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Abstract. Forest and land fires have significant negative impacts on the 
environment, economy, and public health. These fires cause damage to 
forest ecosystems, resulting in loss of biodiversity, air quality degradation, 
and climate change. Assessment of areas post-forest and land fires is 
crucial for measuring the severity level and planning appropriate 
rehabilitation measures. This research focus to classify the severity levels 
of forest and land fires based on photo data obtained from field locations in 
four villages in Jambi Province. The dataset will be trained into a model 
using Convolutional Neural Network (CNN) with MobileNetV2 
architecture. Based on the evaluation results of training the MobileNetV2 
model with two image sizes, (224, 224) and (112, 112), using 50 epochs, it 
is shown that the highest accuracy was obtained from the model with both 
image sizes, with an accuracy value of 77.7% and the lowest loss value of 
0.618. The use of MobileNetV2 architecture model yielded satisfactory 
results. MobileNetV2 was considered superior in analyzing the 
classification model performance on the data used, but there is a need for 
additional field photo data to improve model training. 

1 Introduction 
 Forest and land fires (karhutla) are phenomena that threaten human safety, 
infrastructure, and biodiversity. Fires also have significant economic and social 
consequences at regional and local levels [1]. There are many factors causing karhutla, 
impacting several countries with extensive forests, such as Indonesia. The forest area in 
Indonesia continues to shrink year by year. Cumulatively, in 2023, the Ministry of 
Environment and Forestry (KLHK) documented forest fires occurring in Indonesian 
territory covering an area of 994,313.18 hectares [2]. Karhutla usually occurs in areas with 
two soil characteristics: peat soil and mineral soil. The difference in the properties of these 
two soils is that mineral soil has a low organic matter content, while peat soil has a 
relatively high organic matter content. It is necessary to understand the impact of karhutla 
on both types of soil to serve as a basis for early assessment of post-fire areas in Indonesia 
[3]. The handling of karhutla in post-fire areas needs to be carried out and documented, as 
this data will serve as a basis for measuring the severity of karhutla. 
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The severity of karhutla can be described as a term reflecting the impact of fire on flora, 
fauna, ecosystems, rivers, atmosphere, and humans [4]. The method previously used is 
observation-based, involving direct measurements using an aggregate scoring method based 
on two criteria: vegetation condition (70%) and soil condition (30%) [5]. Direct field 
measurement of karhutla severity requires a long time and considerable expense. The best 
solution is to perform remote measurements utilizing tools or technologies capable of 
processing image data [6]. The image data obtained can be processed using certain 
techniques to analyze the severity of wildfires, one of which is by utilizing Convolutional 
Neural Network (CNN) deep learning. CNN have the capability to automatically extract 
intricate features from images, thus bypassing the intricacies and limitations associated with 
manual feature extraction. In contrast, conventional image processing techniques rely on 
manual feature extraction algorithms grounded in prior knowledge. However, given the 
distinct characteristics of karhutla images, these manually devised feature extraction 
algorithms frequently prove inadequate, underscoring the necessity of employing CNN [7].  

Research related to image data processing of karhutla using CNN has been conducted 
by Zheng et al. [8], yielding excellent performance with an average accuracy of 95.7%. 
Additionally, Khan et al. [9] conducted a study on forest fire classification using the 
MobileNetV2 CNN architecture in smart cities, achieving an accuracy of 98.42%. 
Furthermore, research by Gürsoy et al. [10] in the Mediterranean region using CNN showed 
that the CNN model performed excellently in assessing forest fires with an accuracy of 
85.8%. These findings can help government organizations and decision makers in 
preventing the severity of wildfires in the future. 

Based on the above exposition, supported by previous research, this study aims to 
implement a classification model to determine the severity level of wildfires using the CNN 
architecture MobileNetV2 on image data obtained from the study area. Furthermore, it 
seeks to find the optimal performance of MobileNetV2 in classifying image data of 
wildfires severity based on the accuracy metric generated. 

2 Methodology  
 This research is conducted through several stages such as data collection, data 
preprocessing, data classification using the CNN algorithm MobileNetV2 architecture using 
Python in Jupyter Notebook, methodology of this research showed in Figure 1. 

 
Fig. 1. Methodology 

2.1 Data Collection 

 The dataset for this research was obtained from direct field photo capture. The data 
consists of photos taken after handling karhutla in four villages in Jambi Province, namely 
Pematang Rahim, Pematang Lumut, Pelanyangan, and Tenam. The dataset used comprises 
90 photos after the karhutla handling. The description of the data to be processed in this 
study based on severity class can be seen in Figure 2. 
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 (a)   (b)  (c) 
Fig. 2. Dataset images of post-fire conditions: severe (a), moderate (b) and light (c) 

2.2 Data Preprocessing 

 Preprocessing is a step aimed at manipulating the dataset to conform to the 
predetermined architecture, thus making it suitable as input. In this study, the data 
preprocessing stage to determine the severity level of karhutla is conducted using a deep 
learning approach employing the MobileNetV2 architecture as the basic model and 
incorporating supplementary layers for classification output. Subsequently, the 
preprocessing steps for image data include resizing images to (224, 224) and (112, 112), 
rescaling to 1./255, setting rotation range to 40, enabling horizontal flip, and using nearest 
as the fill mode.  

2.3 Split Dataset 

 The data separation process in MobileNetV2 or generally in the context of deep learning 
involves steps aimed at dividing the dataset into training subsets, validation subsets and test 
subsets. In this study, the data division is 70% for training data and 30% for validation data. 
Data is also separated based on the severity level of karhutla, namely mild, moderate, 
severe, where the classification of karhutla severity levels depends on the conditions and 
characteristics of the soil in the burned area. The severity levels of fire in this study are 
referenced from the research by Saharjo et al [11]. 

2.4 Convolutional Neural Network 

 Convolutional Neural Network (CNN) modeling is a variety of Multilayer Perceptron 
(MLP), specifically to process 2D data. Conceptually, CNNs are not significantly different 
from regular neural networks. CNNs are one of the common types of neural networks 
applied to image data, typically used for object identification and recognition in images 
[12]. The architecture CNN and typical blocks can be seen in Figure 3. 
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Fig. 3. Typical blok on CNN [13] 

2.4.1 Convolution Layer 

 The meaning that layer is a crucial component for the architecture of CNN. In this step, 
convolution operates on the output of the previous process. This layer is the core element 
that fundamentally exists in CNN architecture [14]. The operation of the convolution 
process by Ker et al. is depicted in the equation 1. 
 

 s(t) = (x * t) (t) = ∑ x(a) * w( t - a )∞

a=-∞
 (1) 

2.4.2 Pooling Layer 

 This layer is the application of pooling operators to gather information in small regions 
of input feature channels and then sample the results. The focus of the pooling layer is to 
gradually reduce the dimensions of the representation, thereby reducing the number of 
parameters and the overall computational complexity of the algorithm [15]. 

2.4.3 Fully Connected Layer (FCL) 

 The stage in the FCL is a process where each active neuron in the previous layer is 
connected to every neuron in the subsequent layer, resembling the structure of a typical 
neural network. The purpose of FCL is to transform the data dimensions for linear 
classification. FCL consists of several components, including loss function, activation 
functions, hidden layers and output layers [16]. 

2.5 MobileNetV2 

 MobileNetV2 is utilized for image classification and focuses on model portability. This 
model employs Depthwise Separable Convolutions (DSC) and can be considered state-of-
the-art, with several layers following behind for specific classification tasks [17]. The 
Inverted Block is expanded by increasing the number of features. Another type of block 
used in MobileNetV2 is the Residual Inverted Block (ResBlock). MobileNetV2 is 
renowned for its superior performance in classification model analysis. Lightweight, 
meaning it requires less storage space and fewer computations [18]. 

3 Results 
 The training model used to classify the severity of wildfires in this research is 
MobileNetV2, which includes a CNN architecture, utilizing image data obtained from the 
study area. The initial step involves data splitting through training sets and validation sets. 
The division of training data and validation data is 70% of the total data for training data, 
and then 30% for validation data. Each directory in the training and validation data groups 
them based on their classes, namely mild, moderate, and severe. After data splitting, the 
data undergo normalization and resizing into two experiments, namely (224,224) and 
(112,112).  

The normalization process of the data aims to create a set of variables with uniformly 
scaled values, neither too high nor too low, which can enhance the model learning 
performance. All pixels in the image are multiplied by 1./255. The model is trained with 
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dropout rate of 0.5, 50 epochs, a batch size of 32, using activation function of ReLU, Adam 
optimizer, loss function categorical crossentropy, accuracy metric, and softmax activation 
function is used in the last layer. The result of training the model with 50 epochs on an 
image size of (224, 224) yields an accuracy of 77.7% and loss value of 0.662 depicted in 
Figure 4.  

 
Fig. 4. Accuracy and loss diagram for image size (224, 224) on training and validation 
 

The result of training the model with 50 epochs on an image size of (112, 112) yields an 
accuracy of 70.23% and a loss value of 0.618. The graph appears as shown in Figure 5.  
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Fig. 5. Accuracy and loss diagram for image size (112, 112) on training and validation 

 
Here are the accuracy metrics for the MobileNetV2 model trained using image sizes 

(224, 224) and (112, 112), both with 50 epochs, and with a training-validation data split of 
70% and 30% respectively from the total data. The following results show that image size 
affects the level of accuracy, can be seen in Table 1. 

Table 1. Accuracy and loss based on image size and epoch. 

Image size Epoch Accuracy  Loss Value 
224, 224 50 77,7% 0,662 
112, 112 50 70,23% 0,618 

4  Discussion 
The results showed that the model with image size (224, 224) achieved the highest 

accuracy of 77.7%, compared to image size (112, 112) which achieved an accuracy of 
70.23%. This difference indicates that higher image resolution provides better detail and 
allows the model to capture more complex features in the image. This result is consistent 
with the findings by Khan et al. [9], which showed that CNN models with higher image 
resolution tend to provide more accurate classification results. This is because larger image 
sizes provide more information that can be used by the model to recognize subtle patterns 
and specific features in the image. Research by Gürsoy et al. [10] also supports this finding, 
where CNN models show improved performance with the use of higher image resolution in 
assessing forest fires. However, the difference in results between this study and that of 
Zheng et al. [8], which achieved 95.7% accuracy, suggests possible differences in data 
quality, preprocessing techniques, or model parameters used. Zheng et al. used a dataset 
that may differ in terms of image variability and image capture conditions. This study uses 
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photo data from four villages in Jambi Province, which may have variations in 
environmental and lighting conditions that affect image quality and model results. 

The model shows the lowest loss value of 0.618 at image size (112, 112), compared to 
image size (224, 224) which has a loss value of 0.662. While larger image sizes improve 
accuracy, the more computationally intensive process can increase the loss value, especially 
if the model is over-fitted to the training data. This suggests the need for a balance between 
image size and model complexity to avoid overfitting. Limitations of this study include the 
limited amount of data and variations in image conditions that may affect the accuracy of 
the model. Further research is recommended to collect more data from different locations 
and fire conditions, and explore data augmentation techniques to improve model 
performance. 

5 Conclusion 
 Based on the above exposition, this study has successfully built a classification model to 
identify the severeness level of wildfires using the CNN architecture MobileNetV2, with 
two experiments involving image sizes (224, 224) and (112, 112), each trained for 50 
epochs. The algorithm demonstrates that the best performance achieved using the accuracy 
metric is 77.7%, with the lowest loss value being 0.618. The utilization of the MobileNetV2 
architecture model in classifying the severity level of forest and land fires on the utilized 
data yields quite satisfactory results.  

For future improvements, it is recommended to add more photos of post-handling forest 
and land fire areas, thereby deepening the model training process. If the training process 
yields very good model accuracy, then the model can be deployed to a mobile platform, as 
MobileNetV2 is considered superior in performance analysis for classification models on 
mobile platforms. This could lead innovation in controlling forest and land fire in 
Indonesia. 
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