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Abstract
Because of the long response time of the traditional fire smoke detection
device, and it cannot play a role in large space and outdoor.
The video-based smoke detection technology which has the advantages
of fast response, non-contact, visualization, intelligence and integration
has been paid more and more attention. However, the area of smoke
generated in the early stage of fire is small and relatively light, the existing
smoke image detection algorithm is difficult to detect the early smoke.
YOLO V4 is an excellent multi-scale target detection network. This paper
proposed a target detection algorithm based on modified YOLO V4,
for smoke detection. Experimental results show that the algorithm is more
sensitive to early smoke, and achieves an accuracy rate of 98.5 % on the
smoke data set, which is 1.1 % higher than using YOLO V4.
The detection speed reaches 32 frames/s, which meets the requirements
of real-time detection.
Keywords: Smoke detection, Depth-wise separable convolution, Space
pyramid pool module, YOLO V4
Introduction
Fire is not only a big threaten to our property, it also leads to more serious
problems such as environmental pollution, endangering people's life
safety. Therefore, to detect fire in time to reduce the loss and the damage
is of great significance. Video-based fire detection has many advantages,
such as fast response, non-contact, visualization, intelligence and easy
for integration. Most fires will go through a long smouldering process
before the occurrence of flame, generating a large amount of smoke. Due
to the characteristic of diffusion of smoke, smoke is more likely to appear
on the monitoring screen. Compared with flame image detection, the
response of video-based smoke detection is earlier and more applicable.
Although more and more scholars have done a lot of research on smoke
image detection technology, it has not been widely used in real world,

the reasons are mainly as follows. First of all, the current smoke detection
algorithm is usually only effective for a single scene. When the scene
changes, false alarms and missed alarms occur frequently. Secondly, the
smoke generated at the beginning of the fire is less, and the smoke area
in the monitoring screen is small. The current smoke detection algorithm
is not sensitive to early smoke. Finally, the current smoke detection
algorithm requires high computing capacity of equipment, and the huge
amount of calculation makes it difficult to realize real-time computing and
monitoring.
In order to solve the above problems, we proposed a target detection
algorithm based on modified YOLO V4 [1], for smoke detection. This
paper has the following contributions:
1.

We added a convolution path in the convolution module of
CSPdarknet53 [2] network to widen the backbone network so that it
could extract image features more effectively.

2.

After the output by the backbone network, a space pyramid pool
(SPP) module [3] added respectively to enhance the features of
small targets.

3.

Depth-wise separable convolution [4] used to reduce network
parameters.

4.

We made a data set of fire smoke images for training and detection
of algorithm performance. This dataset contains 9270 smoke
images as positive samples and 4376 smoke free images as
negative samples.

Smoke detection framework
Based on the advantages of the popular deep convolutional neural
network, we improved YOLO V4. First, we need to enhance the feature
extraction capability of backbone network to ensure that features can be
extracted effectively when light smoke appears in the image.
The backbone network of YOLO V4 is CSPdarknet53, it adopted the CSP
module, in the base layer when forward to deduce the characteristics of
the map is divided into two parts, one part takes multiple residual
convolutions, and the other is just one convolution with a kernel size of
1×1. Then they are connected through a cross-phase hierarchy,
the gradient information can be reused, so as to enhance the learning
ability of CNN. However, the convolution receptive field of 1×1 was too
small and the feature extraction ability was weak. Therefore, we added a
convolution path to the convolution module of CSPdarknet53 network.
The path only contained a convolutional layer with a convolution kernel
size of 3×3, which broadened the backbone network and enabled it to
extract image features more effectively.
In order to avoid the internal covariate shift during neural network
training, we set a batch normalization layer [5] after the convolutional

layer to improve the training speed and network generalization ability.
Because the expression capacity of the linear model is insufficient, the
activation function needs to be used to process the output results of the
convolutional layer, so as to solve the problem of linear inseparability.
We choose Mish activation function [6], which is smoother than ReLU
and other common activation functions, and can make information
spread better in the deep neural network, so as to obtain better accuracy
and generalization.
The combination of standard convolutional layer, batch normalization
layer and activation function layer is called standard convolutional
combination module (CBA). In order to reduce the number of network
parameters and computation, we use deep separable convolution
instead of standard convolution. Specifically, the above CBA module is
divided into deep convolution combination module (DBA) and point
convolution combination module (PBA). In order to ensure the effective
transmission of image information, we introduce residual structure, which
is called DRes unit for depth separable product with residual structure.
Deeper networks tend to have stronger performance. We connect
multiple DRes units to form a deep separable convolution residual
module, or DRes N for short, where N represents the number of DRes
units contained in the module.The two cross-layer connected
convolutional channels mentioned above are added to DRes N to form a
multi-channel deep separable convolution residue module, which is a
major component of the improved backbone network, MDRes N for short.
Figure 1 shows the structure of DRes Unit, DRes N and MDRes N.
The backbone network is composed of a CBA module and
5 MDRes N modules. Table 1 shows the structure and parameters of the
backbone network.

Fig. 1. Network components.

Table 1. Backbone network structure and parameters.
Module

Input

Output

CBA3×3

608×608×3

608×608×32

MDRes1

608×608×32

304×304×64

MDRes2

304×304×64

152×152×128

MDRes8

152×152×128

76×76×256

MDRes8

76×76×256

38×38×512

MDRes4

38×38×512

19×19×1024

By applying SPP to target detection network, multi-scale local region
feature fusion on the same convolutional layer can improve scale
invariance and thus improve accuracy [7]. Although an SPP module was
set after the small-scale feature layer of YOLO V4 to increase the
receptive field, however, there is no SPP module after the mesoscale
feature layer and large scale feature layer which are responsible for the
prediction of medium and small targets, so the features of small targets
were easily lost in the transmission process, resulting in the omission of
small targets. After the mesoscale feature layer and the large-scale
feature layer, we added SPP modules respectively, and input the feature
tensors of different scales extracted from the backbone network into the
SPP module respectively. The features of small and medium-sized
targets will be more obvious, which is conducive to the identification of
small smoke targets in the early stage of fire.SPP module is composed
of a CBA, three maximum pooling layers and a connection layer.
Figure 2 shows the structure of SPP module. When the feature map is
output by CBA of this module, the maximum pooling is carried out by
pooling core with the size of 5×5, 7×7, 13×13 respectively, and the step
length of pooling core is 1. Therefore, three new feature maps with the
same size as the original feature map are obtained after pooling
operation. The three feature maps are stacked with the original feature
map to obtain the final output of the module.

Fig. 2. SPP module.

When three feature tensors with different scales pass through SPP
module respectively, PANet structure is adopted for further feature fusion
[8]. Small scale features have a higher response to the overall target,
while large scale features have a better expression for local features.
We first up-sampled the small scale features and fused them with the
mesoscale and large scale features，Transfer semantic features, which
enhanced the ability of classification. Then the large scale features are
gradually down-sampled and merged with the mesoscale and small scale
features, enhance the ability of localization. The overall structure of our
network is shown in Figure 3.

Fig. 3. Smoke detection network structure.

Dataset
We need a large amount of data to train the model based on deep
convolutional neural network. Therefore, we recorded smoke videos of
different scenes and collected some smoke videos from different publicly
available datasets [9, 10, 11], and eventually extracted 9,270 smoke
images from these videos. These images include scenes of forest, rural,
campus and interior spaces. The shooting methods include remote aerial
photography by drones, surveillance cameras and close-up photography
by mobile phones. Figure 4 shows some of these smoke images. We
used PASCAL visual object classes dataset as the template and used
labeling to mark the smoke in these images.
Adding negative samples to the dataset can reduce false alarm and
improve model classification performance. Compared with blindly
collecting images without smoke as negative samples, it is more efficient
to find images that are prone to generate false alarm and add them into
the data set as negative samples. Firstly, we use the above 9270 smoke
images to conduct preliminary training on the neural network, and get the
smoke detection model after 8000 epochs. We used this model to detect
a large number of pictures and video frames which without smoke, and
collected the pictures that causes false alarm, sorted out 4376 pictures,
and then added them into the data set as negative samples. The resulting
smoke image dataset contains total of 13646 images, including
9270 smoke images and 4376 smoke free images. 80 % of the images
were randomly taken as the training set and the remaining 20 % as the
test set.

Fig. 4. Sample images from dataset.

Training
The experimental environment of this study is configured as follows:
CPU is Intel i7-6850k, 3.6 GHz main frequency. The memory is 62.7 G.
GPU is Nvidia GTX1080 Ti. CUDA 10.0 and CUDNN are installed in the
system. The operating system is Ubantu 18.04. OpenCV version 3.4 is
used to display network detection results.
The neural network requires a lot of iterative computation to find the
appropriate weight parameter, and the number of iterations is set
to 130,000. The initial learning rate was 0.001, and when the number
of iterations reached 70000, 90000, 110000, the learning rate decreased
by 10 times, respectively. The specific training parameters are shown in
Table 2. Whether the training of neural network meets the requirements
is generally judged by the loss function.
Table 2. Training Parameters.
Batch

Iteration

Image size

16

130000

608×608×3

Momentum
parameter
0.949

Weight
attenuation
0.0005

Learning
rate
0.001

Experimental results
After 130000 iterations of training, we obtained a 102MB smoke detection
model. The accuracy rate of this model in the test set mentioned above
was 97.8%, the precision rate was 98.5 %, the detection rate was
97.4 %, the false alarm rate was 1.7 %, and the F1 value was 97.9 %.
Moreover, the detection speed reached 32 frames per second, which is
fast enough for real-time detection. Figure 5 shows the detection effect
of this model in some pictures.
In order to evaluate the detection network proposed in this paper more
accurately, we compared with the smoke detection model proposed by
some other researchers. Zhang et al. [12] used a large number of
synthetic smoke images as samples to train the convolutional neural
network, and Xu et al. [13] conducted video smoke detection and
segmentation based on the deep significance network. In addition, we
compare it with other target detection networks, and used the same
training set and training parameters to train Faster RCNN, SSD, YOLO
V3, YOLO V4. Under the same test set, the comparison results are
shown in Table 3. It can be seen that our detection network has the best
accuracy rate, precision rate, detection rate, false alarm rate and F1
value. Compared to YOLO V3, YOLO V4 and Xu, our detection networks
have lower FPS because the networks are deeper and wider. In addition,
we have fewer network parameters and smaller smoke detection model.
The size of the model trained by YOLO V4 is 244 MB. While maintaining
the high performance of the detection network, the size of the model is
reduced to 102 MB.

Fig. 5. Detection results with the proposed model.
Table 3. Comparison with different Deep convolutional neural network.
Methods
Zhang et al. [12]
Xu et al. [13]
Faster RCNN
SSD
YOLO V3
YOLO V4
Proposed method

AR(%)

PR(%)

DR(%)

FR(%)

F1(%)

FPS

71.8
89.1
93.9
92.6
95.9
96.7
97.8

77.1
89.2
94.4
96.1
96.7
97.4
98.5

67.6
90.8
94.2
92.1
95.8
96.5
97.4

23.4
12.8
6.5
3.9
3.8
3.0
1.7

72.1
89.9
94.3
94.1
96.2
96.9
97.9

15
37
15
17
37
38
32

In order to study the feature extraction of the improved network further,
we selected a picture and visualized the three image features of different
scales output after it passed through the backbone network and SPP
module. Fig. 6 shows the position of the image features we selected
in the forward propagation of the neural network. As can be seen from
Fig. 7, compared with YOLO V4, our algorithm is more sensitive to small
smoke targets and light smoke targets, so it is more suitable for smoke
detection in the early stage of fire.

Fig. 6. The position of the image feature in the forward propagation of
the network.

Fig. 7. Comparison of image feature visualization.

Conclusions and outlook
In this paper, a deep separable convolutional neural network is proposed
to realize the task of fire smoke detection. We widened the backbone
network by adding convolution path to improve its feature extraction
capability, and then added SPP modules after the three feature layers
output by the backbone network to obtain multi-scale information, so as
to solve the problem of difficult detection of smoke in the early stage.
Deep separable convolution is used instead of standard convolution to
reduce network parameters, the final size of smoke detection model is
102 MB, which is about two-fifths of YOLO V4 model. The experimental
results show that the method has better comprehensive performance
than Faster RCNN, SSD, YOLO V3 and YOLO V4, and can better meet
the needs of practical application. Although this method is superior
to other smoke detection algorithms in the experiment, it still has 1.7 %
false alarm rate and 2.6 % missing alarm rate. In the pictures of the
missed and false positives, the smoke was very light and small,
and mixed with the background was difficult to distinguish. The dataset
used in this experiment only contains 9270 positive samples and
4376 negative samples. Increasing the samples under different scenarios
for training can improve the robustness of smoke detection model. Using
the extended data set of synthetic smoke image is a solution with
research value.
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