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Abhstract-

: Mmhﬂlﬁtmdﬂldnmm mondmm imate
ge has directly and indirectly affected the occurrence of these, as well as socia
:mlllve lnen:xd the vulnerability of people. Consequently, and given the
: rrence of these, it is important to have early warning systems that allow
timely and effective response. & F

Artificial intelligence, machine learning and Computer Vision offer an effective and
achievable alternative for opportune detection of wildfires and thus reduce the risk of
disasters. YOLOV7 offers a simple, fast, and efficient algorithm for training object detection
models which can be used in early detection of smoke columns in the initial stage wildfires.

The developed model showed promising results, achievinga score of 0.74 in the F1 curve

when the confidence level is 0.298, that is, a higher score at lower confidence levels was
obtained. This means when the conditions are favorable for false positives. The metrics
demonstrates the resilience and effectiveness of the model in detecting smoke columns.

Keywords: Early Warning, Object Detection, Artificial Intelligence, Computer Vision,
YOLO.
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A wildfire is a fire that, whatever its origin and with danger or damage to people,
property, or the environment, spreads uncontrolled in rural areas, through woody,

bushy or herbaceous vegetation, alive or dead. In other words, it is an unjustified

and uncontrolled fire in which the fuels are plants and which, in its propagation, can
destroy everything in its path ("Wildfires in Chile- CONAF )

In the last 10 years there have b

hectares of grassland, scrublan
land, among others.

een 67,567 Wildfires, affectingan area of 1,246,922
d, forest plantations, native forest, and agricultural

Climate change has increased th:
(Borunda, A.). Although the caus
generation of these fires are high

e risk of Wildfires both directly and indirectly
ality of fires is 99.7% human, the conditions for the
er than they would be without climate change.

Given this scenario, it is significant to have early warning systems that,
of an inevitable occurrence of a forest fire,make it possible to activate
the necessary resources for its rapid control and extinction, thus preservi
of people, their property and the environment.

in the event
and deploy
ng the lives

FOREST FIRE DETECTION SYSTEMS

Wildfires are incidents with a high destructive potential and asudden growth, even
more so when weather conditions allow it.

Therefore, is very important to apply a rapid firefighting strategy thatprevents
fires from growing in extent and severity.

The early detection of fires is essential to injtiate procedures that culminate
in firefighting. Among them is the notification of the start o'f the fire to the
Regional Coordination Center of CONAF (CENC‘OR). who, in turn, with the ;
respective technical background_, analyze the situation and generate the
dispatch of relevant land and/or air resources.
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B Fixed Terrestrial Detection

This is the most‘widely used form of detection in Chile. It consists of having
a Person.observmg from metal or wooden towers that are between 15 and 30
meters high, or from lower booths knownas detection posts.

C. Airborne Detection

This detection method uses aircraft, usually single-engine high-wing aircraft,
to detect fires from the air. The pilot is accompanied by an observer, who
oversees doing the observation. This technique makes possible to observe a
large amount of area in an abbreviated time and provides accurate and
detailed information about the detected fire and the area over which it is
flown. However, its operating cost is high.

p. Detection with television systems
This method uses television cameras to transmit their signal viamicrowaves
to screens at a command post, such as in a vehicle in the field or at a
coordination center. There, specialists analyze the situation based on what

they see on the screen.

E. Satellite Systems

In some parts of the world, due to the lack of forest fire protection
organizations or detection systems, the only way to knowwhat is happening
is to use low orbit satellite images, such as those provided by the Aqua and

Terra satellites.




dwm':::' ‘::::“;:J:r known as artificial vision or technical vision, is a scientific
anderstanding ima ves ftechniques for acquiring, processing, analyzing and
information that carg\e;. St el wiorld o B
use our eyes and br be processed by computers (J. Morris, 1995). Just as humans
AR ains to make sensg of the world around us, computer vision
an image of sequ :ame eff_eCt by allowing a computer to perceive and understand
Wi onthp i ac:‘ce of images and act accordingly given the situation. This
and other disciplin s diverse as geometry, statistics, physics
e vie\:edefs. Data co!lectlon is achieved in a variety of ways, such asimage
S rom multiple cameras or multidimensional data from medical

flea|—time object detection is a particularly important topic in computer vision, as it
IS oﬁen a necessary component in computer vision systems. Some of its current
applications are object tracking, public safety and active surveillance, autonomous
vehicle driving, robotics, medical image analysis, among others.

Computing devices that run real-time object detection processes usually use CPUs
or GPUs for their tasks, however, nowadays the computational capacity has
improved exponentially with the Neural Processing Units (NPU) developed by

different manufacturers.

accelerating operations through several types of
st widely used being the multilayer perceptron or
rtificial neural network formed by multiple layers
to solve problems that are not linearly separable.

These devices focus on
algorithms, one of the mo
Multilayer Perceptron (MLP),an a

in such a way that it has the ability




:OI.O fs an _alcoﬂthm that uses neural networks to provide real-time
etec‘tton. It ‘IS an algorithm known for its speed andaccuracy and YOLO is curr
used in a variety of applications such as traffic signal detection, people accou

detection of available spaces in pnvate parking lots, remote animal surveillance,
among others.

4. Operation of YOLO KT

The YOLO algorithm works by using three techniques:
« Intersection over Union (I0U).

« Regression of the bounding box.

. Residual blocks.

B. Residual blocks

The analyzed image, which can be a frame of a sequence (video), is divided
into several grids. Each grid has a dimension 5xS.

The following image shows an example of grids. . .
Each cell will detect the objects that appear inside them. For example, if an object

appears inside a given cell, the cell will perform processing on its own and
separately from the others.




Fig. 1 - Example of residual block, source: guidetomlandai.com

C. Regression of the bounding box

Abounding box is an outline that highlights an object within an image
or cell. Each box has a height, a width, a class (what weare looking for:

car, dog, traffic light, fire smoke) and a centroid. The following image
shows an example of a bounding box.

t:(OLO uses a single bounding box regression to predict the items listed
above.

y = (pr’b.l ’b\"bh ,b“,,C)

h

Fig. 2 - Example of bounding box, source: appsilondatascience.com

Intersection over Union (I0U)

Intersection over union is a phenomenon in object detection that
describes how blocks overlap in an image, where block is understood as
the set of cells where the detected object is located.

YOLO uses 10U to provide an output block surrounding the detected
object. Each grid cellis responsible for predicting the bounding boxes and
their confidence score.



Fio. 3. ; I ;
2.3 - Example of Intersection over Union, source: miro.medium.com

F. Output result
YOLO combines the three techniques for accurate detection. First, having
the SxS grid of the analyzed image allows evaluating each section
individually and being able to detect the bounding boxes and their
respective confidence scores.

For each bounding box, the class of detected object is set and finally, using 10U, the
frame is adjusted to ensure that the detection frame covers the entire real object

in the output image.

A

Class probabiity map

4 - Diagram of the YOLO algorithm, source guidetomlandai.com
Fig. 4 - V138 =



3 ements, s rtant to establish sp ow
“Mmodelwmoperate—to detect fires, for which the following c CHE o
established: o L

A. Location of the observer

The analyzed images by the model and used for fire detection were obtained
from distant sources, with a wide view of valley areas, forests and/or mountain
ranges, above level and with unpredictable atmospheric conditions.

Such conditions of observations are those that we could identifyin an
observation tower or fire watch. It should be considered that the
resolution of these can be varied and not uniform, depending on the
capture device used (webcam, HD camera).

B. Type of wildfire to be detected

As the objective of the system is to detect fires in their initial stage, we
will discard any images with fire and concentrate on smoke plumes and
their development, ideally taken from cameras in different scenarios.

C. Redundancy of training images

To generate greater variability and resilience to the model,
modifications have been made to part of the image dataset to increase
the amount of material for training.

In this regard, the ‘foll.owing characteristics were applied to the
dataset:

a. Mirror effect: The images were duplicated with a horizontal
rotation. This allows to have training material for different
wind conditions.




e in images that
f ambient humidity,
8reater distances distorts the focus andsharpness of the

image.

Also, the redundancy modifications and the labeling of the images in the
dataset were made in the Roboflow app, computer vision web software
that provides many functions for upload, label, augmentation, export,
train and testing models.

SOURCES OF INFORMATION

To increase the effectiveness of the model, it is important to train it with images
that are as similar as possible to the scenarios where it will be implemented. In
view of the above, different sources of information were selected to obtain images
with a wide range of geographic environments to generate a resilient model that
can beimplemented in different locations.

A. High Performance Wireless Research and EducationNetwork
(HPWREN)

The High-Performance Wireless Research and Education Network is a University
of California partnership project led by the San Diego Supercomputing Center and
the Institute for Geophysics and Planetary Physics at Scripps Institution of

Oceanography.

HPWREN works as a collaborative cyber infrastructure connected to the Internet.
The project has a vast network of camerasin the State of California, USA, which

have been used for wildfire observation.
In particular, the HPWREN images were obtained from the 41for Mankind project,
founded by Wei Shung Chung.

B. Social Networks

Wildfires are high-impact emergencies and are considered by society as public
interest events. Therefore, a search for images of Wildfires was made on the Twitter




C. Images created with Artificial Intelligence

;‘; A S ative way, the well-known artificial intelligences Dall-E from OpenAl
able D, l.”us ion from StabilityAl were used to generate images using the following input phrase: “Wildfiresmoke

in early stage ;
v as seen from an observation tower or high anddistant point”,

Fig. 6 - Forest fire smoke image created with Dall-E

D. Self-made computer Images

To complement the dataset with smoke columns originating in different places,
images were generated by superimposing layers with the Photoshop application. For
this purpose, base images of cameras and observation towers without smoke were
selected and new images were artificially created with different types of smoke

originating from different points.
Applying the redundancy characteristics, the dataset was strengthened

to 2,712 images, distributed as follows:

4. Training Set

mages to train the neural network of the algorithm to classify
he images in the datasetcontain a bounding box with
bject to be detected, in this case, the smoke plumes.

Set of 2,405 i
the smoke in them. Allt
the exact location of the o

5 Validation Set
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neitl?:rzrlm that are unknown to the neural network and were used
the thttel ing nor for validation. It is used to assess the performance of
against new scenarios. Its metrics are considered the most

important because it establi indi i i
) ablish ed
SCERRRGE. es a performance indicator against the desir

Ehethmogg training process was performed using a pre-trained base model arranged
y the YOLOV7 algorithm on the Google Colab platform, using an Nvidia A100-
SXM4 GPU with 40 Gb of memory.

EVALUATION METRICS

A. Mean average precision (mAP)

mAP@.5 is a performance measure commonly used in object detection tasks
that refers to the average detection accuracy mAP (mean Average Precision) for
different values of the Intersection over Union (IoU) threshold.

The mAP detection accuracy refers to the average accuracy of an object
detection model in correctly detecting and classifying objects in a set of test
images. It is calculated by comparing the model predictions with the truth
labels of the objects in the testimages and measuring the average accuracy

across all images.

The IoU threshold refers t
and the truth label of an obje
is 0.5, it means that the mo
overlap between the predictio

o the ratio of overlap between the model prediction
ct in an image. For example, if the IoU threshold
del prediction is considered correct only if the
n and the truth label is 50% or more.

B. F1 Curve

ol commonly used in classification tasks to
f a model. It is used to evaluate the accuracy
rent classification thresholds.

The F1 curve is a to

evaluate the performance ©
and recall of @ model at diffe




To draw the F1 curve, the classification threshold is varied, and the
accuracy and recall are calculated for each threshold. The accuracy and
recall values are then plotted on a graph and connectedby a line. The result
1S a curve showing how accuracy and recall vary as the classification
threshold changes. The F1 curve is useful for evaluating model
performance at different thresholds and for choosing the optimal threshold

for the model.
EVALUATION OF THE MODEL
A. Model N° 1 - e

— 3l classes 0,379 MAPE0.5

08

Precision

02

Fig. 7 - PR Curve Model No. 1 - Own elaboration

The first trained model shows a mean average mAP accuracy of 0.379. that
15 37.9% correct on the test set.

Regarding the F1 curve, the model obtained a score of 0.44 when the
confidence value is set at 0.215.

-
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Fig. 8- Curve Fy Model No. 1 - Own elaboration

10

Z)?:eago;()e Jesults are considered deficient, since their best performance does’ ot
; (:h fo eﬂjectlveness, and occurs when the confidence value of the model is
OW, theretore, 1t has a high tendency to generate false positives. :

e always a relevant factor in model training, because the

IOWCI.' the confidence level is maintained with good results, it is a sign of resilient
learning and resistance to false positives.

B. Model No. 2

06

Precision

04
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Fig. 9 - PR Curve Model No. 2 - Own elaboration

ned a mean average mAP accuracy of 0.684, that is
¢ result implies a significant improvement over the
the weights of the previously trained neural
el, collecting the previous learning.

The second trained model obtai
68 4% correct on the test set. Th
first model and is mainlybecause ;
network were used for the new mo



C. Model No, 3

Tor the training of

climinating izﬁget; ?h:fel No. 3, a cleaning of the dataset was performed,

were far from the Ob'ect'were considered ambiguous to the human eye of

This change allowe (i] o g of what the model is required to learn to detect.

significant changes i Improve the training time, however, there were no
ges in the results, keeping the same values of model N° 2.

D. Model NO. 4

Model TI\TO- 4 was trained with different parameters than those used
previously. For the previous cases, batch sizes of 64 and 32 with 300

iterations were used.

ize of 16 was used and 500 iterations were performed.

For this case a batch s
e it improved the

This increased the training time considerably and whil
results, it was not a significant increase in the first mstance.

—— smoke 0.698
e 3l clas5es 0,698 MAPGO.S

_ O?K;I(X;Iub;“:g;)re of 0.698 was obtained, only slightly higher

sult.

Fig. 10 - PR Curve Model N
In relation to the
than the previous I¢
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ig- 11 - Curve FI Model No. 4 - Own elaboration

r}lzgﬁxzr,alzglztglot% ;he F1 curve, the model showed si gniﬁcant_ly better results,
e .74 when the confidence level is 0.298, a higher score was

n atlower confidence levels, when conditions are advantageous to false
poSILIVES. This demonstrates the resilience and effectiveness of the model in
detecting smoke plumes.

On the other 'hand, this model proved to make predictions with greater confidence
than the previous ones, mainly because it considers the learning from the previous

models.

Fig 12 - Test lot Model N° 1 - Own e¢laboration




Fig. 13 - Test lot Model N° 4 - Own elaboration

SYSTEM INSTALLATION ANDIMPLEMENTATION

To pCI‘fOI'nl inference, the trained model must be loaded into an inference
application: The first step is to load the trained model into an inference application,
such as TensorFlow or PyTorch. Thisrequires providing the path to the model file

and loading it into memory.

Then, if the input image differs from the parameters expected by the model it 1s
necessary to preprocess the input image. This mayinclude resizing the image to the
dimension expected by the model,normalizing the pixel values, and converting the

image to a tensor.

Once the input image is ready, you can run the model using the model inference
method and provide the input image as input. This will return the model predictions

in the form of a tensor.

often in tensor form and can be difficultto interpret

Model predictions are be |
y to process the predictions to obtain useful

directly. Therefore, it is necessar -
information, such as the coordinates of the bounding boxes of the detected

objects and the correspondi

Once the predictions have been processed, it is possible to visualize them by
overlaying the object labels on the input image or by displaying the
predictions in tabular form. This can help to evaluate the performance of the
model and to understd

ng object classes.

nd how it works.



tepresent and manipulate multidimensi

S ental elements in data processing and are wwelyumf Y

machine learning ang data analysis,

A tensor : : -
dimension‘:ndbe Viewed as a generalization of a matrix, which is a two-
malhix. a t ala structure used to represent and manipulate data sets. Like a

e can have more than one dimension,and each dimension is
known as an axj

‘ oy S. Tensor can be used to represent data in many different
OTTS, SUCh s Images, videos, audios and texts.

In the area of artificia] intelligence and object detection, tensors are used to
process and analyze large amounts of input data, such as images or videos,
and to produ

'UCE output results, such as class labels or predictions. Tensors are
also used in natural lan

. 1y guage processing and machine translation, among
other applications.

Fig. 14 - Model No. 4 applied to smoke image with 91% success rate

To use the model in video cameras, either in real time or by obtzlixling imaggs
from them, the capture device must be connected to a processing device. This
can be a computer or a Raspberry P1. _

It is important to point out that the model does not need to be implemented
in th pame device that captures the images from the camera, since the
» h.e : designed to meet the objectives of themodel is built using the
a{? l:eCt:\:;. moge where the clients correspond to one or several sources of
client-se ) :
information while the server

re the model is executed and theinferences are
corresponds to the source whe




CONCLUSIONS

Undou

climat:tzgzl’g?e al]:(lllenomenon of Wildfires will increase. On the one hand, due to

A Tl_on the other? to social phenomena such as migration, the

T 'famll ulies from tl}e city to the countryside, and intentionality, among
, will significantly increase vulnerability to this type of anthropogenic

event, both in terms of occurrence and severity.

Given lthls scenario, it is important that authorities, civil society, and people in
lg)energ become aware of the seriousness of this situation and adopt preventive
ehaviors that contribute tomitigating the effects of fires through self-care practices

such as preventive forestry.

On the other hand, in the face of the inevitable occurrence of forest
emergencies, having early warning systems in place will helpreduce
response times and thus ensure that forest emergencies can be controlled

by first responders in less time, thereby reducing theireffects on people,
their property and the environment.

The present model offers an alternative that complements early warning
e and private levels, through scienceand technology;

systems, both at the stat |
using the tools that Artificial Intelligence offers and that can be implemented
in a simple way and with minimal knowledge of computer science and

programming.

model has an acceptable performance, o improve it, it

d better labeled training set that allows the
tter scenarios of forest fire occurrence in

: o.learn more and be : .

R a? peitworlé tLikewise, it is necessaryto rescuc the learning of the previous

i én;tlgns,:ﬁi t.raining process,adjusting the parameters so 1n cach learning

models 1

Although the current
is necessary to have @ Jarger an



The resources Tequired by the system are fully achievable by
organizations with a low cost vs. benefit, it does not require a large number
9f people In its use since it works mainly in an automated way and the
investment in infrastructure (cameras, internet, towers, masts, etc.), is
quickly amortized if compared against the cost of maintenance of

conventional systems (observation towers with their respective towers,
respectively).

Although this technology is not intended to replace the role ofhuman beings
in the detection of Wildfires, it does seek to position itself as an important

support element in the efforts to prevent and mitigate the adverse effects that
may be generated.
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