Binary Patterns (LBP) were utilized to analyze the surface texture properties,
distinguishing between rough and smooth regions. Finally, the Histogram of Oriented Gradients (HOG)
descriptor was employed to capture the local shape and geometric form characteristics of the objects.
The features extracted from these four specific methods were then concatenated to create a single, robust,
and highly discriminative feature vector. This fused feature vector was subsequently used as the input
for the traditional machine learning models.

Data augmentation is a technique that increases diversity by adding new data to the existing dataset in
order to improve the performance of machine learning models [14,15]. It is particularly widely used in
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the field of image processing. The main goal of data augmentation is to improve the model's
generalization ability and reduce the risk of overfitting [16]. Data augmentation methods use various
techniques to improve model performance in machine learning projects. The following are commonly
used data augmentation methods to increase the size of the dataset: rotation, scaling, cropping, mirroring,
color change, noise addition, and blurring.

d.Cropping

e Flipping f. Color adjustment g.Noise addition h.Blur

Figure 2. Images created with data augmentation

In Figure 2, the number of images has been increased by applying data augmentation methods to the
original image.

Rotation: Rotating images by specific angles.

Scaling: Changing the image size (enlarging or reducing).

Cropping: Cutting out specific parts of the image.

Flipping: Flipping images horizontally or vertically.

Color Adjustment: Changing color parameters such as brightness, contrast, and saturation.
Noise Addition: Adding random noise to images to provide variety.

Blur: Simulates real-world scenarios where objects may be at different focal distances or in motion,
making the model more generalizable.

2.3 Cross-Validation Method

In machine learning methods, the cross-validation method is one of the methods used to ensure that
evaluation criteria provide accurate and reliable results [17]. Figure 3 provides an example of the cross-
validation method.



.O.e Journal of

Oa =¥ JMIS, 2026, Vol. 1, No. 1
‘ =.. MANUFACTURING https://doi.org/10.71350/jmis.5

H.L AND INTELLIGENT SYSTEMS

80% of dataset 20% of dataset
, Y \
Dataset 1 Training data Test data =—— Performance-1
Dataset 2 Training data Test data e=———=pPerformance-2
Dataset 3 = Training data Testdata  Training data ————)Performance-3
Dataset 4 Test data Training data ==———=pPerformance-4
Dataset 5  Test data Training data =———=pPerformance-5

Figure 3. Example of the 5-fold cross-validation method

Figure 3 shows an example of the 5-fold cross-validation method. It illustrates that the data is divided
into five equal parts, and each time, different parts are used as training and test data. A total of as many
performance results as there are equal parts is obtained. The overall performance is the average of these
performances. Equation (1) below shows the overall performance calculation.

5
1
Total performance = gz per formance; (1)
i=1

To evaluate the generalizability of the developed model and prevent overfitting, the 5-fold cross-
validation method was used in the study. The dataset was randomly divided into five equal subsets. As
shown in the figure, in each iteration of the process, 80% of the dataset was used as training data, while
the remaining 20% was reserved for testing the model. This process was repeated five times, each time
selecting a different 20% segment as the test data. The overall performance of the model was calculated
by taking the average of the performance metrics obtained from these five independent iterations.

2.4 Machine Learning Models

Gradient Boosting is a powerful ensemble algorithm that creates sequential decision trees for
classification. Each tree is trained to reduce the classification errors of the previous trees by learning
from them [18].

The model works as follows:

i.  Initial Prediction: The initial model makes a simple initial prediction for all examples. These
predictions can be assigned to the most common class or start with an equal probability value for
each class.

ii.  Learning Errors: In each iteration, more weight is given to incorrectly classified examples. This
allows the newly added model to work towards correcting previous errors.

iii.  Model Update: A new decision tree is added and the model is updated. Each new tree aims to
better distinguish classes that previous trees could not.
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iv.  Final Prediction: The predictions of all trees are combined in a weighted manner. This way, a
final prediction is made for the classes.

Gradient boosting gradually reduces classification error and increases the success rate by targeting
the most common classification errors.

The KNN algorithm evaluates data points for classification based on their proximity to each other
[19]. A test example is classified by looking at its closest neighbors in the training dataset.

The model works as follows:

1. Distance Calculation: To classify a new example, the distance to each data point in the training
data is calculated. Different distance metrics such as Euclidean, Manhattan, and Minkowski are
available for calculating the distance. The Euclidean distance metric given in Equation (2) is
commonly used in the KNN algorithm.

d(x,x") = )

Here, x and x! are data points.

ii.  Selecting the K neighbors: The K neighbors with the shortest distance are selected.
iii.  Majority vote: The class labels of the K nearest neighbors are considered, and the new example
is assigned to the class with the majority.

Random forests are ensemble methods consisting of multiple decision trees. Each decision tree is
constructed using a random subset of training data and features [18,20]. As a result, each tree makes a
prediction for the classification task, and the final classification decision is made using the majority (or
average) of these predictions.

The model works as follows:

i.  Random Subset Selection: A random subset is selected from the training set. This process is called

bootstrap aggregating.

ii.  Feature Selection: When each decision tree is created, a subset of features used at each node is
randomly selected. This increases the diversity of the trees and reduces overfitting.

iii.  Decision Tree Creation: A decision tree is created using the randomly selected subset and
features. This process continues until a certain depth is reached or other stopping criteria are met.

iv.  Classification: Each tree makes a class prediction. The final class is determined by the majority
vote of the trees.

ANN is a machine learning model that mimics biological neural networks. ANN has a multi-layered
structure consisting of an input layer, one or more hidden layers, and an output layer. The neurons in
each layer calculate the outputs through an activation function and transmit them to the next layer [21,22].
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The proposed ANN configuration consists of an input layer, two hidden layers, and an output layer.
Specifically, the first and second hidden layers were structured with 32 and 16 neurons, respectively. The
Rectified Linear Unit (ReLU) activation function was applied in the hidden layers. For the output layer,
a Sigmoid activation function was utilized to compute the final prediction probabilities. The network's
weights were optimized using the Adam (Adaptive Moment Estimation) algorithm. The learning rate set
to 0.001.

The model works as follows: (i) The input layer receives an input vector consisting of features. (ii)
Weight and activation: Each neuron multiplies the input values by specific weights, sums them, and
obtains a result through an activation function (e.g., sigmoid, ReLU). (iii)) Hidden layers: Inputs are
passed to one or more hidden layers. The number of neurons and activation functions may differ in each
layer. (iv) Output layer: Provides class predictions for classification problems. The number of output
neurons matches the number of classes. (v) Backpropagation calculates the error between the model's
predictions and the actual results. This error is used to update the weights. This process is repeated so
that the model can make more accurate predictions.

3. Results and Discussion

The confusion matrix is used when examining the performance criteria of machine learning models in
the classification process. The confusion matrix is shown in Figure 4. The fire detection performance
levels of the images obtained as a result of modeling were controlled by accuracy, sensitivity, and F1-
score. Accuracy refers to the ratio of correctly classified images to the total number of incorrectly and
negatively classified images. Sensitivity refers to the ratio of correctly classified images to all images.
The Fl-score is an evaluation criterion expressed as the harmonic mean of accuracy and sensitivity
[23,24]. The mathematical equivalents of the terms accuracy, sensitivity, and Fl-score are given in
Equations (3-5), respectively.

Predicted
1
[ 1
Positive (1) Negative (0)
— - Ve )
3 True False
Positive (1) positive negatiVE
—______/
Actual S s 7 <
) False True
Negative (0) positive negative
L _ VAN J

Figure 4. Example of a confusion matrix
TP (3)

p . . -
recision TP + FP
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Two situations are observed in the confusion matrix of the ANN model: (i) a significant omission (false
negative) in the Fire class and (i1) an overall uneven distribution of predictions across classes. The
number of examples predicted as “Non-Fire” remained high even when “Fire” was actually present. This
situation presents an undesirable outcome in the detection of a critical class such as fire. The model has
been hesitant to say “fire is present.” This has resulted in missed fire examples. In the Gradient Boosting
model, true positives are clearly dominant for the “Fire” class, and false negatives are very low. In
contrast, on the “Non-Fire” side, there are relatively more examples labeled as “Fire” (false positives).
The KNN matrix gives the impression that overall accuracy remains high, but errors accumulate more in
borderline examples. In neighborhood-based approaches, transitions between “Non-Fire” and ‘Fire’ may
become more blurred in regions where classes are close to each other in the feature space. This can
increase false positives to some extent. KNN shows decent classification performance on the “fire” class.
The most balanced view is captured in the confusion matrix of the random forest model. While the
accuracy in the “Fire” class remains high, the number of false negatives is kept low. In the confusion
matrix of the XGBoost model, strong performance is observed for the “Fire” label, but the error
distribution differs slightly from that of other tree-based methods. In some cases, “Non-Fire” may be
labeled as ‘Fire’ (false positive) or, in a small number of cases, “Fire” may be missed (false negative).
This is consistent with the sensitivity of boosting methods to hyperparameter settings. Table 1 presents
the precision, sensitivity, and F1-score values of the machine learning models discussed.

Table 1. Precision, Recall, and F1-score values of machine learning models

Model Precision Recall F1-score
ANN 0.758 0.501 0.603
Gradient Boosting 0.847 0.980 0.909
KNN 0.847 0.980 0.909
Random forests 0.867 0.979 0.919
XGBoost 0.833 0.909 0.866

The precision, sensitivity, and F1-score values given in Table 1 are calculated using confusion matrices
with Equation (3-5). The increase in sensitivity indicates that false negatives are suppressed, especially
in the “Fire” class. The increase in precision indicates how many of the samples labeled “Fire” are
actually “Fire,” i.e., how well false positives are controlled. Thus, the low sensitivity in the ANN model
indicates that a significant portion of the fire samples are classified as “Non-Fire,” as can be seen from
the matrix. For this reason, the F1-score value also remains at a moderate level. In contrast, the very high
sensitivity observed in the gradient boosting and KNN models means that “fire” examples are largely
captured. In the random forest results, the fact that both precision and sensitivity remain high together
indicates that the model balances the two error types at a reasonable level simultaneously. Thus, the F1-
score also achieves a high result. The relatively lower F1-score value observed in XGBoost indicates that
the overall error profile, rather than a single error type, has slightly lowered the balance.

4. Conclusions
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In this study, machine learning methods were used to classify forest fires, and their performance was
compared. As a result of the experimental studies conducted, among the models compared for the early
detection of forest fires, the random forest algorithm demonstrated the highest and most balanced
performance with an F1-score value of 91.9%, making it the most effective method. Gradient boosting
and KNN models followed this success with an F1-score value of 90.9%, while the ANN model showed
the lowest performance, remaining at an F1-score level of 60.3% due to its low sensitivity in detecting
the fire class. Future studies aim to use deep learning architectures such as Convolutional Neural
Networks (CNN) and YOLO to exceed the performance limits of traditional machine learning
algorithms. Furthermore, testing the model under different weather conditions and low-light scenarios
such as night vision, and enriching the dataset with thermal images will increase the reliability of the
system.
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