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ABSTRACT
Forest and land fires are recurring ecological disasters that pose serious
threats to environmental sustainability, particularly in vulnerable regions
like Indonesia. Conventional fire detection methods using only visual or
single-sensor data often suffer from low accuracy in poor lighting, thin
smoke, or extreme weather. This study proposes an IoT-based multimodal
system that combines visual imagery and real-time meteorological sensor
data. Fire detection was conducted using the YOLOv11 model, trained
for 50 epochs with the SGD optimizer. The model achieved a precision of
87.9%, recall of 79.7%, mAP@O0.5 of 87.7%, and mAP@0.5:0.95 of 53.7%.
Detected images are further classified using a hybrid ViT-GRU model,
which achieves 99.97% accuracy by capturing spatial and temporal fire
patterns. We performed fire detection using an LSTM model optimized
with Optuna and SMOTE, yielding 92.66% accuracy and an AUC of 1.00.
The decision-level fusion approach integrates visual and sensor outputs
to improve the accuracy and contextual relevance of the final prediction.
We deployed the system in a real-time Streamlit dashboard connected to
cloud-based data acquisition. Results show that this multimodal approach
significantly improves the reliability of early fire detection and risk predic-
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1. INTRODUCTION

Forest and land fires are a recurring ecological dis-
aster in Indonesia, with more than 300,000 hectares
of land burning throughout 2023, causing environ-
mental damage, economic losses, and health threats
due to haze[1]. This condition is exacerbated by cli-
mate change, prolonged dry seasons, and weak early
detection systems that are fast and accurate. One of
the main obstacles in environmental data-based fire
prediction is the quality and continuity of meteoro-
logical data, which often experience missing values
due to device interference or extreme conditions in
the field[2], [3]. In this context, early detection refers
to the capability of a system to identify fire incidents
at the very initial stage, such as the emergence of
thin smoke, small flame spots, or abnormal dryness

conditions, before the fire spreads uncontrollably and
causes large-scale damage. Previous systems that re-
lied only on meteorological data often failed to cap-
ture these subtle early indicators in real-time, since
weather variables primarily reflect broader environ-
mental conditions rather than the immediate pres-
ence of ignition. Therefore, integrating meteorologi-
cal data with real-time visual detection is essential to
achieve a truly effective early warning system. There-
fore, an IoT-based system is needed that is capable
of acquiring meteorological data in real-time and con-
tinuously in fire-prone areas[4]. IoT connects physi-
cal devices to exchange data and enable intelligent
automation[5]—[10].

Previous research has used methods such as Sup-
port Vector Regression[11], [12] and Fuzzy Logic[13],
[14] in fire prediction. However, this approach is still
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limited because it does not fully utilize the temporal
relationship between sensor variables, so that the re-
sulting fire risk prediction is less than optimal. Mean-
while, Computer Vision technology such as YOLO
has been widely used in automatic visual detection of
fire and smoke[15]-[17]. The YOLOv9 and YOLOv10
models offer improved accuracy and detection speed,
but still rely on CNN architectures that are less ef-
fective at capturing global spatial context[18]-[20].
Both still have limitations in detecting thin smoke,
fire objects in low lighting conditions, at night, or
in thick fog[21]-[23]. Many of these approaches still
have limitations, especially in terms of multimodal in-
tegration and detection accuracy in complex environ-
mental conditions. IoT-based fire detection systems
have been widely developed to monitor environmen-
tal parameters in real-time. Previous studies have
provided early warnings using temperature and fire
sensors, but their scope is limited and they have not
utilized intelligent machine learning[24].

The weakness of this previous approach is the ba-
sis for the development of this research, namely the
integration of the YOLOv11 model with the Vision
Transformer (ViT), Gated Recurrent Unit (GRU)
and Long Short-Term Memory (LSTM) models. The
integration of ViT, GRU with YOLOv11l is done
to overcome the weakness of Convolutional Neural
Networks (CNN) in capturing long-range dependen-
cies and global spatial context in fire images[25]—-[27].
ViT has been introduced with superior self-attention
capabilities in recognizing complex visual patterns
compared to CNN approaches[28]-[30]. The ViT
extracted feature vectors are fed into the GRU to
capture temporal or sequential patterns that emerge
from the visual representation [31], [32]. The inte-
gration of ViT and GRU forms a hybrid model that
is able to combine the visual representation capabil-
ities of ViT with the sequence modeling capabilities
of GRUJ[33], thus improving the classification accu-
racy between fire and non-fire images. YOLOv11 of-
fers high speed, better detection capability of small
or faint objects, and improved detection accuracy in
various complex visual conditions[34], [35]. LSTM
model optimized with Synthetic Minority Oversam-
pling Technique (SMOTE) technique and hyperpa-
rameter optimization using Optuna will excel in un-
derstanding the temporal pattern of environmental
data from IoT sensors. Through multimodal integra-
tion, the system is not only able to visually detect the
presence of fire or smoke, but can also perform early
fire prediction based on real-time environmental con-
ditions.

Although IoT-based sensing and vision-based de-
tection can work independently, both approaches
have limitations when used in isolation. IoT sen-
sors effectively capture environmental variables such
as temperature, humidity, or soil moisture, but
they cannot directly confirm the visual presence of

fire. Conversely, vision-based systems such as YOLO
are able to detect flames or smoke visually, but
their performance can degrade under poor lighting,
haze, or thin smoke conditions. By combining both
modalities, the system leverages the complementary
strengths of each approach, enabling more robust, ac-
curate, and reliable early fire detection.

2. MATERIALS AND METHODS
2.1 Overview of the proposed methodology

This research uses a combination approach be-
tween computer vision and meteorological sensor data
to build an intelligent and real-time forest fire de-
tection and prediction system. Model integration is
carried out gradually through the stages of prepro-
cessing, training, classification, and multimodal fu-
sion based on deep learning. The flow of model de-
velopment can be seen in the following figure:
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Fig.1: Flow of Model Development.

Evaluation

This research methodology proposes a multimodal
hybrid deep learning approach based on the integra-
tion of visual data and environmental sensor data
for real-time forest fire early prediction. The work-
flow begins with processing the fire image dataset
through the stages of data augmentation, training
the YOLOv11 model using Stochastic Gradient De-
scent (SGD) optimization, to produce precise detec-
tion of fire objects. The detected images are then
cropped and further classified using a combination of
ViT and GRU to capture spatial and sequential rela-
tionships simultaneously. In parallel, meteorological
data from IoT devices is processed through standard-
ization, Least Absolute Shrinkage and Selection Op-
erator (LASSO) based feature selection, and data bal-
ancing using SMOTE, and then trained with LSTM
optimized by Optuna. The classification results from
ViT-GRU (fire/no fire) and LSTM (fire risk: low to
very high) are then combined through a multimodal
fusion process, forming a hybrid prediction system ca-
pable of adaptively integrating visual perception and
environmental conditions. The main novelty of this
methodology lies in the utilization of ViT-GRU for
YOLO detection image classification, as well as the
integration of image prediction and IoT data in an op-
timized deep learning-based multimodal framework,
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which has not been explored in previous studies. The
fusion stage combines probability distributions from
both models using weighted voting, where the final
decision corresponds to the class with the maximum
weighted probability (arg max).

2.2 Fire image dataset processing

The fire image dataset used in this study consists
of 7,244 original images obtained through a collection
process from various open sources and manual collec-
tions. To increase the variation and generalization of
the model, a data augmentation process was carried
out using the Roboflow platform. The preprocess-
ing process includes auto-orienting and resizing the
image to a size of 640x640 pixels. Augmentation
is carried out by producing two outputs per image
sample through a small rotation transformation (be-
tween -2° to 42°), shear (£2° horizontal and +1°
vertical), blur up to 0.4 pixels, and noise up to 0.02%
of the number of pixels. The results of this augmen-
tation significantly increase the amount of training
data to 10,380 images (83%), validation of 1,329 im-
ages (11%), and testing of 725 images (6%) which
have been divided stratified. To strictly prevent data
leakage, the dataset was first divided into training
(83%), validation (11%), and testing (6%) subsets
using stratified sampling. Only after this splitting
was performed, the augmentation process was applied
within each subset. This ensures that each original
image and its augmented variants are confined ex-
clusively to a single subset, thereby eliminating the
possibility of the same image instance (or its transfor-
mation) appearing in both training and testing sets.
The following is a display of the fire image dataset:
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Fig.2: Fire Image Dataset View.

The training process is then carried out using
the YOLOv11 architecture based on the Ultralytics
framework, which is specifically configured to detect
visual objects in the form of fire in images. The model
is trained for 50 epochs using the SGD optimization
algorithm, with a momentum of 0.937 and a weight
decay of 0.0005 to avoid overfitting and improve
convergence. During the training process, adaptive
learning rate adjustments are applied through the co-
sine learning rate scheduler, with an initial value of
0.01. In addition, fine-tuning is carried out on several
important components in the YOLOv11 architecture,
such as Backbone (CSPDarknet), Neck (PANet), and

Head Detection (Anchor-Free), to be more sensitive
to visual characteristics of fires such as small flames,
thin smoke, or extreme lighting. This training stage
produces an initial detection model with high preci-
sion, which will be used as a basis for the advanced
classification stage using ViT-GRU. The training pro-
cess of YOLOv11 using an NVIDIA RTX 3060 GPU
with 12GB VRAM, taking approximately 3 hours.
The model was optimized using Stochastic Gradient
Descent (SGD) with a learning rate of 0.01, momen-
tum of 0.937, and weight decay of 0.0005. The cosine
learning rate scheduler was used to adaptively adjust
learning rates during training.

2.3 Visual extraction and classification with
ViT-GRU

Once the YOLOv11l model was properly trained
to detect the presence of fire in the image, the next
step was to perform image cropping of the detected
objects. This process resulted in a total of 10,380
cropped images that specifically represent the visual
parts that indicate the presence of fire or non-fire.
This dataset was then used for training a classifica-
tion model based on a combination of ViT and GRU.
The ViT architecture is used as a feature extractor
with a multi-head self-attention mechanism that is
able to capture long-range dependencies in the spa-
tial representation of images. This mechanism can be
formulated as follows:

T

. QK
Attent K,V) = soft
ention(Q,K,V) =so max( NG

Where @Q, K,V are the query, key, and value matrices
respectively, and dj is the dimension of the key. The
output of ViT in the form of a fixed-dimensional em-
bedding vector (misal:R7%®) is then further processed
by the GRU unit to model the spatial sequence in the
time dimension, especially if there are variations in
the visual sequence order (e.g. the sequence of flames
from small to large flames). GRU is used because it
has an efficient architecture to capture temporal pat-
terns without causing vanishing gradient problems as
in conventional RNNs. The internal process of GRU
can be described by the formula:

)v (1)

hy = GRU(fyrr(xt)) (2)

Where fy;r(x;) is a feature representation of the im-
age extracted by Vision Transformer h; is the hid-
den state output of GRU which is then fed to the fi-
nal classification layer. The combination of ViT and
GRU forms a hybrid model that combines the advan-
tages of visual global representation with temporal
dynamics, thereby improving the classification ability
between fire and non-fire categories more accurately
and contextually.
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2.4 Meteorological sensor data processing

The meteorological dataset used in this study con-
sists of 5000 data entries collected from the Meteo-
rology, Climatology and Geophysics Agency (BMKG)
of Riau Province, Indonesia, covering the period 2011
to 2024. This dataset includes various environmental
parameters such as minimum and maximum tempera-
ture, average temperature (Tavg), average air humid-
ity (RH.avg), rainfall (RR), sunshine duration (ss),
maximum wind speed and direction (ff x, ddd x), and
soil surface moisture. The appearance of the dataset
can be seen in the following image:
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Fig.3: Meteorology Dataset View.

The initial process begins with cleaning and stan-
dardizing data types, then SMOTE is performed to
handle class imbalance in fire risk labels. Next, fea-
ture selection is performed using LASSO to select the
most relevant features to the prediction target[36].
The selected features are then normalized using Stan-
dardScaler to ensure a uniform distribution on each
model input. The dataset is then divided into train-
ing and testing data before being used for training
the predictive model.

The training stage is carried out by building an
optimized LSTM model using the Optuna algorithm
to search for the best hyperparameters[37]. This pro-
cess aims to optimize parameters such as the num-
ber of LSTM neuron units, learning rate, and num-
ber of epochs, so that the most efficient model is
obtained in capturing sequential patterns between
weather variables. The loss function used is categori-
cal_crossentropy and the model is compiled using the
Adam optimizer. The training process is formulated
as follows:

9 = LSTM(Xscated;0™) (3)

Where 6* is the best set of search results parameters
with Optuna, and X;.qieq is the normalized meteoro-
logical feature matrix. Output g in the form of predic-
tions of fire risk levels in four classes: Low, Moderate,
High, and Very High. This model is then used in the
multimodal integration stage with visual imagery as
part of a real-time fire detection and prediction sys-
tem. The meteorogical dataset was also divided using
stratified splitting into 80% training and 20% testing.

To ensure robust model evaluation and prevent
overfitting, the dataset was partitioned into train-
ing and testing subsets using stratified sampling, with

the testing data completely excluded from all prepro-
cessing stages, including SMOTE oversampling and
feature selection. Only the training subset under-
went class balancing and hyperparameter optimiza-
tion. This procedure guarantees that the model’s
performance metrics, such as accuracy and AUC,
are measured strictly on unseen data. Furthermore,
dropout regularization and early stopping strategies
were employed during training to improve the model’s
generalization capability.

2.5 Multimodal fusion integration

he multimodal fusion integration stage was con-
ducted to combine two different but complementary
sources of information, namely the visual image clas-
sification results from the ViT-GRU model and the
fire risk prediction results from meteorological sen-
sor data processed through the LSTM-Optuna model.
The integration is done at the decision-level fusion,
where both model outputs are combined to produce
a more accurate and contextualized final prediction.
This fusion uses a weighted voting approach, with
weights assigned based on the accuracy of each model
on the validation data. Mathematically, the final clas-
sification result y_final can be expressed as:

Yfinal = arg max(a.Pyir—gru(c) + B.Prsri(c))

ceC

(4)
Here, ¢ represents a candidate class label from
the set of all possible classes C. The probabilities
Pyir—gru (¢) and PPpsras () denote the confi-
dence scores assigned by the visual and sensor-based
models, respectively. The final decision ¥ finai is ob-
tained by selecting the class ¢ that maximizes the
weighted probability combination, as indicated by the
arg max operator, and o and 3 are weights that sat-
isfy a4+ 8 = 1. Here, arg max refers to the argument
of the maximum, which indicates the index or class
label corresponding to the highest prediction prob-
ability among the outputs. This strategy allows the
system to provide a final prediction based on a combi-
nation of visual and sensor information in an adaptive
manner to the conditions on the ground. To clarify
the multimodal integration process in a real-time for-
est fire detection and prediction system, the workflow
of the proposed pipeline can be seen in the following

figure:

Fire Image Input YOLO v11 Cropping Fire Vit-GRU
callll Detection Region Classifier

Class: Fire
Non Fire

Sensor Data Input] LSTM + Optuna Class: Low / Moderate / Decision -
Classifier High / Very High Level Fusion

Final Output:
Contextual Fire
Risk

Fig.4: Flowchart of the Multimodal Fusion.
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This figure shows the flow of a hybrid system that
combines visual detection using YOLOv11 and ViT-
GRU with IoT sensor data-based predictions through
an LSTM model optimized using Optuna. Fire im-
ages are processed through detection and cropping
stages before being classified as fire or non-fire, while
environmental sensor data is classified into four fire
risk levels. These two outputs are combined through
a weighted decision-level fusion process to produce
a final prediction of fire risk that is contextual and
adaptive to real-time environmental conditions.

2.6 IoT Sensor Data Acquisition

ToT devices are designed to integrate various types
of sensors relevant to fire risk indicators. The design
of the IoT system used in this study can be seen in
the image below.

m ,‘cmm;:mww loT Fire Prediction System
- Ty Sensor Processor | Controller
~L
= DHT22 Sensor Data Analytics Data
- Visualization
| Anemometer Wind [t TIC] Cloud
Speed Sensor Da‘aI Computing ' ' O
Rait Somsr Cor ] Nkl
Rainfall Sensor
User & Interface
Soil Moisture Streamlit
Sensor

Fig.5: IoT Device Design.

The figure above illustrates the architecture of the
IoT sensor data acquisition system for real-time forest
and land fire prediction. This system consists of four
main sensors, namely DHT22 to measure air temper-
ature and humidity, Anemometer Wind Speed Sen-
sor to detect wind speed, Tipping Bucket Rainfall
Sensor to measure rainfall, and Soil Moisture Sensor
to detect surface soil moisture. All sensors are con-
nected to Raspberry Pi as the main processing unit
that performs data acquisition and delivery to the
cloud via IoT infrastructure. The collected data is
processed in an integrated manner using analytical
modules and cloud computing, then the results are
visualized through a Streamlit-based user interface.
This system also allows operator interaction through
station control for adaptive and real-time fire predic-
tion monitoring.

2.7 Finalization and evaluation of the model

Model finalization and evaluation are performed
to assess the overall system performance after the
training and integration phases are completed. Eval-
uation is performed using various metrics for each
model, including classification report, confusion ma-
trix to see the distribution of correct and incorrect
predictions[38]-[40], and ROC curve to measure the
trade-off between true positive rate and false positive
rate[41]-[43] In the YOLOv11 model, the evaluation
metric used is the mean Average Precision (mAP)
at two levels, namely mAP@0.5 and mAP@0.5:0.95

which reflects the detection accuracy at various IOU
thresholds. In addition, training loss and validation
loss graphs are used to monitor the convergence and
stability of the model during training. This evalua-
tion ensures that the model is not only accurate, but
also generalizable when applied to new data in a real
environment.

3. RESULT AND DISCUSSION

3.1 Performance of fire object detection with
YOLOv11

The performance evaluation of the object detection
model was carried out using the mean Average Pre-
cision (mAP) metric as the main indicator of detec-
tion success at various Intersection over Union (IoU)
thresholds. The mAP@0.5 and mAP@0.5:0.95 values
were used to measure the accuracy of the model in
detecting fire objects in the test image. The evalu-
ation results of the YOLOv11 training process with
SGD optimization for 50 epochs can be seen in the
following figure:

Fig.6: YOLOwv11 Training Fvaluation Results Using
mAP and Loss Function.

Based on the training results, the YOLOv11 model
shows excellent visual detection performance, with
mAP@O.5 reaching 0.877 and mAP@0.5:0.95 reach-
ing 0.537 at the end of the 50th epoch. During the
training process, the loss values of components such
as box_loss and cls_loss consistently decreased, indi-
cating an increase in accuracy in predicting bound-
ing box locations and object classification. In ad-
dition, the stable dfl_loss value in the range of 1.26
indicates the model’s ability to estimate the bound-
ing box distribution with high precision. Precision
and recall were recorded at 0.876 and 0.797, respec-
tively, indicating that the model is able to detect
fire objects with a low error rate and high predic-
tion consistency. Overall, these results indicate that
the YOLOv11 model has been optimally trained and
is ready to be used in the integration stage with ViT-
GRU for advanced classification. The following are
the evaluation results of the development of loss met-
rics (box_loss, cls_loss, dfl _loss) and detection metrics
(precision, recall, mAP50, and mAP50-95) during 50
training epochs which can be seen in the following
image:

Evaluation of training data characteristics is es-
sential to understand the spatial distribution pattern
and size of objects to be detected by the model. Vi-
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Fig.7: Loss Fvaluation Curve and Detection Per-
formance of YOLOv11 Model During Training.

sualization of the bounding box distribution and the
relative position of objects in the image are used to
ensure the uniformity of annotation and the adequacy
of data representation against variations in the shape
and location of fires. The results of the evaluation
of object distribution in the training dataset can be
seen in the following figure:

Fire

0.6- 06-
04- 04-

0.2- 02-

Fig.8: Distribution and Characteristics of Fire Ob-
ject Bounding Bozes in the Training Dataset.

Based on the visualization in Figure 8, it can be
seen that the fire objects in the dataset have a very
large number of instances and only consist of one
class, namely fire. The upper right image shows a
fairly even distribution of bounding boxes with a con-
centration in the central area of the image, indicating
that most of the fire objects are in the central area.
The distribution of the object’s center coordinates
(z,y) shows a high concentration around the middle
value, while the distribution of the bounding box di-
mensions (width and height) indicates that most ob-
jects are relatively small to medium in size. This in-
formation indicates that the training dataset has suf-
ficient diversity of object positions and sizes, which is
very important in helping the YOLOv11 model learn
to detect fire in various spatial conditions, here are
the results of fire object detection:

Based on Figure 9, it can be seen that the op-
timized YOLOv11 model is able to detect fire ob-

Fig.9: Fire Object Detection Results by Model.

jects accurately in various backgrounds, light inten-
sities, and environmental conditions, including large
flames and sparks. The resulting bounding box shows
the model’s ability to identify the location and size
of objects with high precision. In addition, detec-
tion remains stable even in images with many fire
sources or high visual complexity. This strength-
ens the results of the previous quantitative evaluation
that YOLOv11 is effective for detecting fire objects
in real-time fire monitoring systems.

3.2 Classification results using ViT-GRU

The evaluation of image classification performance
between fire or non-fire was conducted to measure the
accuracy and precision of detection of each model.
The three models compared were GRU, ViT, and
ViT-GRU integration. The evaluation results of the
three models can be seen in the following figure:

Contusion Hatrx ora

H

T | Contusen W i

Fig.10: Comparison of Confusion Matriz in GRU,
ViT, and ViT-GRU Models.

Analysis of Figure 10 shows that the GRU model,
which only relies on the temporal feature data se-
quence from the CNN-extracted image, produces a
misclassification of 102 instances (67 false positives
and 35 false negatives), indicating its limitations in
accurately capturing spatial features from visual im-
ages of fires. Meanwhile, the ViT model, which uti-
lizes the self-attention mechanism to capture global
dependencies between image patches, managed to
drastically reduce the misclassification to only 12 in-
stances, demonstrating its effectiveness in recogniz-
ing complex spatial patterns such as flame shapes and
smoke plumes. The ViT-GRU model, which combines
the spatial representation of ViT with the sequential
capabilities of GRU, managed to provide the best re-
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sults, only making 2 misclassifications from a total of
more than 7500 samples. This shows that the integra-
tion of GRU after ViT is able to capture sequential
information between patch features formed from the
ViT visual representation, such as the dynamic pat-
terns of flames and smoke contours that repeat in the
image. With very low false positives and false nega-
tives, the ViT-GRU model is proven to be optimal in
detecting fire objects precisely and can be relied on
to support real-time visual early warning systems in
extreme environmental conditions. Here is a compar-
ison graph of the accuracy levels of the three models:

Accuracy Comparison (%)

100 99.84% 98.65% 99.97%

80

60
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401
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ViT GRU ViT+GRU
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Fig.11: Model Accuracy Level Comparison Chart.

The figure compares the accuracy of the ViT,
GRU, and ViT-GRU models in classifying fire im-
ages. The results show that the ViT-GRU model has
the highest accuracy of 99.97%, followed by ViT with
99.84%, and GRU with 98.65%. This indicates that
the combination of ViT and GRU is able to utilize
the power of spatial representation of ViT and se-
quential processing of GRU synergistically, resulting
in a more accurate and reliable classification than a
single model.

3.3 Fire risk classification based on IoT sensor
data using LSTM-Optuna

The meteorological dataset used in this study
comes from the acquisition of IoT sensors that record
temperature, humidity, rainfall, wind speed, and soil
moisture variables periodically. To improve the ef-
fectiveness of fire risk prediction, a feature selection
process is carried out using the LASSO method to
eliminate variables that are less relevant to the tar-
get. The results of feature selection and correlation
analysis between meteorological variables are visual-
ized in the form of a heatmap, which can be seen in
the following figure:

Based on the results of the correlation visualiza-
tion between features using heatmaps, several statis-
tical relationships were obtained that showed signifi-
cant relationships between input variables. Tavg (av-
erage temperature) has a strong negative correlation
with RH_avg (average air humidity) of -0.70, indicat-
ing that increasing temperature is closely correlated
with decreasing air humidity, a condition that is sci-
entifically known to increase the risk of vegetation
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Fig.12: Correlation Between Meteorological Fea-
tures Based on Heatmap.

fires. In addition, the soil surface moisture variable
has a positive correlation of 0.57 with rainfall (RR),
indicating that rain accumulation consistently con-
tributes to maintaining soil water content, which is an
important indicator in predicting extreme drought.
Another positive correlation of 0.45 between RH_avg
and soil moisture also strengthens the understanding
that humid atmospheric conditions will be reflected
in soil conditions. By combining this correlation anal-
ysis and the results of feature selection from LASSO
(which automatically eliminates features with regres-
sion contributions close to zero), relevant features will
be trained into an LSTM model optimized through
the Optuna algorithm. This strategy not only min-
imizes overfitting due to multivariate noise, but also
improves the model’s generalization ability in identi-
fying fire risk patterns based on complex weather and
environmental dynamics.

The initial distribution of labels in the fire risk
classification dataset showed significant class imbal-
ance, with the Moderate category dominating with
3,524 samples, while the Very High category only had
62 samples. To overcome this problem and improve
model performance on minority classes, data balanc-
ing was carried out using the SMOTE method. The
distribution results before and after applying SMOTE
can be seen in the following figure:

Label Distribution Before SMOTE Label Distribution After SMOTE
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Fig.13: Label Distribution Before and After
SMOTE Implementation.

The figure shows that before the application of
SMOTE, there was a label imbalance that could
cause model bias towards the majority class (Mod-
erate). This imbalance has the potential to reduce
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the model’s sensitivity to the high and very high fire
risk classes which are important for early detection.
After SMOTE was applied, all classes were equalized
into 3,524 samples, resulting in a balanced distribu-
tion between categories (Low, Moderate, High, Very
High). This oversampling process not only signifi-
cantly increased the proportion of the minority class
but also helped the LSTM model learn more repre-
sentative patterns from the entire fire risk spectrum,
leading to more accurate and fair predictions.

Model performance evaluation is performed using
a confusion matrix to compare the classification accu-
racy of the basic LSTM model with the LSTM model
that has been optimized using the Optuna algorithm.
The following figure presents a comparison of classi-
fication between four fire risk classes: Low (0), Mod-
erate (1), High (2), and Very High (3):

Confusion Matrix - LSTM

Confusion Matrix - LSTM + Optuna

1
Predicted predicted

Fig.14: Comparison of Confusion Matriz of LSTM
and LSTM + Optuna Models.

Based on the confusion matrix, the baseline LSTM
model showed quite good classification performance
in the Very High and High classes, but produced
many misclassifications in the Low and Moderate
classes, as seen from the misclassifications between
classes 0 to 1 (75 cases) and 1 to 3 (55 cases). Af-
ter hyperparameter optimization using Optuna, there
was a significant increase in the accuracy of the Low
and Moderate classes, with correct predictions reach-
ing 699 and 664 respectively, as well as a drastic de-
crease in inter-class errors. Although there was an
increase in misclasses in the High class (from 13 to
138), this indicates a more aggressive classification
trade-off in classes with narrow distributions. Over-
all, LSTM+Optuna managed to improve the stabil-
ity of predictions in most classes, demonstrating the
effectiveness of tuning in improving model general-
ization to variations in IoT sensor data in fire risk
classification. Here is a comparison of the accuracy
levels of the two models:

The image above shows a significant increase in ac-
curacy of the LSTM model after optimization using
Optuna, from 68.79% to 92.66%. This proves that
systematic hyperparameter tuning with Optuna can
substantially improve the predictive performance of
the model in classifying fire risk levels based on IoT
sensor data. This striking difference in accuracy em-
phasizes the importance of the optimization process
to obtain optimal model performance.

Further evaluation of classification performance

Accuracy Comparison
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Fig.15: Comparison of LSTM and LSTM+Optuna
Model Accuracy.

was carried out using the Receiver Operating Char-
acteristic (ROC) Curve to compare the ability of the
LSTM and LSTM+Optuna models in distinguishing
fire risk classes. The main objective of this analysis
is to determine the level of model generalization, as
well as detect potential overfitting in the optimized
model. The results of the ROC Curve performance
evaluation can be seen in the following figure:

ROC Curve
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Fig.16: Comparison of ROC Curves for LSTM and
LSTM+Optuna Models.

Based on the ROC curve, the LSTM model pro-
duces an Area Under Curve (AUC) of 0.90, indicat-
ing a fairly good but not perfect classification perfor-
mance. Meanwhile, the LSTM model that has been
optimized with Optuna achieves a perfect AUC of
1.00, indicating that the model is able to separate
classes very well without errors in the test data. Al-
though AUC = 1.00 is an ideal indicator, this value
also needs to be further analyzed to avoid overfit-
ting. However, because this evaluation was carried
out on separate test data, and the recall and preci-
sion values were also high and consistent, it can be
concluded that LSTM + Optuna did not experience
significant overfitting and actually strengthened the
model’s generalization ability to IoT sensor-based fire
risk data.

Although the optimized LSTM model achieved an
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AUC score of 1.00, this result was obtained from a
completely isolated test set that was not involved dur-
ing training, feature selection, or oversampling. The
combination of stratified hold-out validation, regular-
ization techniques, and Optuna-based hyperparame-
ter tuning effectively mitigated the risk of overfitting.
Additionally, the consistent performance across all
metrics such as accuracy, precision, recall, and ROC
curve further confirms the model’s ability to general-
ize well to unseen environmental data.

The following image shows the results of the IoT
system trial developed to measure meteorological pa-
rameters directly in the field. Data from sensors such
as air temperature, humidity, rainfall, wind speed,
and soil moisture were successfully sent and displayed
in real-time to Google Sheet. The results of the data
acquisition can be seen in the following image:

Kolombapan Tana)

1 o 1 3

Fig.17: Field Testing and Real-Time Meteorological
Data Acquisition Through IoT.

This test proves the successful integration between
ToT hardware and Google Sheets-based cloud system
for real-time meteorological data acquisition. The
transmitted data includes five main variables that
are highly relevant for fire risk prediction: air tem-
perature, air humidity, hourly rainfall, wind speed,
and soil surface moisture. The variability of the data
recorded at each time shows that the sensor is able to
capture environmental dynamics accurately and con-
tinuously.

3.4 Multimodal fusion results and final deci-
sion

The following figure shows the results of the de-
velopment of a Streamlit-based interface system that
integrates the LSTM-Optuna model with real-time
IoT sensor data. Data is automatically sent from
TIoT devices to Google Sheets and accessed directly
by the system to generate fire risk predictions. The
appearance of the developed system can be seen in
the following figure:

This dashboard is the result of the implementation
of a fire risk prediction model based on meteorolog-
ical data using an LSTM architecture that has been
optimized with the Optuna algorithm. Data such as
temperature, air humidity, rainfall, wind speed, and
soil moisture are sent in real-time from IoT devices
to Google Sheets, then used as prediction input. The
classification results are displayed in four risk cate-
gories: Low, Moderate, High, and Very High, which

® Sistem Deteksi Kebakaran

Deteksi Lokasi Api dengan YOLO + Klasifikasi Gambar Menggunakan ViT-GRU

Data Sensor Realtime

.....
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Fig.18:  Streamlit Interface for LSTM and IoT-
Based Fire Risk Prediction.

are displayed dynamically along with the latest sen-
sor values. With this interface, the system is able to
provide risk notifications directly to users without the
need for manual intervention, indicating the system’s
readiness to be used in preventive and real-time field
monitoring scenarios.

The following shows the interface of the results of
the implementation of the fire detection and classi-
fication model based on IoT-based visual and envi-
ronmental data. The system uses YOLO to detect
the presence of fire objects spatially, and ViT-GRU
to classify images into fire or non-fire based on the
extracted visual features. The final result is deter-
mined based on the fusion with fire risk predictions
from IoT sensors using the LSTM model, as can be
seen in the following figure:

B Hasil Deteksi Bounding Box @ Hasil Klasifikasi Gambar W Hasil Deteksi Bounding Box @ Hasil Klasifikasi Gambar
(oLo) (ViT-GRU) (YoL0) (ViT-GRU)

FIRE & NON-FIRE (2

@ Keputusan Akhir Berdasarkan Multimodal

» Potensi Kebakaran Tinggi

Fig.19: Visual Detection System Interface (YOLO
+ ViT-GRU) and Multimodal-Based Decision Final-
ization.

In the left view, YOLO successfully detected the
presence of fire in the field image, and the ViT-GRU
classification result shows the fire label with a confi-
dence level of 97.06%. On the other hand, in the right
view, the system did not detect the presence of fire,
and the ViT-GRU classification result indicates non-
fire with a confidence level of 94.42%. Both of these
processes show that ViT-GRU is effective in distin-
guishing fire objects based on visual features, and is
able to maintain high accuracy in both positive and
negative cases. The combination of YOLO and ViT-
GRU provides a fast and reliable image-based classi-
fication basis.

Next, the system performs multimodal fusion with
the results of the fire risk level prediction from IoT
data using LSTM-Optuna. In the test shown, the
sensor prediction shows a High risk level, which is
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then combined with the visual classification results.
The final fusion result is displayed in the form of a
more contextual decision, such as Fire is Very Likely
if visual detection and sensor risk are mutually rein-
forcing, or High Fire Potential if only one component
is active. This approach increases the reliability of
the system in providing warnings that are not only
based on visual detection alone, but also consider the
dynamics of the microenvironment in real-time.

A performance comparison of YOLO-based object
detection models was conducted to evaluate the su-
periority of the YOLOv11 model developed in this
study over previous versions, namely YOLOv6 to
YOLOv10. All models were tested using the same
fire dataset with similar training parameters to ensure
test objectivity. The evaluation was conducted based
on four main metrics: Precision, Recall, mAP@Q.5,
and mAP@O0.5:0.95, which represent detection accu-
racy at various Intersection over Union (IoU) thresh-
olds. The following table contains the results of test-
ing the YOLO version with the same dataset:

Table 1: Comparison of YOLO Model Performance
With the Same Dataset.

Model Precision | Recall | mAP@Q.5 | mAP@0.5:0.95
YOLOv6 72.3% 68.5% 85.6% 0.480
YOLOv7 75.8% 70.4% 86.4% 0.487
YOLOv8 80.6% 74.1% 87.1% 0.495
YOLOvV9 84.7% 77.5% 87.4% 0.509
YOLOv10 83.2% 76.8% 86.9% 0.531
Research 87.9% 79.7% 87.7% 0.537

Model

(YOLOv11)

Based on the evaluation results in Table 1, the
YOLOv11 model shows the best performance with
a precision of 87.9%, recall of 79.7%, mAP@Q0.5 of
87.7%, and mAP@O0.5:0.95 of 0.537. All of these
metric values are higher than the previous version
of YOLO. YOLOvV10, which is the latest version be-
fore YOLOv11, only achieved mAP@0.5 of 86.9% and
mAP@0.5:0.95 of 0.531. This indicates that this re-
search model is not only superior in detecting fire
objects precisely, but also more stable in recogniz-
ing variations in the size and position of objects in
the image. These advantages strengthen the validity
of YOLOv11 as the foundation for early detection in
the multimodal system proposed in this study.

Table 2 presents a performance comparison of
different ViT models combined with different deep
learning algorithms for visual classification.

Based on Table 2, the ViT+GRU model pro-
posed in this study shows the highest accuracy of
99.97%, outperforming all other comparison models
such as ViT-CNN (99.61%), ViT-UNet (93.50%), and
ViT-LSTM (91.15%). This shows that the integra-
tion of ViT architecture with GRU is able to cap-
ture the spatial representation of visuals in depth
through self-attention and strengthen it with GRU’s
ability to understand temporal relationships between

Table 2: Performance Comparison of ViT Model
with Deep Learning Model.
Researcher | Year Model Accuracy
[44] 2022 | VIT-Bi-LSTM | 86.67%
45 2024 ViT-LSTM 91.15%
46 2025 ViT-RNN 92.10%
47 2024 ViT-UNet 93.50%
48 2025 ViT-CNN 99.61%
(Research) | 2025 | ViT4+GRU 99.97%

extracted visual features. Compared to other ap-
proaches that rely solely on feed-forward networks or
convolutional networks after ViT, the use of GRU
provides significant advantages in capturing the dy-
namics of information sequences in images that may
contain complex spatial variations such as smoke,
sparks, and unstable lighting. This combination
makes ViT+GRU highly reliable for image-based fire
classification tasks.

Figure 19 presents the results of the performance
comparison of various deep learning models in the
classification of fire risk levels based on meteorological
data. Testing was carried out on the same dataset
using the accuracy metric as the main indicator of
model performance.

Comparison of Deep Learning Model Accuracy with Meteorological Dataset
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F1g9.20: Comparison of Deep Learning Model.

Based on the results in Figure 20, the LSTM
model optimized using Optuna in this study achieved
the highest accuracy of 92.66%, outperforming other
models such as Transformer Encoder (92.30%) and
1D-CNN (91.50%). The GRU and Bi-LSTM models
performed quite well with accuracies of 88.67% and
89.52% respectively, but were still below the research
model. The superiority of this model lies not only
in the LSTM architecture itself, but also in the ap-
plication of hyperparameter optimization process us-
ing Optuna and data balancing technique (SMOTE),
which significantly improves the generalization abil-
ity to unbalanced data. These results confirm that
the combination of feature engineering, auto-tuning,
and LSTM-based temporal modeling provides more
accurate classification results for meteorological data
in the context of fire risk prediction.
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3.5 Practical Implementation Considerations

In addition to accuracy metrics, practical deploy-
ment aspects of the proposed system were also eval-
uated. The real-time Streamlit dashboard demon-
strated an average response time of approximately
3-5 seconds from sensor data acquisition to the final
risk prediction output, which is sufficient for early
warning purposes in forest fire monitoring. The sys-
tem architecture is designed to be scalable, allow-
ing integration of additional IoT nodes across larger
geographic areas and extension with drone or satel-
lite imagery to further enhance coverage. From a
cost perspective, each IoT unit including Raspberry
Pi, DHT22 temperature and humidity sensor, soil
moisture sensor, tipping bucket rainfall sensor, and
anemometer was estimated to cost approximately
USD 800 per unit. This relatively low hardware cost
highlights the feasibility of deploying multiple units
in parallel to establish a distributed fire monitoring
network in vulnerable regions.

4. CONCLUSIONS

This research successfully developed a multimodal
forest fire detection and prediction system that inte-
grates Computer Vision and Internet of Things (IoT)
technologies. The YOLOv11l model is used to de-
tect the presence of fire in the image, followed by
a visual classification process using a combination
of Vision Transformer (ViT) and Gated Recurrent
Unit (GRU), which is proven to produce the high-
est accuracy of 99.97%. Meanwhile, the Long Short-
Term Memory (LSTM) model optimized with Op-
tuna showed superior performance in classifying fire
risk levels based on meteorological sensor data, with
an accuracy of 92.66% and an AUC of 1.00. Mul-
timodal fusion is performed at the decision-level to
obtain adaptive and contextualized final predictions,
enabling the system to provide more precise and real-
time fire warnings. The system has also been imple-
mented in the form of a Streamlit dashboard inte-
grated with Google Sheets to display IoT sensor data
in real-time, proving its feasibility to be applied in
the field as an automatic monitoring system and re-
sponsive to environmental conditions.

Future research can focus on developing a stacked
ensemble method to improve the performance of fire
risk level prediction. By combining various deep
learning and machine learning models in a stacked
ensemble architecture, the system is expected to pro-
duce more robust and generalizable predictions. In
addition, exploration of feature-level fusion and uti-
lization of satellite or drone imagery data can further
expand the scope and precision of the system in real
scenarios.
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