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Abstract 
In order to further study the application of YOLOv4 in fire detection, this paper first 
briefly introduces the necessity of fire detection and traditional fire detection methods. 
Next, the making method of fire detection data set and the data enhancement technology 
used in the making process are introduced in detail. Next, this paper introduces the 
composition of YOLOv4 and the functions of each module, and divides YOLOv4 into three 
parts: feature extraction, feature fusion, and regression network. Finally, the evaluation 
index and implementation effect of fire detection algorithm are introduced. The 
evaluation index of YOLOv4 is compared with other algorithms, and the detection result 
of fire pictures is drawn. 
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1. Introduction 

Fire is one of the most common disasters faced by human beings, and it is also one of the greatest 
threats to human beings. Before the invention of Convolutional Neural Network, the main means of 
fire detection was mainly through sensors such as temperature, smoke and light, which only evaluated 
some characteristics and were easily affected by environment and space. And only when the sensor 
is activated to a certain threshold, the occurrence of fire can be judged, so it is difficult to meet the 
requirements of real-time fire detection. In recent years, with the continuous development of 
convolutional neural networks, fire detection algorithms based on computer vision have been 
proposed and optimized, among which YOLOv4 is one of the algorithms with the best comprehensive 
performance. 

YOLO algorithm is an efficient object detection algorithm proposed by Redmon, and its performance 
of each version is higher than that of the previous one-stage object detection algorithm. YOLO 
algorithm solves the object detection as a regression problem, and the orientation, category and 
confidence of all detectable objects in the image can be obtained after one inference of the input 
image. To realize the fire detection based on YOLOv4, we must first make the data set and obtain the 
prior frame. Then, we need to adjust the parameters of YOLOv4 model according to the actual 
application, such as the number of categories, the number of prior boxes, etc. Next, we need to use 
some evaluation indicators to evaluate the YOLOv4 model. Finally, the trained model is applied to 
the actual scene to detect the fire. The specific process is shown in figure 1. 

2. The Making Process of Fire Detection Data Set 

The first step of training fire detection model is to make data set. The data set of fire detection should 
include fire scenes and non-fire scenes, in which the images with fire scenes are used to extract the 
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features of the flames, and the images without fire scenes are used as negative samples to make the 
model be able to distinguish whether a feature is unique to the flames faster and better, thus increasing 
the learning ability of the network to some extent. In the process of making fire detection data set, it 
is necessary to sort out and screen the collected images, discard the images which are difficult to label 
and unclear, and increase the number of some samples by means of rotation, occlusion and cropping 
in data enhancement. Finally, the screened high-quality pictures are classified and counted. If there 
are too few negative samples in a scene, the number of negative samples in the scene is increased, 
and if there are too few positive samples in a scene, the number of positive samples in the scene is 
increased. 
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Figure 1. he specific process of fire detection 

 

Collect pictures of fire scenes and 
non-fire scenes

Pick out the available data

Classify and count images
（fire、normal）

Label images by labelimg

Split data set
 

Figure 2. The process of making fire detection data set 

 

The data set used by LOV4 is usually labeled by “labelimg”, and the rule adopted is to label the flame 
individuals as completely as possible, and the Mars that is too far away from the fire source is not 
labeled. When two flames overlap or one flame is blocked by a slender object, it also should be 
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counted as one flame. In addition, the marked data set should be divided into three parts according to 
a certain proportion: training data set, verification data set and test data set, which are used to train 
neural networks, verify the merits of neural networks and test the actual accuracy of neural networks. 
The specific process is shown in figure 2. 

In the process of collecting and selecting pictures, in order to make the data set have a better result, 
data enhancement [1] technology is usually used to modify data set. The data enhancement includes 
rotation, cropping, random occlusion, etc. And can greatly reduce the over-fitting of the current data 
set and enhance the learning ability of the neural network. figure 3 shows an original image in the 
flame image detection data set used in this paper and three new images transformed from this image 
after data enhancement. Among them, image (a) is the original image, image (b) is the image rotated 
by 180 degrees, image (c) is the random occlusion image, and image (d) is the image after cutting 
part of the original image. 

 

 
(a) original image  (b) image rotation  (c) random occlusion  (d) image cropping. 

Figure 3. Data enhancement contrast of an image in flame image dataset 

3. The Composition of YOLOv4 Model 

YOLOv4 consists of three parts: backbone, neck, and YOLO head. Responsible for feature extraction, 
feature fusion, and network regression. Its structure is shown in Figure 4. 
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Figure 4. The structure of fire detection algorithm based on YOLOv4 
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3.1 The Structure of Feature Extraction Network in YOLOv4 Algorithm 

The feature extraction network of YOLOv4 algorithm is CSPDarkNet, which is also the backbone of 
YOLOv4 algorithm. CSPDarkNet can be regarded as the combination of CSPNet and DarkNet, and 
it is a good object detection algorithm. 

CSPNet (Cross Stage Partial Network) puts forward a cross-stage local network to solve a large 
number of reasoning and calculations needed in previous work. Its core structure is CSP structure [2], 
which can effectively solve the problem that if you want to get very good results in computer vision 
tasks, you must rely on expensive computing resources. 

The main idea of CSP structure is to divide the input into two parts before input, one part of which is 
subjected to the next convolution calculation, the other part is subjected to 1*1 convolution 
calculation, and then the two parts are spliced. Through CSP structure, the optimization part can better 
strengthen the learning ability of convolutional neural network, which not only lightens the weight of 
convolutional neural network, but also keeps the accuracy of convolutional neural network. 

Another function of CSP structure is to reduce the computational bottleneck of the algorithm, because 
too high computational bottleneck will lead to too long reasoning time. CSP structure distributes the 
calculation amount evenly in each layer, which can effectively improve the utilization rate of each 
computing unit and reduce unnecessary resource consumption. On PeleeNet, CSPNet even reduced 
the calculation amount of the bottleneck by nearly half. Compared with YOLOv3 [3] without CSP 
structure, the computational bottleneck of the model is reduced by almost 80% on COCO data set. 

CSP structure can also reduce the memory consumption of the system, which greatly saves computing 
resources. After CSPNet with CSP structure uses cross-channel pooling to compress the feature graph, 
it can reduce PeleeNet's memory consumption in the process of generating the feature pyramid by 
75%. 

DarkNet [4] was first proposed in YOLO series, which is one of the better network structures in target 
detection task. On this basis, the author of YOLOv3 proposed DarkNet-53 with better effect. The 
basic structure of DarkNet is a residual block, which is different from the basic convolution block 
and bottle mouth structure proposed in ResNet [5]. This residual block uses a structure of 1*1 
convolution followed by a set of 3*3 convolution, which is less than the bottle mouth structure with 
the subsequent 1x1 convolution layer. At the same time, the number of 3*3 channels in this 
convolution block is twice that of 1*1 channels. 

Comparing the network structure of DarkNet with ResNet50, it can be found that DarkNet uses 
convolution with convolution kernel size of 3 instead of convolution with convolution kernel size of 
1, while keeping the same step size. This method effectively reduces the amount of network 
computation. In addition, DarkNet also uses a convolution kernel with a size of 3 and a step size of 1 
instead of maximum pooling, because DarkNet believes that maximum pooling downsampling will 
lead to grid effect, that is, grids will appear in the middle of the downsampled image. 

In addition, DarkNet uses a structure with five residual blocks to correspond to the four stages of 
ResNet, in which two branches in the residual block use convolution with convolution kernel size of 
1 and convolution with convolution kernel size of 3, and their step sizes are all 1, and after the splicing 
operation, downsampling with convolution kernel size of 3 and step size of 2 is used instead of 
maximum pool downsampling.  

3.2 The Structure of Feature Fusion Network in YOLOv4 Algorithm 

The feature fusion network of YOLOv4 has two parts: SPP [6] and PANet. PANet is the optimization 
of FPN [7] in YOLOVv3, and the pool of spatial pyramid is a supplement to small target detection. 
The combination of the two can better fuse the extracted features. 

In convolutional neural networks, the convolution layer is usually connected with the full connection 
layer, and the feature number of the full connection layer cannot be changed, so the initial input size 
must be fixed, which leads to the problem that the input image size can not meet the needs in practical 
applications. However, the traditional cutting and stretching methods usually lead to the distortion of 
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the original image. The use of the spatial pyramid pool structure is to add a spatial pyramid pool layer 
after the last convolution layer of the backbone network, which ensures that the output of the spatial 
pyramid pool layer will not change with the input, and different pool cores and filling areas can be 
used to generate pool results of the same specification for different input information. 

Because the pool of spatial pyramid can handle different sizes of input images, it improves the scale 
invariance of images and reduces over-fitting. Through experimental verification, it can be found that 
training images with various sizes converge more easily than training images with monotonous sizes. 
The spatial pyramid pooling is independent of the design and structure of a specific convolutional 
neural network. As long as the spatial pyramid pooling is placed behind the last convolutional layer, 
it has no influence on the overall structure of the network, but only replaces the original pooled layer. 

The propagation mode in information neural network is very important. FPN is a better model used 
in case segmentation before PANet, but it was replaced because of its incomplete information 
propagation. Because the lower information of FPN has a long path to the higher level, each small 
block in FPN is only responsible for a specific layer of the pyramid. PANet, as an optimization of 
FPN, can more effectively promote the flow of information and increase the information path from 
bottom to top. 

PANet realizes the path enhancement from bottom to top, reduces the distance of information 
transmission, and reflects the accuracy of the underlying feature positioning ability. In contrast, FPN 
only transmits the high-level strong semantic information from top to bottom, and uses the whole 
pyramid method to increase the strong semantic information, but cannot transmit the positioning 
information. PANet adds a bottom-up pyramid structure to the back of FPN, which supplements the 
positioning information of FPN and conveys the strong positioning information of the bottom layer 
upwards. 

3.3 The Structure of Regression Network in YOLOv4 Algorithm 

Each module of OV4 has its own functions, which are responsible for feature extraction, feature 
fusion and result prediction. YOLO head is the structure responsible for the prediction results in each 
component module of YOLOv4, and its main purpose is to calculate the loss of the network, and 
obtain location information, category information, confidence degree, etc. The calculation process of 
regression results firstly calculates the output size of YOLO head. Generally, this process does not 
change the width and height of input data, but changes the number of output channels through a 3*3 
convolution and a 1*1 convolution. Then, the location information, category information, confidence 
degree, etc. can be obtained from YOLO head. Generally, the number of channels in YOLO head is 
more than 18, including 12 location information, 3 confidence degrees and no less than 3 category 
information. Among them, 12 location information should be combined with 9 groups of anchor of 
different sizes generated by clustering algorithm to generate prediction frames. Finally, the regression 
network will calculate the probability that there are objects in this area, the probability that this 
category is each category, the loss of rectangular box position and width and height, and predict the 
final result. 

3.4 The Prior Box of YOLOv4 Algorithm 

K-means clustering[8] method is a simple and efficient clustering algorithm, which can be used to 
obtain the prior box of YOLOv4. 

K-means clustering thinks that the closer the distance between two targets is, the greater the similarity 
is. Although the results obtained by K-means clustering are generally local optimal, the local optimal 
solution is often enough to achieve the expected results. The reason why the K-means algorithm is 
chosen as the algorithm to obtain the prior frame is as follows: Firstly, when dealing with large data 
sets, the K-means clustering algorithm can ensure good scalability, while the algorithm used for target 
detection often needs a large number of pictures as data sets. Secondly, when the distribution of 
clusters is similar to Gaussian distribution, the K-means clustering algorithm has better effect and 
lower algorithm complexity. 
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The first step of K-means clustering is to determine the number K of centroids, with the aim of 
clustering K sets according to centroids. The second step is to assume the random K data in the data 
set as the centroid, calculate the distance between each non-centroid data and each centroid, and 
divide each data into K sets to which its nearest centroid belongs. The third step is to reset the centroid, 
the position of which is the average value of each set in the second step. The fourth part is iteration, 
in which the second and third steps are repeated under the condition that the centroid obtained in the 
previous step is set as the initial centroid, until the centroid no longer changes or reaches the preset 
number of iterations, and the final set is taken as the result of K-means clustering. 

4. Evaluation Index of Fire Detection 

Fire detection, as an object detection task, pays attention to the classification of models and the 
evaluation of positioning ability. Therefore, besides the classification information, the location 
information of fire is also very important. Therefore, the loss function of fire detection should include 
prediction frame error, confidence error and category error. 

4.1 Loss Function of Fire Detection 

The main sources of fire detection errors include prediction frame error, confidence error and category 
error. The prediction frame error consists of two kinds of errors, one is the error between the 
coordinates of the predicted fire center and the actual fire center, the other is the error between the 
predicted length and width of objects such as flames and the actual length and width of objects. 
However, when predicting the error between the length and width of an object and the actual length 
and width of an object, because the small deviation of the big box is smaller than that of the small 
box itself, when predicting the width and height of an object, it is necessary to calculate the square 
root of the width and height instead of the error caused by calculating the width and height. 
Confidence error refers to the confidence error of fire occurrence. Category error refers to the error 
caused by misclassification of fire or no fire. Through the above error, the loss function formula of 
fire detection task can be calculated as follows: 

 
 loss lbox lobj lcls                                        (4) 

 

Where lbox is the prediction frame error, lobj is the confidence error, and lcls is the category error. 
In the task of fire detection, these three errors often need to choose different loss function calculation 
methods for different problems. Therefore, it is very important to understand the loss function to 
achieve a target detection task. Fully understanding the characteristics of different loss functions is 
helpful to provide ideas for solving practical problems, to understand the nature of machine learning 
and neural networks and the mathematical support behind them, and to get better results in practical 
applications. 

4.2 Loss Function of Fire Detection 

IoU [9] is one of the calculation methods of the prediction box error (lbox) in Formula 4.1. It appears 
because the position of the predicted target needs to be matched with the actual box B by using the 
prediction box A, but errors often occur in the matching process. Therefore, it is necessary to define 
an evaluation index to reward those prediction boxes that match the matching box well. 
IoU(Intersection over Union) is an index to evaluate the matching of the predicted position in the 
target detection task. The more the coordinates and size of the predicted box A match the actual box 
B, the higher their correlation and the larger their value. The calculation formula is: 

 

   IoU A B A B                                           (2) 
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A B  is the overlapping area between the predicted box A and the actual box B, and A B  is 
the total area occupied by the predicted box A and the actual box B. In practical application, the 
threshold value of is usually set to 0.5, that is, if it is greater than 0.5, it means that the algorithm 
successfully detects the object, and vice versa. 

4.3 Non-Maximum Suppression of Fire Detection 

NMS [10] (Non-Maximum Suppression) is to suppress non-maximum elements, and it is usually used 
at the same time as the calculation of intersection ratio, and is used to select those prediction frames 
with the best intersection ratio. At the same time, non-maximum suppression is also a kind of local 
maximum search commonly used in target detection tasks, and the local part of local maximum search 
refers to a neighborhood. In the task of target detection, the realization of non-maximum suppression 
needs to traverse all regions in the picture at first, and then the prediction box computing with score 
greater than the threshold in each region and the prediction box with score less than the threshold is 
not calculated to achieve the effect of greatly reducing the number of calculation boxes. Finally, judge 
the category and score of the box obtained in the previous step. 

On the one hand, to calculate the category and score of frames, it is necessary to traverse the categories 
that need to be detected in the task, and screen out the boxes with the highest score belonging to the 
same category in a certain area, so as to achieve the effect of non-maximum suppression for each 
category. On the other hand, it is also necessary to sort the categories from big to small according to 
the scores. By taking out the box with the highest score every time, and calculating the coincidence 
degree of the box with all other prediction boxes, the prediction boxes with excessive coincidence 
degree are eliminated. 

4.4 The mAP of Fire Detection 

The mAP(mean Average Precision) is a precision evaluation index mainly used in target detection. It 
is the average of the areas under the volume precision and Recall curves of all objects to be detected 
in a target detection task, that is, the average of each AP curve. Generally speaking, the evaluation 
index mAP is for the whole data set, and all targets of all pictures need to participate in the evaluation; 
AP(Average Precision) is an evaluation index for a certain category in the data set. You only need to 
participate in the evaluation of the prediction results of all the pictures involved in a certain category 
to get the results. In the calculation of VOC data set, AP selects the corresponding maximum precision 
rate for each different recall rate in the calculation results and connects these corresponding maximum 
precision rates into a curve. The connected curve is the P-R(Precision-Recall) curve, and the lower 
area of the curve is the calculation result of AP. Among them: 

 
TP

Precision
TP FP




                                    (3) 

 
TP

Recall
TP FN




                                      (4) 

 

TP (True Positive) means that the sample is assigned as a positive sample, and the correct sample is 
assigned. At this time, the intersection ratio of the predicted frame A and the actual frame B is greater 
than the preset threshold. FP (False Positive) refers to a sample that is assigned as a positive sample, 
but is assigned incorrectly. It means that the intersection ratio of the predicted frame A and the actual 
frame B is greater than the preset threshold when it is wrongly classified. FN (False Negative) refers 
to the samples that are assigned as negative samples, but are assigned incorrectly. It means that the 
intersection ratio of the predicted box A and the actual box B is less than the preset threshold when 
they are wrongly classified. TN (True Negative) refers to the case that the sample is assigned as 
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negative and the correct sample is assigned, which means that the intersection ratio of the predicted 
frame A and the actual frame B is smaller than the preset threshold. 

5. Application of Fire Detection 

In fire detection tasks, precision, recall rate, missed detection rate, and some formulas based on them 
are usually used as evaluation indexes. Some fire detection algorithms are compared in this paper, 
and the results are shown in Table 1. 

When the fire picture is detected by YOLOv4 algorithm, it can be found that YOLOv4 algorithm not 
only has high confidence in the target area, but also can locate the flame well. Figure 5 shows the fire 
detection capability of YOLOv4 fire detection algorithm in a certain scene. 

 

Table 1. Results of the YOLOv4 and other fire detection methods 

Algorithm AP F1-score Precision Recall Miss rate 

Efficientdet[11] 91.92% 0.88 88.21% 87.79% 0.14% 

SSD[12] 94.07% 0.90 93.03% 87.79% 0.12% 

YOLOv3[13] 94.54% 0.95 97.54% 92.96% 0.07% 

YOLOv4 95.12% 0.94 94.76% 93.43% 0.07% 

 

 
Figure 5. The detection result of YOLOv4 algorithm 

6. Conclusion 

As an object detection algorithm with high accuracy and fast detection speed, YOLOv4 can identify 
the fire in the scene accurately and quickly when it is applied to the fire detection task. Especially 
when a building fire happens, it will not be found when the fire degree reaches a certain threshold, 
and a candidate box will not be drawn additionally, which can provide valuable time for evacuation 
of people and timely treatment of fire. YOLOv4' s high precision can accurately alarm more fires, 
causing as little false detection and miss detection as possible. YOLOv4' s high speed can detect fire 
early and reduce the loss of life and property. 
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