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ABSTRACT 

This paper aims to detect and discover fires 

through video recognition technology to minimize 

the harm caused by fires. In this paper, a fire 

detection model, which is as fast as possible and 

can be applied to real-time and effective detection 

of smoke and flame in video surveillance, is 

present. Firstly, the model locates the dynamic 

foreground object in the frame of the video, and 

obtains the areas where smoke or flame may exist, 

which greatly reduces the number of Regions of 

Interest (RoIs). Next, this model uses the cascade 

method to apply the color histogram filtering model 

combined with the SVM and the neural network 

object recognition model to the fire detection of 

RoIs. The color histogram filtering model 

combined with the SVM further reduces the number 

of RoIs and greatly shortens the recognition time of 

the neural network model. Finally, considering the 

continuity character of video sequence image, it is 

not necessary to detect all video frames, specially, 

that is, no matter how much the video frame rate is, 

the number of video frames detected per second in 

this model will be limited to 10 frames. The model 

can accurately detect the flame and smoke in the 

video in real time, and has a strong anti-

interference ability. The model in this paper shows 

good performance in both detection accuracy and 

speed. 

Keywords: Color Histogram, SVM, Regions of 

Interest, Cascade, Convolutional Neural 

Network. 

 

INTRODUCTION 

Fire is one of the most frequent and widespread 

threats to public safety and social development. 

The fire will not only bring us economic losses, but 

also threats to life. Preventing fires is a top priority 

for avoiding fires, but it is especially important to 

spot fires and extinguish them before they have 

caused serious consequences. 

Fire recognition[1] can be divided into two 

categories: sensor detection and computer vision 

detection. Sensor detection mainly uses 

temperature and smoke sensors to detect the 

changes of related physical quantities. Once the 

value of physical quantities reaches a critical value, 

fire is considered to have occurred. There are many 

methods of computer vision. Generally speaking, 

these methods involve video image acquisition, 

feature extraction and feature judgment. The 

characteristics of smoke and flame include infrared 

radiation, visible radiation, color, motion, contour 

etc[2]. Because of the large number of fire features, 

it is difficult to consider all the features 

synthetically. At the same time, the recognition 

results are usually not the simple mathematical 

operation values of each feature value, and the fire 

flame cannot be recognized intuitively only based 

on the features extracted from the image. Although 

previous methods can recognize smoke or flame 

well, the recognition performance is vulnerable to 

environmental changes due to the incomplete 

consideration of the feature types, such as infrared 

and visible light radiation will be affected by 

natural light and other interfering light sources. The 

development of neural network, especially the 

development of deep learning in object detection, 

provides a better method for feature extraction, and 

the detection effect is better than the previous 

methods. At present, many scholars have applied 

neural network to fire identification, and achieved 

good results, but its detection accuracy, speed and 

anti-interference ability need to be improved. 

The development of target detection based on 

neural networks has advanced rapidly, which 

increased the detection speed and accuracy. How to 

detect targets more quickly and accurately has 

always been a research hot spot. The development 

of target detection is mainly divided into two 

categories. One is the object detection method 

divided into two stages using RoIs represented by 

RCNN[3], Fast RCNN[4] , and Faster RCNN[5] 
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etc. Another one is an object detection method 

using only a single neural network such as 

YOLO[6], SSD[7], and DSSD[8]. The former has a 

higher accuracy, while the detection speed of it is 

slower. Because the latter has a simple network 

structure, the detection speed is faster, and the 

accuracy is lower. The method proposed by 

OHEM[9] can be used to improve the second 

detection method. Focal Loss for Dense Object 

Detection[10] is also proposed, which improves the 

accuracy of the second detection method. For the 

former, the RoIs extraction method is continuously 

being optimized. 

Nowadays there are many target recognition 

methods based on neural networks, and various 

network structures and optimization methods[11] 

have been explored. RCNN uses a convolutional 

network for object location and recognition. Fast 

RCNN optimizes the network structure so that 

regression and classification are performed 

simultaneously. Faster RCNN with RPN instead of 

Selective Search significantly reduces the detection 

time. YOLO inputs the entire image to the network. 

The YOLO network structure is simple, but it has 

creatively proposed that the use of a single neural 

network can accomplish the positioning and object 

identification of the bounding box. SSD increases 

the number of bounding boxes at each position on 

the feature map on the basis of YOLO. The most 

important things are that SSD considers the image 

scale problem, reuses the information of the low 

feature layer, extracts the bounding box and 

predicts the object at each layer feature map 

making the detection accuracy greatly improved. 

FPN[12] and Inside-Outside Net[13] fuse the 

feature information of different layers to predict the 

bounding box and classification respectively. In 

addition, there are also various optimization 

methods including residual network[8, 14], 

deconvolution[8], batch normalization[15, 16] and 

so on. 

What the above two types of target detection 

methods have in common are that a large number 

of RoIs need to be determined on the entire image, 

which means that it takes a lot of time to perform 

positioning, regression, and object recognition. 

However, it is not required for video recognition to 

be detected for most objects in images but only for 

the dynamic objects appearing in the foreground. In 

this way, only a small number of RoIs need to be 

identified, without bounding box regression 

operations, so as to use the object recognition 

method based on the convolutional neural network 

to identify these RoIs, which greatly reduces the 

detection time. 

In this paper, a fire cascade detection model that 

can be applied to real-time and effective detection 

of smoke and flame in video surveillance is 

presented. As shown in Figure 1, firstly, the 

dynamic foreground objects are located in each 

frame of the video and the background is ignored, 

which greatly reduces the number of RoIs. Then, 

cascade method[17] is used to apply the color 

histogram filtering model combined with the SVM 

and the neural network object recognition model to 

fire recognition in RoIs. This model can accurately 

detect flame and smoke in video and has strong 

anti-interference ability. 

The main contributions of this paper are as follows. 

Firstly, the model locates the dynamic foreground 

objects in each frame of the video, and obtains 

RoIs with smoke or flame, which greatly reduces 

the number of RoIs. Secondly, cascade method is 

 

Fig 1: Fire Cascade Detection.  (a) shows a video frame and its foreground objects. (a) is input into the 

color histogram filtering model combined with the SVM, and then (b), in which the foreground area 

without flame and smoke is filtered out, is obtained. Finally, (b) is input into the object recognition model 

and then (c) is obtained. (c) will retain the RoIs which are ultimately identified as flame or smoke. 
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used to pass RoIs through the color histogram filtering 

model combined with the SVM[18] and the neural 

network object recognition model. Thecolor histogram 

filtering model combined with the SVM plays a filtering 

role, reduces the number of RoIs and helps to greatly 

shorten the detection time of the neural network object 

recognition model. Finally, in view of the continuity 

character[19] of video sequence image, it is not required 

to identify the foreground objects in all frames, specially, 

that is, no matter how much the video frame rate is, the 

number of video frames detected per second in this model 

will be limited to 10 frames. The model can accurately 

detect the flame and smoke in the video in real time, and 

has a strong anti-interference ability.  

The rest of this paper is organized as follows: Section 2 

introduces the related approaches of color histogram, 

foreground object extraction and detection. Section 3 

describes our approaches and algorithms. Section 4 

introduces a standard for model performance analysis and 

compares the performance of this model with that of 

another model. In addition, the model will be tested and 

analyzed in actual scenarios. Section 5 gives the 

conclusion and the work that will be done in the future. 

RELATED WORKS 

Color Histogram 

Color histogram[20] is a widely used color feature in 

many image retrieval systems. It describes the proportion 

of different colors in the whole image, but does not care 

about the spatial position of each color, that is, it cannot 

describe the object or object in the image. The color 

histogram represents the distribution of color components 

in the image and the number of pixels in each color. To 

compute the color histogram,the color space is divided 

into several small color intervals, each of which becomes 

a bin of the histogram. This process is called color 

quantization. Then, the color histogram can be obtained 

by calculating the number of pixels falling within each 

cell. In this paper, the characteristics of regional color 

distribution are analyzed, and the classification of regional 

objects is judged by SVM. This method has the 

advantages of low computational cost and invariance of 

image translation, rotation and scaling. 

Background Subtraction Algorithm  

Compared with the target tracking methods with large 

computation complexity, such as[21, 22], Vibe [23] is 

more appropriate. Vibe background subtraction is a 

universal foreground detection algorithm. There is no 

specific requirement for video stream type, color space, 

and scene content. Random selection mechanism is 

introduced into the background modeling for the first 

time, describing the random fluctuation of the actual 

scene by randomly selecting sample estimation 

background model. By adjusting the temporal 

subsampling factor, very few sample values can cover all 

background samples, taking into account the accuracy and 

computational load. The ability of this algorithm to inhibit 

noise is strong. Noise and other interference information 

must match the background model that is obviously 

impossible before it is propagated, thus the spread of 

interference information is inhibited. 

Vibe's basic idea [23]: A sample background model is 

established for each pixel (the background model contains 

N sample values), then calculate the similarity of the pixel 

to be classified and the background model. If the 

similarity is high, the pixel will be classified as the 

background. The similarity degree is determined 

according to the number of Euclidean distances, which is 

less than a certain threshold, between the N pixels to be 

classified and all the N samples in the background model. 

If the number is greater than a given minimum threshold 

U_min, it is similar, otherwise it is not similar. 

Contour Extraction and RoIs Generation  

The contour extraction is based on the dynamic 

foreground target binary image [24]. In binary images, 

there is a one-to-one mapping between the outer boundary 

and a connected region with a pixel value of 1, so is 

between the hole boundary and a hole with a pixel value 

of 0. An outer boundary is defined as a set of boundary 

points between an arbitrary 1-connected domain and a 0-

connected domain. A hole boundary is defined as the set 

of boundary points between a hole and a 1-connected 

field. The term "border" is used to refer to either an outer 

boundary or a hole boundary. Note that the hole boundary 

is defined as a 1-pixels collection (instead of 0-pixels), 

while the outer boundary is defined as a 0-pixels 

collection. On a binary image, for any 1-connected 

domain, its outer boundary is 1 and is unique. For an 

arbitrary hole, its hole boundary (the boundary between 

the hole and the 1-component) is also unique.[24] 

provides a boundary tracking algorithm for topology 

analysis, extracting the enveloping relationship between 

the boundaries of the binary map, to obtain the contour of 

the foreground target. 

Finally, calculate the minimum rectangle, which is 

parallel to the boundary of the image, of the contour, thus 

RoIs containing the foreground object is obtained. The 

Region of Interest (RoI) data includes the width w and 

height h of the rectangle and its coordinate (x, y) relative 

to the upper left corner of the image. 
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Convolution Network Object Detection 

In reviewing the development of object recognition, the 

LeNet5 convolutional network architecture was first 

proposed by Yann LeCun, an early convolutional neural 

network that can be used to identify handwritten digits. 

Later, AlexNet was proposed in 2012, Layer 7 ZF-Net in 

2013, and 16-layer VGGNet in 2014. In 2015, Google 

developed a 22-layer convolutional neural network 

(GoogLeNet) through the Inception module, and 

Microsoft Asia Research Institute created the 152-layer 

convolutional neural network ResNet. In fact, the target 

detection network structure is basically based on the 

above-mentioned network structure. In particular, the 

introduction of ResNet makes the network reach the depth 

of hundreds of layers. Faster RCNN first adopted the 

vggnet network, and later used Resnet to achieve greater 

recognition accuracy. YOLO network uses GoogLeNet 

classification network structure for reference, and 

creatively used a single convolutional neural network to 

complete bounding box positioning, regression and object 

recognition. SSD adopted vgg16 [25]. DSSD uses Resnet. 

In this paper, Vggnet16 is used as the main body of this 

network to implement the object recognition for RoIs. 

FIRE DETECTION MODEL 

Given the input video frame, the dynamic 

foreground targets area are obtained in the video 

frame, then the entire frame and the coordinates data 

of RoIs obtained from the frame are passed into the 

color histogram filtering model combined with the 

SVM and the neural network object recognition 

model for fire detection. Finally, the classification 

result of the RoIs are obtained. Compared to Fast 

RCNN and Faster RCNN, the process of extracting 

RoIs is greatly simplified, which does not require a 

separate network, such as RPN, for extracting RoIs 

and does not use Selective Search, but just needs to 

obtain a small number of RoIs that contain dynamic 

foreground, then passes the entire frame and RoIs 

data to the fire detection model at the same time. 

Compared with SSD, this recognition network only 

needs to recognize objects in RoIs that may exist 

flame or smoke, and the detection accuracy is higher. 

In addition, considering that the contents of several 

consecutive frames show little difference, if the 

camera reads too many frames per second, that is, 

more than 10 frames per second, the number of 

video frames detected in this model will be 

controlled to 10 frames per second, that is, reading 

one frame every 0.1s, which greatly reduces the 

computational complexity. 

Design of the Color Histogram Filtering 

Model Combined with the SVM 

Two SVM classifier[18] is trained and the kernel function 

is Gauss kernel function. A SVM is used to distinguish 

smoke from others, and another kernel function is used to 

distinguish flames from others. In the prediction, the color 

histogram distribution characteristics are input into the 2 

classifiers respectively. Suppose denotes the SVM 

classifier that divides category i and j. For each classifier, 

if the classification result is +1, count plus 1 and count 

remains unchanged. Similarly, if the classification result 

is -1, count plus 1 and count remains unchanged. In this 

paper, only three categories of flame, smoke and others 

are considered. Therefore, for each RoI, the color 

histogram classification results can only be 0, 1 and 2. 

When the number of flame or smoke categories is 1, the 

area is input into the object recognition network for next 

detection and recognition. If the number of others 

category is 2, the area is not identified in the next step. 

Network Design 

 

Fig 2: Network structure. The network in the 

rectangular block B is a detailed diagram of the 

rectangular block A. Based on vgg16, the feature 

layers obtained from the last four layers of max 

pooling are divided into two groups. According to the 

size of RoI, a new feature map is selected to RoI 

Pooling layer for classification.The final classification 

category includes flame, smoke and others. 

As shown in Figure 2, the network uses Fast RCNN built 

on the Caffe framework and the VGG16 architecture of 

the model. In this model, it is necessary to reshape the 

input image to a size of224×224×3. The whole image and 

its RoIs are input into the rectangle block A. As shown in 

block B, The entire network of the block A has 13 

convolution layers, and only uses the convolution kernel 
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of 3×3 size. In Figure 2, the white cube is a feature map 

generated by convolution and ReLU. Compared with the 

previous layer, the size and dimension of the feature map 

remains unchanged. The red cubes are the feature map 

generated by maxpool, whose height and width are halved 

while dimension are doubled or remain unchanged.  

The operation of RoI Pooling[4]: First, The coordinates of 

RoIs are mapped to the feature map that the coordinates 

are divided by the scale ratio of the input image to the 

feature map. After the RoIs coordinates on the feature 

map is obtained, new RoIs on the feature map pass 

through RoIs pooling. Although the input RoIs are of 

different sizes, RoIs pooling will fix the output the same 

size. For example, the input RoI is divided into 36 equal-

sized subregions (6x6), then the maximum value of each 

subregion is found out. Regardless of RoIs’ size, the same 

size of the feature map will be get. 

Design of Cascade Recognition Model 

The cascade strategy is adopted in this model. As shown 

in Figure 1, this model applies the color histogram 

filtering model combined with the SVM and the neural 

network object recognition model to the fire detection of 

RoIs. The convolutional neural network has high 

recognition accuracy and can capture the spatial 

information of objects, but the recognition of 

convolutional neural network will take a long time. In 

order to solve the above problem, the model first uses the 

color histogram filtering model combined with the SVM 

to determine whether smoke or flame may exist in the 

foreground area, so as to filter out most of the areas that 

do not contain flame and smoke and then the picture and 

the coordinates of the remaining foreground area where 

there may be flame and smoke are input into the 

convolution network for identification. The convolution 

network will eventually give the reliability of the 

existence of flame or smoke in each foreground area. 

When the score is greater than 0.6, the model considers 

that there is fire in the foreground area. Then the area is 

framed by rectangular box, and the recognition network 

uses NMS to remove the redundant rectangular box. 

Training 

The network of this model is based on Fast RCNN built 

on the Caffe framework and the VGG16 architecture, 

which is pre-trained on the ILSVRC CLS-LOC 

dataset[26]. Using the video dataset[27] published by the 

Visual Laboratory and the pictures and videos taken by 

ourselves, the image set containing 1,000 pictures is 

collated and used to fine-tune the network. In detail, this 

paper uses data augmentation to expand 1000 pictures to 

9,000, with a positive-negative sample ratio of 9:1.  

When training the SVM classifiers of color histogram 

filter, 1,000 images are selected from 9,000 images, in 

which positive-negative sample ratio is 4:1, for flame and 

others classifier. In addition, two RoIs are selected and 

correctly classified in each image, and there is only one 

RoIs with flame in the positive sample. For the smoke and 

others classifier, the selection of the training pictures and 

RoIs in each picture are the same. 

When training the convolutional recognition network, 

6,000 images, in which positive-negative sample ratio is 

5:1, are selected from 9,000 images. The 6,000 images are 

divided into G=500 groups. A grouped set of image is a 

mini-batch, which consisting of S=12 images. 4 RoIs are 

manually selected from each image, so a mini-batch has 

R=48 RoIs. There are only 3 RoIs containing smoke or 

Algorithm 1:Minibatch stochastic gradient descent 

training of smoke and flame recognition in video 

recognition 

Input: Network with vgg16 parameters wand b 

  Training images set 
1

G

g g
X


 

repeat: 

for g = 1 ... Gdo： 

for s = 1 ... Sdo: 

for each RoIr in the s-th image do: 

▪ Get classification result a after classifying r 

end for 

end for 
▪ Update the weight parameter by ascending its 

stochastic gradient: 

21
[ ( ln (1 ) ln(1 )) ]

2
k

r w

k

y a y a w
R R

w


     



 

1
[ ( ln (1 ) ln(1 ))]

r

k

y a y a
R

b

    




 

end for 
until the recognition accuracy meets the requirement 

 

flame in each positive sample image. For each RoI r 

inputted into network, we can get the classification result 

a=a(r). y=y(r) represents the expected classification 

output. 

Batch Normalization is used to normalize the model to 

improve performance for faster convergence and higher 

recognition accuracy. In addition, in order to avoid 

overfitting, Dropout is also be used (discard rate=0.5), 

making this model more reasonable. The activation 

function in this model is ReLU. 
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The category probability is predicted in the last layer, 

involving flame、smoke and others. The output layer uses 

Softmax to ensure that the classification value is between 

0 and 1, the formula is 

Zm

k
m z

k

e
a

e



 (1) 

Where m represents the current category,k represents all 

categories and z represents the weighted output of the last 

layer for each RoI. So the function value can be used to 

score the classification result. 

For parameter optimization, Back propagation method is 

used to optimize w and b respectively. Algorithm 1 uses a 

cross entropy cost function, in which a minibatch contains 

12 pictures and each picture contains 4 RoIs, so the size of 

each minibatch is R=48. The cost function is 

1
[ ln (1 ) ln(1 )]

r

C y a y a
R

      (2) 

This network uses the parameter settings of initial 

learning rate of  =0.001, a momentum of =0.9, weight 

delay of  =0.0005 and mini-batch size of R=48. In order 

to prevent overfitting, L2regularization is adopted that the 

square sum of parameter w is added to the objective 

function: 

21
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r w
k k

k

y a y a w
R R

w w
w



 

     

 


 

1
[ ( ln (1 ) ln(1 ))]
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k k

k

y a y a
R

b b
b

 

    

 



 

(3) 

This algorithm runs SGD for 20k iterations, then the 

learning rate is reduced to 0.0001 for another 10k 

iterations.  

EXPERIMENT 

In this chapter, we will select 10 videos from the 

open video dataset[27] of the visual laboratory to test 

and analyze the model. Firstly, the evaluation criteria 

of the model is introduced. Then 10 selected videos 

are used to test and analyze the performance of the 

model according to the evaluation criteria. In 

addition, this chapter will show the detection effect 

of the model in the actual video scene. Finally, a 

real-time detection optimization strategy for this 

model is introduced. 

The network of this model is based on Fast RCNN[2] 

built on the Caffe framework and the VGG16 

architecture, which is pre-trained on the ILSVRC CLS-

LOC dataset[26]。 

Evaluation Criteria of the Model and 

Comparative Analysis of Model Performance 

This paper evaluates the quality of the model by eight 

indicators: True Positive (TP), False Positive (FP), True 

Negative (TN), False Negative (FN), Accuracy (A), 

Precision (P), Recall (R) and F1-Measure (F1). 

1) TP: represents the number of flame and smoke 

video frames recognized correctly in the current 

video. 

2) FN: represents the number of flame frames and 

smoke video frames is not correctly recognized in 

the current video. 

3) TN: represents the number of non flame and 

smoke video frames is correctly recognized in the 

current video. 

4) FP: represents the number of non flame and 

smoke video frames that are not correctly identified 

in the current video. 

5) Accuracy: refers to the proportion of correctly 

recognized video frames in the total video frames of 

the test video, indicating the probability that the 

model correctly identifies the scene. The formula for 

Accuracy is  

TP TN
A

TP FP TN FN




  
 (4) 

6) Precision: refers to the proportion of correctly 

recognized flame and smoke video frames in the total 

video frames that are identified with flame or smoke, 

indicating the probability that the model correctly 

identifies the fire. The formula for Precision is  

TP
p

TP FP



 (5) 

7) Recall: refers to the proportion of correctly recognized 

flame and smoke video frames in the total flame or smoke 
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video frames, indicating the probability that the model 

correctly identifies the flame or smoke video frames. The 

formula for Recall is 

TP
R

TP FN



 (6) 

8) F1-Measure: is the weighted harmonic average of 

Precision and Recall, which comprehensively 

measures the results of P and R. The calculation 

formula is  

1

2PR
F

P R



 (7) 

From the above, we have selected 10 videos from the 

open video dataset of the visual laboratory. Specifically, 4 

videos do not contain flames or smoke, and 6 videos 

contain flames or smoke. These 10 videos are used to 

compare and analyze the performance of the proposed 

model and the comparative model. The difference 

between the comparative model and the model proposed 

in this paper is that the comparative model does not 

include the color histogram filtering model combined with 

SVM. In other words, the comparative model directly 

inputs video frames and RoIs into the neural network 

recognition model for detection and recognition. 

Table1 Detection and analysis of the comparative model 

 

Table 2. Performance analysis of the comparative model 

 

 

Table 3.Detection and analysis of the cascade model proposed in this paper 

 

 

Grou

p 

Numbers of flame or 

smoke video frames 

Numbers of non flame or 

smoke video frames 

TP FN TN FP 

1 0 976 0 0 976 0 

2 0 1029 0 0 1029 0 

3 0 1290 0 0 1290 0 

4 0 1663 0 0 1551 112 

5 1151 0 342 809 0 0 

6 923 29 254 669 29 0 

7 820 385 301 519 361 24 

8 1001 599 371 730 587 12 

9 1251 649 212 1039 585 64 

10 475 729 105 370 713 16 

Accuracy Precision Recall F1-Measure 

68.5% 93.1% 17.9% 0.300 

Group Numbers of flame or 

smoke video frames 

Numbers of non flame 

or smoke video frames 

TP FN TN FP 

1 0 976 0 0 976 0 

2 0 1029 0 0 1029 0 

3 0 1290 0 0 1290 0 

4 0 1663 0 0 1652 11 

5 1151 0 738 413 0 0 

6 923 29 452 471 29 0 

7 820 385 653 167 385 0 

8 1001 599 746 255 574 25 

9 1251 649 622 629 647 2 

10 475 729 415 60 714 15 
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Table 4. Performance analysis of the cascade model proposed in this paper 

Accuracy Precision Recall F1-Measure 

85.3% 98.8% 67.4% 0.801 

It can be seen from the table that in the comparative 

model without color histogram filter combined with SVM, 

the convolution recognition network model recognizes 

many video frames without flame or smoke as fire 

scenarios, while many video frames with flame or smoke 

are not recognized. The model proposed in this paper 

filters a large number of video frames without flame and 

smoke before the convolution neural network identifies 

fire disasters, which not only improves the Accuracy and 

Recall, but also improves the speed of video frame 

recognition, so as to achieve the effect of real-time 

monitoring and recognition. The reason why a large 

number of video frames with flame or smoke are not 

detected in the comparative model is that too many RoIs 

lead to convolution recognition network has no enough 

time to recognize all video frames. The model proposed in 

this paper has a higher Precision, that is, the accuracy of 

the model to identify fire. F1-Measure takes into account 

the Precision and Recall of the model. The performance of 

the proposed model is better. 

 

#36              #130              #324               #582 

 

#16                #146              #176               #246 

Fig 3: Indoor flame scene and indoor smoke scene.  From the test of the two videos, it is found that the model has a 

good detection effect on flame and smoke 

 

 

#54                #142              #216               #375 

 

#14                #133              #214               #289 
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#3                #123              #293               #413 

Fig 4: Outdoor smoke scene.outdoor water mist interference scene and outdoor cloud interference scene.  From the 

test of three video, it is found that the model can accurately detect the smoke. Although there are some misdetection 

cases of water fog, in general, it has some anti-interference ability to water fog and cloud 

The Application in Realistic Scene 

In the previous section, we compared the Accuracy, 

Precision, Recall and F1-Measure of the two models, 

which only show the detection accuracy of the 

model. As we all know, the recognition of 

convolution neural network is particularly time-

consuming. In order to reduce the recognition time, 

the model in this paper adopts cascade method, 

filtering a large number of non flame and smoke 

areas before the convolution neural network 

identifies fire disasters, which greatly reduces the 

workload of convolution network. Experiments 

show that when the color histogram filter combined 

with SVM is not used, the recognition speed of 

recognition network recognition is 4 to 10 frames 

per second ，  and when the cascade method is 

adopted in this paper, the processing speed reaches 

10 to 25 frames per second. 

For this model, we selected two groups of videos to 

test it in the open video dataset. The first group 

includes two videos, which are indoor flame scene 

and indoor smoke scene. The second group contains 

three videos, which are outdoor smoke scene, 

outdoor water mist interference scene and outdoor 

cloud interference scene. The specific detection 

results are shown in Figures 3 and 4. 

In summary, the model in this paper has a good 

recognition effect for flame and smoke. Although 

there are some false detection cases, it generally 

meets the requirements of real-time monitoring. In 

Figure 4, it is shown that there is an error detection 

in this model, and water mist may be identified as 

smoke. The network recognition module of this 

model will give probability values for all RoIs where 

there may be flame or smoke. When the probability 

value is greater than 0.6, the model considers that 

there is a possibility of fire, and then uses 

rectangular box to frame the area. At the same time, 

the recognition network uses NMS to remove the 

redundant rectangular box. 

Detect 10 Frames PerSecond at most 

In this model, considering that the contents of 

several consecutive frames show little difference, if 

the camera reads too many frames per second, that 

is, more than 10 frames per second, the number of 

video frames detected in this model will be 

controlled to 10 frames per second, that is, reading 

one frame every 0.1 second, which greatly reduces 

the computational complexity. Under the premise of 

ensuring good display results and reducing 

computation load as much as possible, no matter 

how much the video frame rate is, the number of 

video frames detected per second in this model will 

be limited to 10 frames. 

CONCLUSION AND FUTURE WORK 

In this paper, a fire cascade detection model that can 

be applied to real-time and effective detection of 

smoke and flame in video surveillance is presented. 

Firstly, the dynamic foreground objects are located 

in each frame of the video and the background is 

ignored, which greatly reduces the number of RoIs. 

Then, cascade method is used to apply the color 

histogram filtering model combined with the SVM 

and the neural network object recognition model to 

fire recognition in RoIs. The color histogram 

filtering model combined with the SVM plays a 

filtering role, reduces the number of RoIs and helps 

to greatly shorten the detection time of the neural 
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network object recognition model. Finally, in view 

of the continuity character of video sequence image, 

it is not required to identify the foreground objects in 

all frames, specially, that is, no matter how much the 

video frame rate is, the number of video frames 

detected per second in this model will be limited to 

10 frames. The model can accurately detect the 

flame and smoke in the video in real time, and has a 

strong anti-interference ability. Through 

experiments, we find that the Recall of the model is 

still low, and the classification accuracy of color 

histogram filter and convolution neural network is 

still to be improved. In the future, we will consider 

replacing the SVM kernel function and increasing 

the training samples of flame and smoke in the 

neural network to improve the accuracy of 

classification and recognition. 
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