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Abstract: The frequent occurrence of forest fires in recent years has not only seriously damaged the
forests’ ecological environments but also threatened the safety of public life and property. Smoke,
as the main manifestation of the flame before it is produced, has the advantage of a wide diffusion
range that is not easily obscured. Therefore, timely detection of forest fire smoke with better real-time
detection for early warnings of forest fires wins valuable time for timely firefighting and also has
great significance and applications for the development of forest fire detection systems. However,
existing forest fire smoke detection methods still have problems, such as low detection accuracy,
slow detection speed, and difficulty detecting smoke from small targets. In order to solve the
aforementioned problems and further achieve higher accuracy in detection, this paper proposes an
improved, new, high-accuracy forest fire detection model, the OBDS. Firstly, to address the problem
of insufficient extraction of effective features of forest fire smoke in complex forest environments, this
paper introduces the SimAM attention mechanism, which makes the model pay more attention to the
feature information of forest fire smoke and suppresses the interference of non-targeted background
information. Moreover, this paper introduces Omni-Dimensional Dynamic Convolution instead of
static convolution and adaptively and dynamically adjusts the weights of the convolution kernel,
which enables the network to better extract the key features of forest fire smoke of different shapes
and sizes. In addition, to address the problem that traditional convolutional neural networks are not
capable of capturing global forest fire smoke feature information, this paper introduces the Bottleneck
Transformer Net (BoTNet) to fully extract global feature information and local feature information of
forest fire smoke images while improving the accuracy of small target forest fire target detection of
smoke, effectively reducing the model’s computation, and improving the detection speed of model
forest fire smoke. Finally, this paper introduces the decoupling head to further improve the detection
accuracy of forest fire smoke and speed up the convergence of the model. Our experimental results
show that the model OBDS for forest fire smoke detection proposed in this paper is significantly better
than the mainstream model, with a computational complexity of 21.5 GFLOPs (giga floating-point
operations per second), an improvement of 4.31% compared with the YOLOv5 (YOLO, you only look
once) model mAP@0.5, reaching 92.10%, and an FPS (frames per second) of 54, which is conducive to
the realization of early warning of forest fires.

Keywords: forest fire smoke detection; YOLOv5; ODConv; BoTNet; SimAM

1. Introduction

The global warming trend has become increasingly pronounced in recent years, and
the resulting climate drought and El Niño phenomenon have led to frequent forest fires
around the world, killing at least 1000 people worldwide each year. In 2018, severe forest
fires in California, USA, killed 66 people and left more than 700 people missing. In 2020,
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forest fires in Australia claimed the lives of more than 400 people [1]. Forest fires are a
serious threat to human lives and property; they even have a hugely destructive effect
on the natural ecosystem of forests and are unpredictable and difficult to rescue [2,3].
Therefore, the prevention of forest fires has always been a top priority in the construction
of public systems in various countries. When forest fires occur, smoke often appears earlier
than open fires, and the pre-smoke characteristics are more obvious [4–6]. If wildfire smoke
can be detected in a timely and accurate manner, it is not only of great significance for
forest fire early warning and fighting but can also minimize the loss of life and property.

Manual cruising and observation towers are the oldest and most common means of
forest fire monitoring. Manual cruising is susceptible to the influence of climate, com-
munication, traffic, and other factors, such as a large workload that leads to inefficiency,
situations when real-time monitoring cannot be achieved, etc. Observation towers [7] have
a limited surveillance range, certain dead spot surveillance, and high maintenance costs at
a later stage. Satellite monitoring [8] of forest fires still plays an important role, although
its monitoring range is wide, the number of satellites is small, the spatial resolution of
satellite data is not high, it is not easy to receive information under varying influences of
weather, cloud cover, and orbital cycles, and lastly, satellite monitoring may be unable to
achieve real-time forest fire monitoring. Aerial forest fire monitoring [9] is also a more
effective means of forest fire monitoring, which mainly relies on aircraft or drones for
cruising. However, the forest monitoring area is very vast, and its operation costs are very
expensive. Traditional early smoke detection of forest fires is mostly achieved by smoke
and temperature-sensitive or composite smoke and temperature-sensitive sensors [10,11],
which mainly detect smoke particles and rapidly rising ambient temperature to achieve
detection. The alarm is triggered only when the smoke concentration or ambient tem-
perature reaches a certain level. However, in real forest environments, smoke spreads
quickly, and hardware sensors are characterized by spatial and temporal limitations as well
as post-maintenance difficulties. Therefore, it is clear that sensors cannot meet the need
for real-time monitoring and early detection and prevention of forest fires in a large and
complex environment such as a forest.

As computer technology became more sophisticated, traditional methods of fire smoke
detection based on manual feature extraction started to emerge. This method mostly relies
on monitoring installed at lookouts to obtain forest fire videos or images, and then features
are manually extracted and identifiers are designed. Hidenori et al. [12] applied texture
features of smoke to train a Support Vector Machine (SVM) for forest fire smoke recognition.
The accuracy of feature extraction and the base number of training samples of this method
determines the recognition effect of SVM, but this method stores a large amount of data,
and the computational speed is slow. Zhao et al. [13] combined spatio-temporal features
and dynamic textures to achieve recognition of smoke through videos. However, smoke is
diffuse, so its recorded spatio-temporal energy features can overlap, leading to information
redundancy, and additionally, this method cannot completely exclude the interference of
foggy weather. Fileonenko et al. [14] performed smoke recognition based on the color and
appearance features of the smoke regions of surveillance videos. Taking advantage of the
fixed camera, smoke regions were extracted by calculating the roughness of the pixel points
at the edges of the smoke and identified using background subtraction, but this method is
too sensitive to noise and makes it difficult to achieve accurate and fast smoke detection.
Tao et al. [15] performed automatic smoke detection based on a Hidden Markov Model
(HMM). In order to perform multi-feature fusion with the dynamic features of the smoke
regions, the video color changes of continuous frame sequences were chunked, and each
block of a continuous region was classified using Markov models, but this approach still
suffers from a complex environment. Traditional video- or image-based methods for forest
fire smoke detection have achieved some success but still have some problems. The feature
extraction of this method needs to rely on professional knowledge for feature selection, and
there is a possibility that the feature design is unreasonable; moreover, it is easily influenced
by factors such as lighting and background, leading to poor detection and recognition.
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In addition, the robustness of this method is usually poor in the face of the complex and
variable forest environment.

After the rapid development of deep learning technologies, many academics have
applied them to forest fire smoke detection scenarios. Forest fire smoke detection methods
based on deep learning can automatically detect and learn features with more abstract
algorithms, learning those features faster with more accurate detection and greater robust-
ness for complex natural forest environments. Zhang et al. [16] expanded the dataset by
synthesizing forest fire smoke, and Faster R-CNN was used for detection, which elimi-
nated the complex process of traditional manual feature extraction but increased the data
processing cost. Qiang et al. [17] proposed a dual-stream combined forest fire smoke de-
tection algorithm that suppresses background interference by a Tensor Robust Principal
Component Analysis (TRPCA) motion detection algorithm and extracts temporal and
spatial features of smoke using VGG16 (VGG, visual geometric group network) and a
Bidirectional Long Short-Term Memory (BLSTM) network, achieving an accuracy of 90.6%.
In regards to the foreground and background factors, long sequences still do not transmit
feature information about the starting point of the sequence well. Filonenko et al. [18]
used several typical convolutional classification networks, such as AlexNet [19], VGG-16,
VGG-19 [20], Resnet [21], and Xception to classify smoke images using Yuan’s [22] library
of four smoke images for training and analyzing. When comparing the effectiveness of
these model networks in recognizing smoke on these data, Xception obtained the best
detection. Pan et al. [23] used ShuffleNet, Weakly Supervised Fine Segmentation (WSFS),
and Faster R-CNN to predict the presence of fire smoke, but fire smoke was too complex
and required extremely high hardware equipment due to excessive training memory usage
of the model. Li et al. [24] proposed an Adaptive Depthwise Convolution (ADC) module
to adaptively adjust the weights of the convolutional layers to obtain the features of forest
fire smoke and obtained an accuracy of 87.26% with an FPS of 43.

In summary, existing forest fire smoke detection algorithms based on deep learning
still suffer from low detection accuracy, difficulty in accurately detecting early small target
smoke, detection speeds that do not meet daily needs, and high false detection and leakage
rates in complex forest environments. Therefore, we propose a high-accuracy forest fire
smoke detection model, the OBDS, that is based on YOLOv5, and a series of optimization
improvements to address the aforementioned problems. First, to address the problem of
sparse forest fire smoke data samples and a single seasonal background, this paper collects
publicly available forest fire smoke images on the Internet by crawlers and processes them
using an improved data enhancement method with a seasonal style transformation using
CycleGAN. Finally, it builds a set containing 25,420 forest fire smoke images and 5000 cloud
and fog forest images without smoke for the forest fire smoke dataset. Second, to address
the problem of insufficient forest fire smoke feature extraction, this paper introduces an
Omni-Dimensional Dynamic Convolution into the backbone, which adaptively decides
the weight of each convolution kernel according to the input, overcoming the limitation of
static convolution. Additionally, the complementary attention of the convolution kernel
is learned in four dimensions, which significantly enhances the capture of contextual
smoke information and makes the model better acquire the feature information of forest
fire smoke. In addition, this paper introduces the Bottleneck Transformer Net (BoTNet),
which combines Convolutional Neural Networks (CNNs) with transformers, enabling
the model to more fully extract the global feature information of forest fire smoke images
while reducing the computational effort of the model and improving the detection accuracy
of small target forest fires. The SimAM attention mechanism is inserted into the neck
to enhance the extraction capability of network smoke features without increasing the
network parameters while improving the detection accuracy of small target smoke. Finally,
we replace the original detection head of YOLOv5 with the Decoupled Head to solve
the problem that the original detection head of YOLOv5 has a challenge involving a
classification and regression clash, which not only speeds up the convergence of the
network but also effectively improves the detection accuracy of the forest fire smoke model.
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2. Forest Fire Smoke Dataset

Due to the complexity and variability of the forest environment and the difficulty of
sample acquisition, there is no standard dataset for forest smoke identification. Therefore,
in this paper, we use a crawler tool to acquire a large number of videos and images of
forest fire smoke throughout the web. Considering the small number of forest fire smoke
images in a winter context, we have stylistically transformed the dataset by CycleGAN
and enriched the dataset in this paper with improved data enhancement methods. The
original smoke dataset in this article consists of 15,210 images, including 12,710 forest fire
smoke images and 2500 smoke-free cloud and fog forest images. After offline seasonal style
transformation using CycleGAN, a total of 25,420 forest fire smoke images were obtained,
as well as 5000 smoke-free cloud and fog forest images. The training set, validation set,
and test set are divided according to the ratio of 8:1:1. Figure 1 shows some images of the
dataset.
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2.1. Dataset Expansion

In target detection tasks, a large amount of data is very important to improve the
generalization ability and robustness of a model. CycleGAN [25] can be used for data
augmentation by generating more training data by converting images from one domain
to images in another domain, thus improving the performance of the model. In order to
expand the forest fire smoke dataset and improve the accuracy of smoke recognition, this
paper uses CycleGAN to generate new forest fire smoke images, which expands the smoke
samples, and uses an improved mosaic data enhancement method to further improve the
generalization ability of the recognition network.

In practical applications, the morphology and color of forest fire smoke may change
with the season and weather. If the model is only trained on data from one season, it may
not be well adapted to other seasons. The number of publicly available forest fire smoke
data is small, and there are fewer forest fire smoke images in winter, which is also the
season of frequent forest fires. Therefore, this paper uses CycleGAN to migrate the forest
fire smoke images in a seasonal style to enrich the number of forest fire smoke images in
the winter so that the model can learn more scenes and changes.

CycleGAN is essentially two GANs that are mirror images of each other, forming a
cyclic network, and its network structure is shown in Figure 2.



Forests 2023, 14, 838 5 of 23

Forests 2023, 14, x FOR PEER REVIEW  5  of  24 
 

 

In practical applications, the morphology and color of forest fire smoke may change 

with the season and weather. If the model is only trained on data from one season, it may 

not be well adapted to other seasons. The number of publicly available forest fire smoke 

data  is small, and there are fewer forest fire smoke  images  in winter, which  is also the 

season of frequent forest fires. Therefore, this paper uses CycleGAN to migrate the forest 

fire smoke images in a seasonal style to enrich the number of forest fire smoke images in 

the winter so that the model can learn more scenes and changes. 

CycleGAN is essentially two GANs that are mirror images of each other, forming a 

cyclic network, and its network structure is shown in Figure 2. 

 

Figure 2. Network structure of CycleGAN. 

Where X denotes the input real sample, Y denotes the generated adversarial sample, 

G and F are the generative networks, and D ,  D   is the adversarial network. The X do‐

main can map the image in the X domain to the Y domain by mapping G, which we denote 

as G(x), and the corresponding discriminator of the generator G is denoted as such. Based 

on the assumed generators and discriminators, a GAN loss expression, as in (1), can be 

constructed. 

𝐿 𝐺,𝐷 ,𝑋,𝑌 𝐸 ~ 𝑙𝑜𝑔𝐷 𝑦 𝐸 ~ 𝑙𝑜𝑔𝐷 𝐺 𝑥     (1)

This is similar to the traditional GAN generator and discriminator, but the generator 

G will map all X to the same one in the Y domain. CycleGAN proposes the idea of pairwise 

mapping in order to solve this problem, i.e., a mapping F is used to reverse the elements 

in the Y domain to the X. We denote these elements as F(y) and the discriminator corre‐

sponding to the generator F as  D , by defining the loop consistency loss to evaluate the 

difference between F(y) and the real data x. The requirement is satisfied  F G x x  as a 
way to avoid the problem of mapping to the same picture. Similarly, the two mappings 

(generators) F and G must also be satisfied  G F x y  when migrating images from the 

Y domain to the X domain. 

As shown in Figure 3, by using CycleGAN, we can convert the background of forest 

fire smoke images from summer to winter, which can solve the problem of fewer smoke 

images in the winter to some extent and expand the dataset so that the model can better 

learn the background and target features of smoke in various seasons, thus improving the 

detection of smoke. 

Figure 2. Network structure of CycleGAN.

Where X denotes the input real sample, Y denotes the generated adversarial sample,
G and F are the generative networks, and DX, DY is the adversarial network. The X domain
can map the image in the X domain to the Y domain by mapping G, which we denote as
G(x), and the corresponding discriminator of the generator G is denoted as such. Based
on the assumed generators and discriminators, a GAN loss expression, as in (1), can be
constructed.

LGAN(G, DY, X, Y) = Ey∼Pdata(y)[logDY(y)] + Ex∼Pdata(x)[logDY(G(x))] (1)

This is similar to the traditional GAN generator and discriminator, but the generator
G will map all X to the same one in the Y domain. CycleGAN proposes the idea of
pairwise mapping in order to solve this problem, i.e., a mapping F is used to reverse the
elements in the Y domain to the X. We denote these elements as F(y) and the discriminator
corresponding to the generator F as DX, by defining the loop consistency loss to evaluate
the difference between F(y) and the real data x. The requirement is satisfied F(G(x)) ≈ x as
a way to avoid the problem of mapping to the same picture. Similarly, the two mappings
(generators) F and G must also be satisfied G(F(x)) ≈ y when migrating images from the Y
domain to the X domain.

As shown in Figure 3, by using CycleGAN, we can convert the background of forest
fire smoke images from summer to winter, which can solve the problem of fewer smoke
images in the winter to some extent and expand the dataset so that the model can better
learn the background and target features of smoke in various seasons, thus improving the
detection of smoke.

2.2. Improved Mosaic Data Enhancement

Mosaic data enhancement is a very important type of data enhancement in YOLOv5.
This method loads one image, then additionally selects three images arbitrarily from the
dataset, first by random cropping, then stitching them clockwise on one image, and finally
scaling them to the set input size and passing them into the model as new samples. This
enriches the background of the target to be detected and increases the number of small
and medium-sized targets per batch per training, achieving a balance between targets of
different scales [26].

Because of the limited number of publicly available images of forest fire smoke, data
augmentation of the available data is required to improve the generalization capability of
the model. Moreover, because the original mosaic data augmentation method is randomly
cropped, there will be a high probability of cropping the forest fire smoke target so that
the sample input to the model is only the background; in addition, the original images
themselves are inconsistent in scale, which will make the stitched images have more black
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and white borders, which will lead to the model training a large amount of useless feature
information and affect the speed of model convergence, as shown in Figure 4a. Therefore,
this paper improves the mosaic data enhancement method. When loading images, eight
additional images are selected for stitching, cropped to the smallest rectangular area that
encloses the images, and then random rotation, translation, scaling, and perspective trans-
formation operations are added to the images. As shown in Figure 4b, the improved mosaic
data enhancement method reduces more blank boundaries than before the improvement,
which reduces useless information, accelerates model convergence, and improves training
efficiency; moreover, a large number of different small targets will be formed, which greatly
enriches the forest fire smoke data set and significantly improves the performance of the
model in detecting small-sized forest fire smoke targets at long distances.
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3. The OBDS: An Improved Forest Fire Smoke Detection Model
3.1. The Overall Framework of OBDS

The structure of the forest fire smoke detection model we proposed is shown in
Figure 5, and we have made a series of improvements based on the YOLOv5 algorithm
and labeled them as “our” in the structure diagram.
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First, we insert the Omni-Dimensional Dynamic Convolution (ODConv) into the
backbone module of YOLOv5. The ODConv utilizes a novel multidimensional attention
mechanism and parallel strategy to learn the complementary attention of the convolution
kernel in four dimensions and then adaptively decides the weight of each convolution
kernel according to the input, overcoming the limitations of static convolution. The intro-
duction of Omni-Dimensional Dynamic Convolution significantly enhances the ability to
capture contextual smoke information, allowing the model to better capture the characteris-
tic information of forest fire smoke.

Second, we insert the Bottleneck Transformer module into the backbone module of
YOLOv5. Combining CNNs and transformers overcomes the problem of weak global
information extraction in CNNs and solves the problem of a large computation caused by
the introduction of self-attention in transformers. It enables the model to fully extract the
global feature information of the forest fire smoke images, reduces the computational effort
of the model, and improves the detection accuracy of small target forest fire smoke.

In addition, we integrate the SimAM attention mechanism in the neck, which considers
both spatial and channel dimensions and can directly derive three weights for the feature
map without adding additional parameters, making the network model focus more on the
forest fire smoke and suppressing the interference of complex forest background irrelevant
information while solving the problem of missed detection of small target forest fire smoke.

Finally, we replace the detection head of YOLOv5 with the Decoupled Head to sep-
arate the classification and localization processes, which solves the problem when the
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classification and regression tasks conflict in the prediction process due to different con-
cerns, accelerates the convergence speed of the network model, and improves the model
detection accuracy at the same time.

3.2. The Basic Framework of the Smoke Detection OBDS Model

Redmon et al. [27–29] proposed a target detection algorithm based on regression ideas,
called YOLO. Compared to the R-CNN [30] series, YOLO significantly accelerates the
model’s execution while essentially maintaining the detection accuracy and satisfying the
demand for real-time detection. YOLOv5 is generally faster than other algorithms and has
a smaller model weight file, which is especially suitable for small target detection tasks.
Therefore, we use YOLOv5 as the detection model. Figure 6 shows the overall structure
of it.
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The core components of the backbone network are the convolutional unit CBS (Con-
volutional Layer + Batch Normalization + SiLU), the Spatial Pyramid Pooling Fast (SPPF)
module, and the Bottleneck Cross Stage Partial (CSP) module. The SPPF module performs
multiple pooling operations on the feature maps and then splices four different sizes of
feature maps. Compared with the spatial pyramid structure of SPP [31], it can fuse high-
level semantic features more effectively. Bottleneck CSP borrows the idea of CSP [32]
for extracting depth features from images. The detection layer consists of two parts: the
Feature Pyramid Network (FPN) and the Pixel Aggregation Network (PAN). The FPN
transmits high-dimensional feature information by top-down upsampling, and the PAN
is a bottom-up pyramid structure. They are used in combination to improve the feature
fusion effect. In the prediction layer, YOLOv5 uses GloU_ Loss as the loss function of
the bounding box, which effectively solves the problem that the prediction box does not
overlap with the real box and accelerates the prediction box regression. Finally, a weighted
non-maximum suppression is used to enhance the recognition of multiple targets and
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obtain the best prediction results. Therefore, YOLOv5 is selected as the main framework of
the forest smoke fire detection model in this paper, and a series of effective improvements
are made based on it.

3.3. Omni-Dimensional Dynamic Convolution

Convolution is one of the basic building blocks of CNNs. In traditional static con-
volution, the convolution kernel parameters are determined by training, and the same
convolution kernel is used to do the same operation on all input images. In other words,
static convolution uses the same network structure and parameters for all input data. In
addition, previous static networks often enhance the performance of network models by
widening the width, depth, and resolution; in previous attention models, attention is mainly
applied to the feature maps, such as weighting on different channels of the feature maps
(SE Net) and weighting at different spatial locations of the feature maps (spatial attention).
Therefore, the static convolutional feature learning capability is inevitably limited when
faced with diverse inputs. Therefore, dynamic convolution [33,34] was developed to solve
this problem. Dynamic convolution determines the weight of each convolution kernel
based on the input of the convolution layer, and an attention mechanism is used to weigh
and sum these convolution kernels to obtain a dynamic convolution kernel suitable for that
input. The output of the dynamic convolution can be expressed as Formula (2).

Output(y) = x ∗ (α1W1 + α2W2 + . . . . . . + αnWn), (2)

where y and x denote output features and input features, respectively. αi(i = 1, 2, . . . , n)
is the attention scalar; n is the number of convolutional kernels; and each convolutional
kernel Wi(i = 1, 2, . . . , n) has the same size as the standard convolutional kernel.

The Omni-Dimensional Dynamic Convolution (ODConv) [35] used in this paper
utilizes a multidimensional attention mechanism and a parallel strategy to learn the com-
plementary attention of the convolution kernel at any convolution layer along all four
dimensions of the kernel space. The four different attentions are the number of input
channels of the convolutional kernel, the perceptual field of the convolutional kernel itself,
the number of output channels of the convolutional kernel, and the number of convo-
lutional kernels. These four attentions complement each other and are multiplied with
the convolution kernel in the order of position, channel, filter, and kernel, making the
convolution operation different from all spatial positions, all input channels, all filters, and
all kernels of input x, significantly enhancing the capture of contextual information. The
output of ODConv can be expressed in Formula (3).

Output(y) = x ∗ (αw1 � αf1 � αc1 � αs1 � W1 + . . . . . . + αwn � αfn � αcn � αsn � Wn), (3)

where y and x denote output features and input features, respectively. αwi, α f i, αci,
αsi(i = 1, 2, . . . , n) denote four attentions of attention: scalar, space dimension, input
channel dimension, and output channel dimension of the convolution kernel Wi(i = 1, 2,
. . . , n), respectively. The � denotes the multiplication operations in the kernel space along
different dimensions. Figure 7 shows the computation process of the ODConv.

The proposed forest smoke fire detection model adopts the ODConv, which can replace
the conventional static convolution with a “plug-and-play” approach, adaptively adjust
the convolution kernel according to the different input forest smoke fire image data, and
extract the effective features of forest smoke and fire in a targeted manner. This significantly
enhances the feature extraction capability of the model, strengthens the learning capability
of the network, and greatly improves the recognition accuracy of the model for forest
smoke fire targets.
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3.4. Bottleneck Transformer Net (BoTNet)

The advantages of CNNs are parameter sharing and efficient local information aggre-
gation, but for some vision tasks, such as target detection, long-range dependencies are
required. In order to integrate global information, CNN-based models need to stack many
layers of convolutional layers. As a result, the CNN-based model does not easily obtain
global information and is more concerned with the aggregation of local information, so it is
easy to lose some features when performing feature extraction, resulting in a decrease in
detection accuracy. It is obviously better to use a global approach, such as self-attention,
which reduces the number of required network layers and is more powerful and scalable,
while the transformer-based [36–39] model has the innate ability to obtain global informa-
tion and mainly uses the self-attention mechanism to extract intrinsic features. However,
the memory and computational effort required by self-attention are quadratic in the spatial
dimension, which is particularly problematic when training with high-resolution images.

The BoTNet [40] network is an exploration of the combination of a convolution net-
work and a transformer by researchers from Berkeley and Google. It uses a hybrid approach
to simultaneously exploit the feature extraction capability of CNNs and the content and
location of self-attention mechanisms in the transformer, achieving a better performance
than would be possible with a pure CNN or self-attention mechanism, with an 84.7%
accuracy in ImageNet. The combination of a CNN and transformer achieves the effect
of complementing each other’s strengths and weaknesses. The BoTNet network frame-
work proposes a Bottleneck Transformer to replace the ResNet Bottleneck, i.e., only the
global Multi-Head SelfAttention (MHSA) replaces the 3 × 3 spatial convolution in the last
3 bottleneck blocks of the ResNet framework. Since the introduction of SelfAttention
leads to high computation and excessive memory usage, BoTNet adds the self-attention
module to the last 3 bottleneck blocks of the ResNet framework. Each bottleneck contains a
3 × 3 convolution, and MHSA is used to replace this convolution. A 3 × 3 convolution
stride = 2 in the first bottleneck, and the MHSA module does not support stride operation,
so BoTNet uses 2 × 2 mean pooling for downsampling. Figure 8 shows the structure of the
BoT (Bottleneck Transformer).
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At this stage, most deep learning forest fire smoke detection methods are implemented
using alternating convolutional layers and pooling layers. Convolutional operations are
good at extracting local details, but in high-volume forest fire smoke detection tasks, many
convolutional layers often need to be stacked to grasp the global information of forest
fire smoke. In contrast, the self-attention in the transformer is good at grasping global
information but requires a large amount of data for training. Therefore, this paper proposes
to use the BotNet framework, combining a CNN and transformer to complement each
other’s strengths and weaknesses, to fully extract the global and local feature information
of forest fire smoke images while effectively reducing the computational effort of the model
and improving the accuracy of small-target forest fire smoke target detection.

3.5. SimAM Attention Mechanism

In order to suppress the non-targeted forest background disturbance information and
make the model more focused on the feature information of forest fire smoke, the SimAM
attention mechanism is introduced in this paper [41]. Existing attention modules focus on
the channel and spatial attention mechanisms, which generate one-dimensional channel or
two-dimensional spatial weights from the features and expand the weights of the channel
or spatial attention. However, in reality, these two mechanisms should jointly facilitate
information selection in the visual process. Therefore, this study introduces the SimAM
attention module to assign a unique weight to each neuron. The advantage of the SimAM
is that three weights can be directly derived for the feature map without adding additional
parameters (i.e., considering spatial and channel dimensions), allowing the network to
learn more discriminative neurons so that the network could better extract features.

The SimAM assesses the significance of every neuron based on neuroscientific the-
ories. In neuroscience, information-abundant neurons usually exhibit a different firing
pattern than surrounding neurons, and activating neurons usually repress surrounding
neurons, i.e., null-field inhibition. In other words, neurons with null domain inhibition
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effects should be assigned higher importance. The SimAM attention module evaluates the
importance of each neuron based on the idea of null domain inhibition by measuring the
linear differentiability between a target neuron and other neurons. Therefore, the following
energy function was defined for each neuron, as shown in Formula (4):

et(wt, bt, y, xi) =
(
yt − t̂

)2
+

1
M − 1 ∑M−1

i=1 (y0 − x̂i)
2, (4)

where t and xi refer to the target neuron and other neurons in a channel of the input feature,
respectively. The subscript i represents that the variable being subscripted is the variable in
the ith dimension on the spatial dimension, and M represents the total number of neurons
on that channel. t̂ = wt + bt and x̂i = wtxi + bt are the linear transformed forms of t
and xi, and wt and bt are the linear transformed weights and bias terms. All variables
in Formula (3) are scalars, and yt and y0 are two different values, so Formula (3) reaches
a minimum when yt equals t̂ and all x̂i equals y0. Minimizing Formula (3) is equivalent
to finding linearly branchable branches of the target neuron t and other neurons in the
same channel. For simplicity, the SimAM module uses binary labels, i.e., 1 and −1, for yt
and y0. A regular term is added to Formula (3), and the final energy function is shown in
Formula (5).

et(wt, bt, y, xi) =
1

M − 1 ∑M−1
i=1 (−1 − (wtxi + bt))

2 + (1 − (wtxi + bt))
2 + λw2

t (5)

Formula (5) has analytical solutions on wt and bt, which can be solved by Formulas (6)
and (7).

wt = − 2(t − µt)

(t − µt)
2 + 2σ2

t + 2λ
, (6)

bt = −1
2
(t + µt)wt , (7)

where µt =
1

M−1 ∑M−1
i=1 xi and σ2

t = 1
M−1 ∑M−1

i=1 (xi − µt)
2 are the mean and variance of all

neurons in the selected channel except for the target neuron t, respectively. Therefore, the
minimum energy can be obtained using Formula (8).

e∗t =
4
(
σ̂2 + λ

)
(t − µ̂)2 + 2σ̂2 + 2λ

(8)

From the formula of minimum energy, it is clear that the lower the energy of neuron t,
the more it is distinguished from the surrounding neurons and the more important it is.
Therefore, the importance of a neuron can be calculated by 1

e∗t
.

Aiming at the characteristics of forest fire smoke in a natural environment, this paper
introduces the SimAM attention module to help the model learn the features of forest fires
and smoke in images, suppress non-target background interference information, and pay
more attention to the feature information of forest fire smoke, thus improving the detection
accuracy of forest fire smoke.

3.6. Decoupled Head

There is always a fundamental contradiction in target detection, which is the either/or
conflict between classification and regression processing. The Yolo Head classification and
regression tasks of the original YOLO family of algorithms are accomplished by a 1 × 1
convolution. However, classification is more concerned with the texture content of each
sample, while regression is more concerned with the edge features of the object’s image;
therefore, the two have different concerns, which can cause conflicts in the prediction
process and lead to model performance degradation. The Decoupled Head is proposed in
YOLOX [42], and it appears to solve the aforementioned problems. The Decoupled Head
architecture essentially separates the classification and localization processes, and it can
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be applied to both one-stage and two-stage target detection algorithms. However, before
the advent of YOLOX, the previous YOLO family of algorithms as well as other target
detection algorithms had been using a coupling head at the prediction side.

The structure of the Decoupled Head network is shown in Figure 9. For the input
feature layer, the Decoupled Head will downscale it using 1 × 1 convolution and then
perform the object classification and target frame coordinate regression tasks using two
parallel channels, respectively. To reduce the complexity of the Decoupled Head and
increase the model convergence speed, two 3 × 3 convolutions are used for each channel.
The processing results in 3 output values: Cls, Reg, and Obj, where Cls is the kind corre-
sponding to the target frame, Reg is the location information of the target frame, and Obj is
whether each feature point contains an object. The 3 output values are fused to obtain the
final prediction information.
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Therefore, this paper uses the Decoupled Head to decouple the classification and
regression tasks. The use of the Decoupled Head can not only bring improvements in the
accuracy of forest fire smoke detection but also improve the speed of convergence of the
forest fire smoke detection model.

3.7. Training

To accomplish forest fire smoke detection, a large amount of labeled data to train deep
learning models is required, but in practice, such data is difficult to obtain. Considering the
similarity between forest fire smoke and the smoke of other scenes, this paper introduces
a migration learning strategy to improve the generalization ability and robustness of
the model. USTC-Smoke is a publicly available smoke dataset from the University of
Science and Technology of China (http://smoke.ustc.edu.cn/datasets.htm (accessed on
22 September 2022)), which contains smoke from several scenes of smoke. The migration
learning process is shown in Figure 10. Firstly, the training is performed based on this
dataset, and then the trained model parameter weights are migrated to the new model,
which is retrained using the forest fire smoke dataset established in this paper. Table 1
shows the experimental environment of the model OBDS, and Table 2 shows the training
parameters. In addition, since forest fire smoke detection is a target detection task that
requires processing a large amount of sparse data, an optimizer that is insensitive to sparse
gradients is required. Therefore, this paper compares the performance of the model using
the Adam and SGD optimization algorithms during the training process.

http://smoke.ustc.edu.cn/datasets.htm
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Table 1. Experimental environments.

Experimental Environments Details

Program Language Python 3.7
Deep learning framework Pytorch 1.12.1

GPU Type NVIDIA GeForce RTX 3060
Operating System Windows 10

Table 2. Training parameters for our model.

Training Parameters Details

Epochs 200
Batch-Size 8

Initial Learning Rate 0.01
img-size 640 × 640

Optimization algorithm SGD and Adam

3.8. Evaluation Metrics

To evaluate the performance of the model for forest fire smoke detection, the evaluation
metrics in this paper use Precision, Recall, mAP, speed index FPS, and time. TP refers to the
test image and predicted image as both being forest fire smoke images; FP refers to the test
as being non-smoke images; FN refers to the test as being smoke images; and prediction is
the non-smoke image.

Precision is the ratio of the number of correctly predicted smoke borders to all pre-
dicted smoke borders, calculated as follows, and this metric reflects the accuracy of the
model for forest fire smoke prediction.

Precision =
TP

TP + FP
(9)

Recall is the ratio of the number of correctly predicted smoke bounding boxes to the
number of all true smoke bounding boxes, and this metric reflects the proportion of smoke
samples that are correctly predicted and is calculated as follows:

Recall =
TP

TP + FN
, (10)
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mAP refers to the average accuracy mean, which is the mean value of AP. mAP is the
average accuracy rate and is obtained by integrating the Precision-Recall curve with the
following formula:

AP =
∫ 1

0
(Precision)d(Recall) , (11)

mAP =
1
n ∑n

i=1 APi (12)

FLOPs (floating point operations) are important metrics for evaluating the compu-
tation of a model, which can side-by-side reflect the time spent on model training and
testing; they are usually used to measure the time complexity of a model. Although the
processing time of the model is affected by hardware conditions, this paper is based on
the same hardware device and can reflect the number of operations and computational
complexity of the model very objectively. Ignoring a small number of operations in the
pooling layer, batch normalization layer, and activation layer, if the bias term is considered,
the FLOPs of the convolutional layer can be derived as follows:

FLOPs = ∑L1
i=1

(
Ci × k2

i + 1
)
× Ci+1 × Hi+1 × Wi+1, (13)

where the number of layers of the convolutional layer is L1, Ci, and Ci+1 that denote the
number of input and output channels of the i-th convolutional layer, respectively. Hi+1
and Wi+1 are the length and width of the output feature map in the i-th convolutional
layer; Hi+1 × Wi+1 denotes the size of this output feature map. ki denotes the size of the
convolutional kernel in the i-th layer. The FLOPs operation for the fully connected layer is
shown in Formula (14):

FLOPs = ∑L2
i=1(Ci + 1)× Ci+1, (14)

where the number of layers of the fully connected layer is L1 and the weight matrix of the
connections is Ci × Ci+1. Therefore, the value of the FLOPs after the samples are input into
the network is approximately equal to the sum of Formulas (13) and (14).

FPS (frames per second) reflects the number of smoke images that can be detected
by the network model per second. fn indicates the number of detected images, and T
represents the detection time used.

FPS =
fn

T
(15)

4. Results
4.1. Training Results

First, we designed two sets of comparison experiments for the choice of optimization
algorithm, comparing the mAP_0.5 of our OBDS model when using the Adam and SGD
optimization algorithms. The experimental results are shown in Figure 11. It can be seen
that the mAP@0.5 of the model is higher when using the Adam optimization algorithm
than when using the SGD optimization algorithm, so the former algorithm is used for
OBDS in the following experiments. Therefore, the Adam optimization algorithm is used
in the following experiments.

Figure 12 shows the convergence process of Precision, Recall, and mAP@0.5 during
the training of the smoke detection OBDS model, and the following figures reflect the
improvements for faster convergence of the network.
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for mAP@0.5.

4.2. Ablation Experiments

To verify the effectiveness of each improvement module of the smoke model OBDS,
five sets of ablation experiments were designed in this paper, each using the same environ-
ment and training parameters. Table 3 shows the experimental results.
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Table 3. The results of the ablation experiments.

Model mAP@0.5
(%)

Precision
(%)

Recall
(%) FPS Time

(ms)

YOLOv5 87.79 88.01 87.35 59 16.9
YOLOv5 + ODConv 88.31 87.12 88.12 58 17.2

YOLOv5 + ODConv + BoTNet 90.95 89.56 89.20 56 17.8
YOLOv5 + ODConv + BoTNet + SimAM 91.10 91.02 90.05 55 18.1

YOLOv5 + ODConv + BoTNet + SimAM + Decoupled Head
(our model, the OBDS with Adam) 92.10 92.25 91.60 54 18.5

From Table 3, compared with YOLOv5, the “mAP@0.5,” Precision, and Recall of the
model improved by 3.16, 1.55, and 0.77, respectively, after the introduction of ODConv
and BoTNet, indicating that the network’s forest fire smoke feature extraction capability
was significantly improved. After the introduction of the SimAM attention mechanism
and decoupling head, the “mAP@0.5”, accuracy, and recall of the YOLOv5 network model
are improved by 4.31, 4.24, and 4.25, respectively, compared with those of the YOLOv5
network model, which indicates that the model focuses more on the target area of forest
fire smoke and increases the detection accuracy of forest fire smoke. Meanwhile, the FPS of
the model reaches 54, i.e., the model can process 54 frames per second, and it takes only
18.5 ms to detect each forest fire smoke image, which can realize the real-time monitoring
of forest fire smoke.

In order to further verify the effectiveness of this model OBDS in forest fire smoke
detection, the results of comparison experiments between this model OBDS and the main-
stream models Fast R-CNN, DETR, Deformable DETR, and Improved YOLO in the field of
smoke detection are given in Table 4, and mAP@0.5, FPS, and FLOPs metrics are used to
evaluate them. Our model OBDS achieves a computational complexity of 21.5 GFLOPs, a
high FPS of 54 frames per second, and the highest mAP@0.5 of 91.2% with a guaranteed
lower computational complexity.

Table 4. Results of model comparison experiments.

Model mAP@0.5
(%) FPS GFLOPs

Fast R-CNN [43] 84.21 58 24.5
DETR [44] 87.32 13 26.2

Deformable DETR [45] 89.15 10 39.6
Improved YOLO [46] 91.86 52 20.1

OBDS (our model) 92.10 54 21.5

4.3. Forest Smoke Detection Performance Analysis

Through ablation experiments, we verified that each module of the improved model
contributes to the detection of forest fire smoke, and the improved model has a great
improvement in the detection effect compared with the original model. OBDS can better
extract global and local features of smoke images, effectively suppress the interference
of background information in the complex forest environment, and effectively solve the
problem of insufficient extraction of forest fire smoke features and low detection accuracy.
Meanwhile, the forest fire smoke detection model OBDS can meet the needs of real-time
forest fire detection and has good detection of small target forest fire smoke, which can
realize early warnings of forest fires.

The detection of forest fire smoke in different backgrounds is shown in Figure 13. As
previously shown in Figure 8a, the model OBDS can detect forest fire smoke more accurately.
In contrast, the detection results of the unimproved YOLOv5 model are less accurate,
and in addition, the original YOLOv5 model misses three smoke targets (Figure 13b).
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Furthermore, the detection confidence of OBDS is higher than that of the original YOLOv5
model (Figure 13c,d).
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As shown in Figure 14, the smoke detection confidence of this model is significantly
higher than that of the unimproved YOLOv5 model for small target forest fire smoke at a
long distance.
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Figure 14. Smoke detection effect of a small forest fire. (a) is the smoke detection result of this model
of OBDS; (b) is the smoke detection result of the unimproved YOLOv5 model.

The experimental results of the complex background interference false detection cases
are shown in Figure 15. When the background appears similar to the smoke with clouds,
fog, and other interferences, this model does not show false detection cases. Figure 15a,b,
are images containing fire smoke, and Figure 15c,d, are images of the forest without fire
smoke but with cloud disturbance. Smoke detection of our OBDS model can adapt to
various interferences of complex backgrounds without misdetection, whereas the original
YOLOv5 model has false detection (Figure 15b).
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smoke detection results of the model OBDS; (b,d) are the smoke detection results of the unimproved
YOLOv5 model.

Considering that forest fire smoke monitoring is a task that requires real-time monitor-
ing, the model in this paper detects forest fire smoke videos, and the detection results are
shown in Figure 16. The model in this paper can meet the demand for real-time detection,
which helps to detect forest fires in time and grasp the smoke’s spread.
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Figure 16. Forest fire smoke video detection results.

5. Discussion

Forest resources are vital to human beings and, at the same time, play an immense
role in maintaining the integrity of the ecological community and overall environment.
However, forest fires have occurred repeatedly in recent years, causing great damage to
countries around the world and also threatening human lives. If fires can be detected at an
early stage of occurrence, they can be extinguished with minimum cost and avoid causing
more damage. The forest environment is very complex, especially in densely vegetated
forest areas. Forest fires are not easily detected at the early stage of their occurrence, and
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smoke is the main feature of the pre-fire period. Using this feature for forest fire smoke
detection is crucial for early warning and control of fires.

Traditional forest fire smoke recognition algorithms usually extract specific features
from the suspected smoke area and then classify the features for recognition. However,
forest fire smoke, as a random turbulent motion phenomenon, is affected by the weather
and topography of the forest area, with large differences in appearance and a certain
degree of transparency. Additionally, manually selected features often have insufficient
discriminatory power and low detection accuracy. In recent years, many scholars have
spoken about the application of deep learning techniques to forest fire smoke detection, but
due to the limitations of the weak CNN global feature information extraction capability,
the existing algorithms still find it difficult to meet the detection needs of high accuracy,
low false detection, low leakage, and high real-time performance. In addition, there is no
standard dataset for smoke detection because it is difficult to obtain smoke image samples
of forest fires. Therefore, this paper uses crawlers to obtain public forest fire smoke images
on the web. Considering the problem of a single seasonal background in the dataset, this
paper uses CycleGAN to seasonally transform the smoke images, improves the traditional
mosaic enhancement algorithm to enrich the dataset, and finally builds a set containing
25,420 forest fire smoke images and 5000 cloud and fog images without smoke. A forest fire
smoke dataset containing 25,420 forest fire smoke images and 5000 cloud and fog images
without smoke was finally built.

Since traditional static convolution can only operate on a fixed-size convolution ker-
nel, it cannot accommodate input data of different sizes and shapes. In addition, static
convolution can only convolve on a single dimension; it cannot capture the dependencies
between multiple dimensions. These drawbacks limit the performance and effectiveness of
static convolution when dealing with multiple input data. Therefore, this paper introduces
Omni-Dimensional Dynamic Convolution to effectively solve the problem of insufficient
extraction of static convolutional smoke features by learning the complementary attention
of convolutional kernels from four dimensions and adaptively deciding the weight of each
convolutional kernel according to the model’s input, which significantly enhances the
ability to capture contextual smoke information and makes the model better. The model
can significantly enhance the capture of contextual smoke information, allowing the model
to better capture the feature information of forest fire smoke.

Conventional CNNs can only perform information extraction and feature learning at
a local scale and thus perform poorly when processing large and high-resolution images.
In addition, traditional CNNs need to reduce the size of the feature map by multiple
convolution and pooling operations when detecting targets, which makes it difficult for
CNNs to detect small targets. For example, YOLOv5, YOLOv7, and YOLOv8 are all pure
convolutional structures. Although YOLOv7 and YOLOv8 are improvements to YOLOv5,
YOLOv7, and YOLOv8 are designed for universal detection targets. The OBDS model based
on the YOLOv5 framework in this article is designed for the characteristics of forest fire
smoke and combines the advantages of transformers for information extraction and feature
learning on a global scale. We introduce the Bottleneck Transformer Net (BoTNet), which
combines a CNN and transformer to complement each other’s strengths and weaknesses
so that the model can more fully extract global feature information from forest fire smoke
images while reducing the model’s computation and improving the detection accuracy of
small target forest fires. In addition, this paper incorporates the SimAM attention mecha-
nism to enhance the extraction capability of network smoke features without increasing
the network parameters, while improving the detection accuracy of small target smoke.
Considering that the original detection head of YOLOv5 detects by dividing the image into
a grid, which has a low accuracy for small target localization, in addition to the conflict
problem of classification and regression. Therefore, this paper optimizes the detection head
by using a decoupling head to separate the classification and regression tasks to predict the
location and class of targets more accurately, speed up the convergence of the network, and
effectively improve the detection accuracy of the forest fire smoke model.
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In the forest fire smoke detection scenario, an optimizer that can converge quickly
is needed to optimize the model because the shape and color of smoke may change with
time, weather, etc. Meanwhile, since fire smoke detection is a target detection task and
needs to deal with a large amount of sparse data, an optimizer that is insensitive to sparse
gradients is needed. Based on the above considerations, we compared the performances
of the Adam and SGD optimization algorithms, and through the graphs, we found that
the mAP0.5 of the model is higher and the model converges faster when using the Adam
optimization algorithm. We verified the effectiveness of each optimization module by abla-
tion experiments, and our model OBDS improved by 4.31% compared with the benchmark
model mAP0.5, and the FPS reached 54 frames per second, which can meet the real-time
detection of forest fire smoke. We compare our OBDS model with the mainstream models
(Fast R-CNN, DETR, and Deformable DETR) and the latest models in the field of smoke
detection, and the OBDS achieves the highest mAP0.5 of 92.10% with less guaranteed
computation (21.5 GFLOPs), which has obvious advantages in forest fire smoke detection.

However, there are still some improvements to be made to this paper. The dataset
built in this paper currently contains only daytime and nighttime conditions; therefore,
the dataset can be subsequently expanded by collecting smoke images and videos with
different weather and ambient colors to achieve better detection results. In the future, we
will also be committed to deploying our models on equipment such as UAVs to better
support early warning of forest fires.

6. Conclusions

In this paper, a new improved high-precision forest fire smoke detection model is
proposed, and a forest fire smoke dataset is collected and established. First, to address
the problem of sparse forest fire smoke data samples and a single seasonal background,
this paper collects and uses CycleGAN to transform the smoke images with a seasonal
style and improves the mosaic data enhancement method to enrich the dataset. Second,
to address the problem of insufficient forest fire smoke feature extraction, this paper
introduces Omni-Dimensional Dynamic Convolution, which adaptively decides the weight
of each convolution kernel according to the input and learns the complementary attention
of the convolution kernel from four dimensions, which significantly enhances the ability
to capture contextual smoke information and makes the model better acquire the feature
information of forest fire smoke. In addition, this paper introduces Bottleneck Transformer
Net, which combines a CNN and transformer, enabling the model to fully extract the
global feature information of forest fire smoke images while reducing the computational
effort of the model and improving the detection accuracy of small target forest fires. The
integration of the SimAM attention mechanism makes the network model focus more on
the feature extraction of smoke targets while improving the detection accuracy of small
target smoke. Finally, this paper replaces the original detection head of YOLOv5 with a
decoupling head to speed up the convergence of the network and also effectively improve
the detection accuracy of the forest fire smoke model. The experimental results show that
the forest fire smoke detection OBDS model proposed in this paper has a high accuracy
detection effect on forest fire smoke in various complex background forest environments
and has certain advantages compared with the mainstream models, with a computational
complexity of 21.5 GFLOPs, mAP@0.5 of 92.10%, and FPS of 54, which can meet the need
for real-time detection and is of great value for early warning and fighting forest fires. It
has an important application value for early warning and firefighting.
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