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(is paper presents a new methodology based on texture and color for the detection and monitoring of different sources of forest
fire smoke using unmanned aerial vehicles (UAVs). A novel dataset has been gathered comprised of thin smoke and dense smoke
generated from the dry leaves on the floor of the forest, which is a source of igniting forest fires. A classification task has been done
by training a feature extractor to check the feasibility of the proposed dataset. A meta-architecture is trained above the feature
extractor to check the dataset viability for smoke detection and tracking. Results have been obtained by implementing the
proposed methodology on forest fire smoke images, smoke videos taken on a stand by the camera, and real-time UAV footages. A
microaverage F1-score of 0.865 has been achieved with different test videos. An F1-score of 0.870 has been achieved on real UAV
footage of wildfire smoke. (e structural similarity index has been used to show some of the difficulties encountered in smoke
detection, along with examples.

1. Introduction

Wildfire is a colossal threat to damaging the human and
wildlife ecosystem. Statistics show that wildfires in Northern
California in the United States caused more than 40 deaths
and about 50 missing individuals in 2015 [1–3]. (ere were
some major wildfire outbreaks in several countries around
the world in the year 2019. It was seen to be the most
unfortunate year for such incidents. Moreover, 3500 square
miles of the Amazon rainforest have been burnt down by
wildfires. A forest fire recently caused 89 fatalities in Aus-
tralia and burned 3500 homes. It became of such incidents of
great importance to detect wildfires accurately in advance
when it turns into chaos. Traditional methods of wildfire
detection, which are mainly based on human observation
from watchtowers, are inefficient. (e inefficiency is pri-
marily due to the spatiotemporal connection. Unmanned
aerial vehicles (UAVs) have been extensively used as

monitoring tools for the last couple of years [4–8]. A high-
definition and lightweight cameras can generate an aerial
photograph with specific location information when con-
nected to UAVs along with global positioning systems
(GPSs) [9]. Besides, cost-effectively, a well-organized swarm
of UAVs can easily accomplish a complex task.

Image recognition attained a state-of-the-art perfor-
mance using deep convolutional neural networks (DCNNs);
its architecture and learning scheme leads to an effective
extractor of sophisticated, high-level features that are highly
robust to input transformations [10]. However, imple-
menting deep learning and computer vision techniques in
the application for wildfire smoke detection is scarce. Be-
sides, the limitations and difficulties in such kinds of
techniques are not widely discussed. Object detectors mainly
based on video fire detection methods can be categorized
into two classes, i.e., flame detection and smoke detection.
Since the smoke generated by forest fires is observable before
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the flames, video smoke detection acquires more attention
for early fire alarm in forest fire protection engineering. (e
traditional video smoke detection methods mainly em-
phasize the combination of static and dynamic features for
smoke detection. (e typical features of smoke contain
color, texture, motion orientation, and so on [11]. (ese
different characteristics can get better performances in
specific images dataset [12]. However, due to the poor ro-
bustness of algorithms, the performances incline to be
unfavorable in different images dataset, and those ap-
proaches can barely remove sophisticated interference in
real engineering applications.

Currently, object detection achieved a lot of progress due
to the use of GA, PSO, ANN, and DCNNs [13–18]. Modern
object detectors founded on these networks—such as Faster
R-CNN [19], SSD [20], and YOLOv3 [21]—are now robust
enough to be deployed in customer products (e.g., Google
Photos and Pinterest Visual Search), and some are fast
enough to be run onmobile devices such asMobileNet. Most
of these object detectors are deployed in different applica-
tions [22]. However, it can be challenging for practitioners to
select what architecture is more appropriate to their ap-
plication. Standard accuracy metrics do not clarify the entire
options, such as mean average precision (mAP); for practical
deployment of computer vision systems, running time and
memory usage are also important. For example, mobile
devices in many cases need a small memory footprint, and
self-driving cars need real-time executions. SSD achieves a
good trade-off between speed and precision. SSD runs a
convolutional network on input image a single time and
calculates a feature map following a small 3× 3 sized con-
volutional kernel on this feature map to predict the
bounding boxes and categorization probability. SSD also
uses anchor boxes on various aspect ratios similar to Faster-
RCNN and learns the counterbalance to a definite extent
than learning the box. To handle the scale, SSD predicts
bounding boxes after multiple convolutional layers. Since
every convolutional layer function at a diverse scale, it can
detect objects of varying scales [23].

(ere are several ways of comparing images as if they are
identical or near-identical such as structure similarity index
measure (SSIM), mean square error (MSE), normalized
color histogram, and local sensitivity hashing. (ese
methods have various benefits over one another. SSIM tries
to model the modification of the image’s structural details.
SSIM is more robust capable of disclosing changes in the
image structure rather than just the perceived change [24].

1.1. Contributions. In this work, we present a dataset,
grouping several images from different sources such as thin,
dense with different color, and texture smoke images, taken
from different scenarios such as wildfire and other emer-
gency conditions such as building fires and fires from an
explosion.(e SSD Inception-V2 state-of-the-art models are
trained, and their different parameters such as dropout,
batch normalization, and learning rate are tuned to choose
the best model for real-time fire detection in videos.
Comparisons of the results are obtained on several wildfire

smoke videos taken by a UAV and smoke images with
different kinds of backgrounds and lighting conditions. Also,
some of the limitations and difficulties are discussed found
during the study of this research.

1.2. Organization of the Paper. (e other sections of the
paper are presented as follows. Section 2 discusses the
different datasets followed by the training of the objector
detector in Section 3. Section 4 presents details on the results
and concludes the work, and Section 5 concludes the entirety
of the paper.

2. Material and Methods

2.1. Real Smoke Training Images. (e dataset used to train
the model consists of 14096 images of real smoke, both
comprised of thin and dense smoke. (e smoke is typically
generated in different scenarios. One set of smoke is gen-
erated from burning dry leaves and small bushes, which is
one of the fuel causes of igniting a forest fire and smoke. (e
images are shown in Figures 1(a) and 1(b) as dense and thin
smoke, respectively. Another set of images consists of smoke
images taken in different light conditions such as yellow and
white light as it affects smoke color and texture, as shown in
Figures 1(c) and 1(d). (ese images have been taken from
[11], which is also comprised of some other images having
added smoke to the forest background. Examples of these
images are presented in Figures 1(e) and 1(f ). A third set
consists of smoke images taken from various open sources
from the Internet that present real-time emergencies such as
an apartment on fire or a vehicle. Such images are shown in
Figures 1(g) and 1(h).

2.2. Test Images. (e proposed methodology and object
detector are evaluated based on test smoke images to check
the generalization ability of the trained object detection
model. (ese images are a collection of smoke images taken
from the UAVwith a camera of 12MP [11], and also some of
them are taken from phone cameras specifically using an
iPhone 6 s camera with a 12MP rear camera, while the rest
are selected from the open-source datasets available on the
Internet. Figure 2 illustrates such kinds of images.

2.3. Test Videos. With static camera videos as well as forest
smoke videos in real-time taken by UAV, the performance of
various object detection models is also tested. (e focus of
this work is on choosing an object detector that for real-time
object detection that has a better trade-off between speed
and precision. Table 1 displays the technical specifications of
the UAV, along with the UAV image (see Figure 3) [25],
which can be used to capture the smoke images.

3. Training and Detection

DCNNs have presently dominated computer vision tasks in
which region-based object detection methods are state-of-
the-art. (ese methods have different advantages, such as
removing the gruesome work of manual feature extraction.
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(e network learns patterns from the images without
needing any preprocessing. Currently, several different ar-
chitectures of feature extractors are available. Selecting one
for a specific application is a trivial subject. According to
[26], different speed versus accuracy comparison has been
presented. Figure 4 illustrates such speed versus accuracy
trade-offs between the current state-of-the-art object de-
tection models. Speed and accuracy are both of keen im-
portance for real-time smoke detection. From Figure 4, it is
clear that single shot detectors (SSDs) achieve a better trade-
off in the aspect of swiftness and accuracy. Also, SSD

provides a good precision in detection objects of different
sizes as compared with Faster-RCNN architecture.

In this work, a pretrained feature extractor has been
trained by transfer learning with a custom classifier with two
fully connected layers and a final log softmax classifier to
classify the proposed dataset into two classes with one class
of smoke including both dense and thin smoke images and
another class having fire images. (e classification task was
aimed to check the feasibility of the proposed dataset. (e
promising results have been presented in the results section
of this paper, along with some examples. SSD as a meta-

(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 1: Training images taken from different sources.

Figure 2: Test images from different sources.
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architecture and Inception-V2 as a feature extractor have
been chosen to be more suitable for real-time smoke de-
tection as they offer better speed versus accuracy trade-off, as
shown in Figure 4 taken from the study by Huang [26].

In the proposed work, different images taken from dif-
ferent sources are collected together to increase the richness of
the training data primarily focusing on images having thin
smoke as it serves as an alarm before a fire starts, and there is
an immense need to detect the smoke at this starting stage to
prevent the ignition and spreading of the wildfire. Before
testing the proposed model, we trained the model on more
than 14000 training image samples comprised of both dense
smoke and thin smoke and smoke in a different light, color,
and texture as well as different backgrounds. For validation of
the model, more than 3100 images were used. (is approach
was aimed to improve the generalization ability of the smoke
detection model. We then tested the model using wildfire
smoke images taken from a drone, mobile phone camera, and
some from Internet open sources which present real-time
scenarios of both forest fire and in day-to-day life emergencies
so that the proposed approach can be used in any kind of
situation for future projects.

Test videos taken from standby cameras of both thin and
dense smoke with different backgrounds, lighting condi-
tions, and from different distances are used for inferencing.
Also, real footage of wildfire and smoke taken by a drone is
tested. Results have been presented in Section 4 for analysis,
along with some discussions on the limitations and diffi-
culties found in the research of this study of wildfire smoke
detection. (e overall workflow of the experiments is pre-
sented in Figure 5.

First, the feature extractor Inception-V2 pretrained on
the COCO dataset is trained by transfer learning using the
proposed dataset with the object detector SSD for making
predictions of smoke. (e trained model is then tested with
different test videos and images to check the feasibility of the
model.

Classification results of the wildfire smoke classifier
model trained by using the dataset comprising of both
smoke and fire images are presented in Table 2. Metrics used
for evaluation are presented in the study by Bashir and
Porikli [27] and Forman and Scholz [28]. (e metrics are
True positive (TP), False Positive (FP), True Negative (TN),
False Negative (FN), and False alarm rate (FAR) along with
detection rate recall precision and F-score. Such kind of
metrics are currently used in the computer vision com-
munity for evaluation object detection models. Another
metric that is used for comparing the similarity in the
structure formation of two images is SSIM [24]. Formulas of
the metrics are presented as follows:

recall(Re) �
TP

(TP + FN)
, (1)

precision (Pr) �
TP

(TP + FP)
, (2)

F − score �
2 · (Pr · Re)
(Pr + Re)

, (3)

false alarm rate(FAR) �
FP

(TP + FP)
, (4)

accuracy �
(TP + TN)

FN
, (5)

tracker detection rate (TDR) �
TP
TG

,

(6)

SSIM(x, y) �
2µxµy + c1  2σxy + c2 

µ2x + µ2y + c1  σ2x + σ2y + c2 
. (7)

Equation (7) presents a comparison of two windows, i.e.,
small subsamples despite the whole image, leading to a better
approach that can sense for changes in the structure of the
image. (e parameters of equation (7) confine the (x, y) lo-
cation of the N×N window in each image, the mean of the
pixel intensities in the x and y direction, and also the variance of
intensities in the x and y direction, along with the covariance.

4. Research Findings and Discussion

As introduced in Section 3, we trained a classifier on the
smoke image dataset along with another set of fire images.
Some of the classification results are shown in Figure 4 along
with top k class probabilities. Figure 6(a) presents a test
image taken from a thin smoke dataset, Figure 6(b) presents
a test image taken from dense smoke images, and Figure 6(c)
presents a test image from a fire image.

Table 1: Technical parameters of the UAV.

Technical parameters Value
Camera lens FOV 81.9° 25mm
Take-off weight 300 g
Video resolution FHD: 1920×1080 30 p
Max hovering time 15 minutes
Max flight speed 31mph
Endurance 16minutes
Positioning system GPS/GLONASS
Obstacle sensing range 11–16 ft(0.2–5m)
Operating temperature
range 320 to 1040 F

Transmitter power(EIRP) 2.4GHz
Max transmission distance 100m (distance), 50m (height)
Dimensions 143×143× 55mm

Operating frequency 2.412–2.462GHz;
5.745–5.825GHz

Camera sensor ½.3” CMOS; effective pixels: 12MP
ISO range Video: 100–3200 photo: 100–1600
Electronic shutter speed 2–1/8000 s
Max vidoe bitrate 24mbps
Photo format JPEG
Video format MP4
Controllable range Pitch: –850 to 00
Stabilization 2-axis mechanical (pitch, roll)
Velocity range 36 kph at 2m above ground
Altitude range 0–8m
Operating range 0–30m
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Table 2 presents obtained results of the classification of
the dataset into two classes, i.e., fire and smoke. (e results
from Table 2 show that the feature extractor is generalizing
well and is learning different smoke patterns, i.e., thin, dense,
white, and so on. (is small experiment was aimed to prove
the viability of using the dataset in the training of the object
detector for real-time smoke detection.

(e trained wildfire smoke detector model, i.e., SSD
Inception-V2 has been tested with images taken from a UAV
shown in Figure 7(a) along with the detection score and
bounding boxes. Figure 7(b) presents the frames captured
from video of thin smoke and dense smoke generated by
burning dry leaves and shrubs. (ese videos are recorded on
a mobile phone camera. Frames captured of different in-
stances from real-time UAV footage of wildfire and smoke
are presented in Figure 7(c) with respective bounding boxes.
Figure 7(e) presents a frame comprising of both dense and
thin smoke along with detections.

(e test results are presented in Table 3. It is observed
that Video 2, i.e., a dense smoke video has the highest
F-score among all that is because of the rich texture, shape,
and color. (e lowest F-score is observed from thin video
samples and that is because of light color and features
captured by the camera, but still, the model achieves an
accuracy of 64% and an F-score of 0.747, proving the

feasibility of the dataset on thin smoke also. Another good
result is from the drone footage sample which is the main
focus of this study to detect smoke in such kind of scenario
achieved 83.2% accuracy and an F-score of 0.870 which
proves the suitability of this study. (e results from Table 3
show that this approach is feasible to implement in real-time
applications.

Figure 8 presents the mean average recall (mAR) and
mean average precision (mAP) of each test dataset that has
been evaluated with the wildfire smoke detection model.
(ese metrics are famous for evaluating the overall gener-
alization ability of object detection models. (e respective
figure proves that our smoke detection model efficiently
generalized to different datasets which comprise distinctive
image sets with different properties such as thin smoke and
dense smoke, and an image of smoke taken from different
angles and approaches.

Some of the limitations have been observed while
acquiring the results. Figure 9(a) shows smoke due to
wildfire, and the frame is captured from real footage. (e
texture and color of this image are nearly similar to the
texture and color of the cloud shown in Figure 9(b). Such a
kind of coincidence makes it difficult for the object de-
tector to differentiate between them. (e structural
similarity between the two images has been calculated

Table 2: Two class classification results of the classifier.

Test set Samples TP FP TN FN FAR Recall Precision F-score
Smoke 20 18 2 0 0 0.1 1.00 0.90 0.947
Fire 20 18 0 2 0 0 1.00 1.00 1.00
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Figure 6: Classification result of feature extractor with high-class probabilities.
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using the structure similarity index measure (SSIM). (e
value of SSIM calculated for these images shows that they
have a 63% structure similarity. Both of them have been
detected as smoke by the trained object detector. (e
confidence score and bounding box are shown in
Figure 9(c). Also, in Figure 9(d), a video of the fire taken at

night in the dark is also tested with the trained object
detector. (ough the smoke detector does detect some of
the frames, the overall accuracy is unsatisfactory. (is was
meant to give intuition to the readers for such kinds of
difficulties, which may be addressed in future research by
designing new approaches.

(a) (b)

(c) (d) (e)

Figure 7: Sample’s result taken from different test videos along with detection boxes.

Table 3: Results of real smoke video samples.

Test set Smoke
sample

Nonsmoke
samples TP FP TN FN FAR Accuracy Detection rate/recall Precision F1-score

Images 74 30 50 21 32 1 0.296 0.766 0.980 0.704 0.818
Video 1 (dense smoke near) 816 0 599 216 0 1 0.265 0.734 0.998 0.735 0.847
Video 2 (dense smoke far) 307 0 301 6 0 0 0.019 0.980 1.000 0.980 0.989
Video 3 (thin + dense
smoke) 313 0 245 68 0 0 0.217 0.782 1.000 0.783 0.878

Video 4 (drone footage) 3983 1479 3099 884 1447 32 0.221 0.832 0.989 0.778 0.870
Video 5 (thin smoke) 308 0 184 124 0 0 0.402 0.600 1.000 0.597 0.747
Video 6 (thin smoke) 289 0 185 104 0 0 0.359 0.640 1.000 0.640 0.780
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5. Conclusion

In this paper, SSD Inception-V2 was chosen to be a viable
detector of wildfire smoke in videos taken by UAVs both
in terms of accuracy and speed. Different smoke image
datasets such as one generated by using a synthetic process
and another from real smoke images are used to train the
model. One of the significant solutions is presented to
detect thin and dense smoke in videos taken by UAVs as
previous methods comprise images or static camera
videos. (e test results promise of extending the solution
to real-time drone surveillance. An F1-score of 0.784 and
0.747 has been achieved on test videos of thin smoke
surpassing the previous literature. Limitations and diffi-
culties found in the study are discussed along with an
example using structural similarity index as a quantifying
parameter. In the future, the proposed solution can be
extended to detect smoke in real-time UAV footage in
different light and weather conditions along with de-
signing a fire alarm.(e performance of the model on thin
smoke can be further improved by enriching the thin
smoke image dataset mainly taken by UAVs in different
weather and light conditions.

Data Availability

(e data used to support the findings of this study are
available from the corresponding author upon request.
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