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Abstract: The occurrence of forest fires causes serious damage to ecological diversity and the safety
of people’s property and life. However, due to the complex forest environment, the changeable
shape of forest fires, and the uncertainty of flame color and texture, forest fire detection becomes
very difficult. Traditional image processing methods rely heavily on artificial features and are not
generally applicable to different forest fire scenes. In order to solve the problem of inaccurate forest fire
recognition caused by the manual extraction of features, some scholars use deep learning technology
to adaptively learn and extract forest fire features, but they often use a single target detection model,
and their lack of learning and perception makes it difficult for them to accurately identify forest fires
in a complex forest fire environment. Therefore, in order to overcome the shortcomings of the manual
extraction of features and achieve a higher accuracy of forest fire recognition, this paper proposes
an algorithm based on weighted fusion to identify forest fire sources in different scenarios, fuses
two independent weakly supervised models Yolov5 and EfficientDet, completes the training and
prediction of data sets in parallel, and uses the weighted boxes fusion algorithm (WBF) to process
the prediction results to obtain the fusion frame. Finally, the model is evaluated by Microsoft COCO
standard. Experimental results show that compared with Yolov5 and EfficientDet, the proposed
Y4SED improves the detection performance by 2.5% to 4.5%. The fused algorithm proposed in this
paper has better feature extraction ability, can extract more forest fire feature information, and better
balances the recognition accuracy and complexity of the model, which provides a reference for forest
fire target detection in the real environment.

Keywords: forest fire identification; feature extraction; integrated learning; deep learning;
artificial intelligence

1. Introduction

In the world, forest fires occur frequently every year, which not only cause serious
economic losses and destroy the ecological environment, but also pose a certain threat to
human life and safety. Forest fires usually spread quickly and are difficult to control in a
short time. Therefore, the real-time warning of forest fire sources can help people to put
out the fire in the early stage of the fire, greatly reducing the cost and loss of firefighting.
However, the traditional forest fire source identification method has obvious shortcomings.
The detection system based on smoke sensors [1–3] has good performance in indoor spaces
and is only suitable for installation in places where there is burning and a lot of smoke,
but it is difficult to install outdoors. Infrared or ultraviolet detectors [4] are susceptible to
environmental interference, and given their short detection distance, they are not suitable
for detecting large areas. Satellite remote sensing [5,6] is good at detecting large-area forest
fires, but cannot detect early regional fire detection.

With the development of computer technology, more and more scholars use image
processing technology to monitor forest fire sources. Chen et al. [7] combined RGB and his
color criteria to segment the fire candidate area and identified whether there was a fire by
studying the area change and centroid stability of the fire candidate area. Horng et al. [8]
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used the interframe difference method and color masking technology to remove the false
fire area and obtain the suspected area of the fire in the color space model. Based on this,
they constructed a simple method to estimate the burning degree of the fire flame so as to
receive an appropriate early warning. Celik et al. [9] studied diverse video sequences and
images and proposed a fuzzy color model using statistical analysis. Combined with motion
analysis, this model can realize good discrimination of fire-like objects. In short, most
traditional fire detection methods based on image processing focus on creating artificial
features, such as flame color and texture, to detect fires [10,11].

The arrival of the era of artificial intelligence has made everything intelligent and
in-depth. Models based on convolutional neural networks have more advantages in feature
learning than traditional manual recognition, and the features they extract contain deeper
semantic information. Studies on forest fire identification based on deep learning have been
in progress at home and abroad. Zheng et al. [12] studied the feasibility of using Faster
R-CNN [13], YOLOv3 [14], SSD [15], and EfficientDet deep convolution neural network to
detect forest fire smoke. They found that YOLOv3 has a detection speed of up to 27 FPS
and better smoke detection accuracy. For fire detection tasks, most researchers habitually
use a single target detector to complete, such as use the improvement of a single model,
and few use the idea of integrated learning to solve the problem of missed detection in
actual fire detection. However, forest fire detection is a complex and spaced task, and it
is impractical to use a separate individual learner to detect fire in different scenes. Each
individual learner has its own expertise and can extract different features from images.
Yolov5 has the best detection performance in the Yolo series [16], with small depth and high
image reasoning speed. EfficientDet is a target detection model proposed by the Google
brain team in 2020. Under extensive resource constraints, it is always more efficient than
existing technologies [17]. In the eight models of the Efficientdet series D0~D7, with the
gradual improvement of the accuracy of the network, the computational time complexity
and spatial complexity will increase accordingly. Therefore, this paper proposes a new
forest fire detection method based on the weighted fusion algorithm, which integrates
Yolov5s and EfficientDet-D2, two single-stage models with higher real-time performance,
which can significantly improve the robustness of the model and improve the detection
performance, so as to effectively solve the problem of missing forest fire detection.

2. Materials and Methods
2.1. Experimental Environment

For details about how to configure the experimental environment, see Table 1. Before
the training data, the experimental data set was divided into training set and test set
according to 9:1. Only the training set participates in the actual model training process, and
the test set is only used to evaluate the accuracy of the model.

Table 1. Experimental environment configuration.

Experimental Environment Configuration Parameters

Programming language Python3.8
Deep learning framework PyTorch1.7.1

GPU NVIDIA GeForce RTX 3060
GPU accelerating package CUDA: 11.0

Operating system Windows10
CPU processor AMD Ryzen 7 5800H

2.2. Data Set

The data set established in this paper includes various forest fire images and images
containing fire disruptors (sun). In order to ensure that our model can handle complex
forest fire sources (ground fire, trunk fire, and canopy fire), in addition to obtaining data
sets from the open-source fire data set website BoWFire [18] and others, we also used web
crawler technology to obtain forest fire images from the Internet. The obtained data set
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was then manually filtered, and a forest fire data set containing 2976 images was created.
Representative samples from the forest fire source image data set are randomly shown
below in Figure 1.
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2.3. Integrated Learning

In deep learning, our goal is to train a model with good performance and strong
robustness, but the actual situation is not so; usually, different individual learners show
their own “preferences” for feature learning. Ensemble Learning [19] is the integration of
multiple weak supervision models with “preferences” to obtain a more efficient strong
supervision model. Tables 2–4 show the principles. In addition, mi indicates the ith model.

Table 2. Positive effects of integration.

Model Test Case 1 Test Case 2 Test Case 3

m1 3 3 5

m2 3 5 3

m3 5 3 3

Integration 3 3 3

Table 3. Integration does not work.

Model Test Case 1 Test Case 2 Test Case 3

m1 3 3 5

m2 3 3 5

m3 3 3 5

Integration 3 3 5
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Table 4. Integration has a “negative effect”.

Model Test Case 1 Test Case 2 Test Case 3

m1 3 5 5

m2 5 3 5

m3 5 5 3

Integration 5 5 5

Therefore, ensemble learning generally generates several individual learners first and
then adopts some strategy to combine them effectively [20]. In order to maximize the
integration effect, the integrated individual learner should be homogenous. The greater the
difference and accuracy of the individual learner are, the better the integration effect will
be. In other words, the integration in Table 1 plays a “positive role”.

In view of the reality of forest fire detection, algorithm accuracy and real-time require-
ments are high, and forest fire target size is different. Therefore, we chose the single-stage
model with higher real-time performance, and its typical representatives are Yolo, SSD,
and EfficientDet.

1. According to the network depth and network width, Yolov5 can be divided into
Yolov5s, Yolov5m, Yolov5l, and Yolov5x. The Yolov5s network was used in this paper.
The depth of Yolov5s network is the smallest in the Yolov5 series [21]. The image
inference speed of the Yolov5s model reaches 455FPS, which is widely used by a large
number of scholars with this advantage.

2. SSD is another single-order target recognition model after Yolo. It uses the method of
direct regression bbox and classification probability in Yolo. At the same time, it also
refers to Fast R-CNN and uses anchor extensively to improve the recognition accuracy.
It has the advantages of high precision and high real-time, but its recognition effect
on small targets is general.

3. Limited by hardware computing resources, Efficientdet-D2 was used for the experi-
ment in this paper. For forest fire detection, the advantage of the EfficientDet model is
that it has different trunk network, feature fusion network, and output network [22],
which can select different detection frameworks according to the cost performance of
software and hardware and the actual requirements for accuracy and efficiency in the
real environment, so as to design a more efficient forest fire detector.

2.4. Fusion Model Y4SED

The traditional method of filtering prediction boxes is Non-Maximum Suppression
(NMS). The filtering process of boxes depends on the selection of this single threshold
IOU [23]. However, different thresholds may affect the final results of the model. If multiple
objects exist side by side, one of them will be deleted. The NMS discards the redundancy
box and therefore cannot effectively generate average local predictions from different
models. It can be seen from Figure 2 that unlike NMS, the WBF [24] algorithm uses the
confidence (score) of all prediction boxes to construct the fused box.

Taking two prediction boxes as an example, the calculation method of the weighted
box generated by the fusion of two prediction boxes is described. Assuming that the two
prediction boxes are bboxA : [Ax1, Ay1, Ax2, Ay2, As]and bboxB : [Bx1, By1, Bx2, By2, Bs],
(Ax1, Ay1) represent the coordinates of the upper left corner of the bboxA frame; (Ax2, Ay2)
represent the coordinates of the lower right corner of the bboxA frame, and As represents
the confidence degree of the bboxA frame. The same is true for bboxB. bboxC is obtained
by combining bboxA and bboxB, as shown in Figure 3:
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The value calculated by Formulas (1) and (2) constitutes the upper-left coordinate of
the bboxC fusion box; the value calculated by Formulas (3) and (4) constitutes the lower-
right coordinate of the bboxC fusion box, and the confidence of the bboxC box is calculated
by Formula (5).

Cx1 =
Ax1 × As + Bx1 × Bs

As + Bs
(1)

Cy1 =
Ay1 × As + By1 × Bs

As + Bs
(2)

Cx2 =
Ax2 × As + Bx2 × Bs

As + Bs
(3)

Cy2 =
Ay2 × As + By2 × Bs

As + Bs
(4)

Cs =
As + Bs

2
(5)

This paper proposes a new Yolov5-S and Efficientdet-D2 integration model, Y5SED, to
solve the problem of missing detection caused by a single weakly supervised learning model
and ensure that our model has better robustness to different scenarios. Figure 4 shows
that this paper fused two separate weakly supervised models, Yolov5-S and Efficientdet-
D2, to train forest fire data sets, saved the predicted results in Jason files, and then used
the weighted boxes fusion algorithm (WBF) to fuse the prediction boxes of the two mod-
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els. Experiments show that this method can greatly improve the detection accuracy of
the model.
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2.5. Evaluation Indicators

In order to verify the model proposed in this paper, Microsoft COCO [25], the most
authoritative standard recognized in the field of target recognition, was adopted to evaluate
the model (as shown in Table 5).

Table 5. Accuracy and recall under Microsoft COCO standard.

Average accuracy (AP)
AP0.5 The average accuracy when IOU = 0.5

Average accuracy at multiple scales
APS AP0.5 of small target (size < 322)
APM AP0.5 of medium target (322 < size < 962)
APL AP0.5 of big target (size > 962)

Average recall rate (AR)
AR0.5 The average recall rate when IOU = 0.5

Average recall rate at multiple scales
ARS AR0.5 of small target (size < 322)
ARM AR0.5 of medium target (322 < size < 962)
ARL AR0.5 of big target (size > 962)

The Average Precision (AP) value in Table 6 is the area enclosed by the P–R curve. P is
accuracy rate; R is recall rate. The IOU threshold is 0.5. Generally, the larger the value is,
the better the model learning effect is and vice versa.

Table 6. Details of model training.

Model Training Test Optimizer Vector Batch Size Number of Iterations

Yolov5-S 2678 298 SGD [26] 1 × 10−2 12 300
EfficientDet-D2 2678 298 AdamW [27] 1 × 10−4 12 300

Accuracy (P) measures the percentage of positive predictions among all positive
samples. In the forest fire identification task, the recall rate represents the ratio of the
number of correctly predicted forest fire images (TP) to the total number of predicted forest
fire images (TP + FP), as shown in Formula (6).

P =
TP

TP + FP
(6)

The recall rate (R) measures the percentage of all forecast samples that are forecast
to be positive. On a forest fire identification mission, the accuracy rate is the ratio of the
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number of forest fire images correctly predicted by the model (TP) to all predicted images
(TP + FN). This index is shown in Formula (7).

R =
TP

TP + FN
(7)

3. Experimental Results and Analysis
3.1. Parameter Setting

For details of the Yolov5 model and EfficientDet model training in the experiment,
please refer to Table 6.

In the WBF algorithm, the IOU threshold is set to 0.5, and the results of the two models
are given the same weight, that is, the weights of both models are set to 1.

3.2. Experimental Analysis

Through experimental observations, we found that Yolov5 is better at large-target fires
as shown in Figure 5a,b, but sometimes misses objects (Figure 6). Meanwhile, even though
EfficientDet is not sensitive to large-target fires (Figure 5c,d), it is more careful than YoloV5
and can identify more fires. Therefore, we believe that the combination of these two weak
monitoring models with different specialties can effectively solve the problem of missing
forest fire detection.
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Therefore, this paper adopts the Yolov5-S and EfficientDet-D2 model to complete
forest fire identification. The yolov5-S model is extremely fast, so the time complexity of the
algorithm will be reduced, but the experiment shows that the learning is not as efficient as
EfficientDet-D2. Yolov5 is better at detecting large targets, and EfficientDet is more careful
than Yolov5. Therefore, the combination of the two can train a strong supervision model
with better robustness, which can effectively solve the problem of missing detection in
forest fire identification.
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3.3. Experimental Analysis

According to Table 7, compared with the traditional non-maximum suppression algo-
rithm (NMS) and the screening prediction frame method for forest fire identification, the
integrated model (Y4SED) established by using the weighted boxes fusion algorithm (WBF)
in this paper obtains a higher average accuracy in forest fire identification and effectively
solves the problem of missed detection of forest fire. In addition, the experimental results in
Table 8 show that compared with the original individual model (Yolov5 and EfficientDet),
the integrated model proposed in this paper (Y4SED) has significantly improved all indexes.
When the IOU threshold is 0.5, the AP value of forest fire recognition by the integrated
model can reach 87%. Yolov5-S and Efficientdet-D2 were improved by 4.5% and 2.5%,
respectively, compared with a single weakly supervised learner. At the same time, the
integration model in values of AP0.5, APS, APM, APL, AR0.5, ARS, ARM, and ARL have
significant advantages. Therefore, considering the result of the experiment, in terms of
detection accuracy and algorithm operation space complexity, this article proposes the
Y4SED model, which has a stronger anti-interference ability and is better able to distinguish
between complex background and different kinds of forest fires (small fire, medium fire,
large fire, strip-type fire, surface trunk, crown fire, and fire at night). In addition, there will
be no false detection in the face of interfering objects similar to fire (such as the sun) (as
shown in Figure 7), so it can more effectively complete the forest fire identification work. In
addition, the model can not only detect whether there is a forest fire in real time through
video (as shown in Figure 8), but also accurately locate the specific location of the fire,
which plays a vital role in judging whether there is a forest fire and forest protection.

Table 7. Comparison of average accuracy of forest fire identification using WBF algorithm and NMS
algorithm models.

Algorithm Used in the Integration Model AP0.5

NMS 79
WBF 87
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Table 8. Experimental results—Models were evaluated using Microsoft COCO standards.

Model AP0.5 APS APM APL AR0.5 ARS ARM ARL

Yolov5-S 82.5 36.0 48.7 66.0 69.2 48 59 76
EfficientDet-D2 84.5 36.3 50.2 64.1 68.6 49.8 64.2 73

Y4SED 87 36 50.1 68.6 71.5 52.4 63.4 77.3

AP0.5, APS, APM, APL, AR0.5, ARS, ARM, and ARL are all percentages. The best data for each indicator are shown
in bold.

Forests 2022, 13, x FOR PEER REVIEW 9 of 11 
 

 

location of the fire, which plays a vital role in judging whether there is a forest fire and 
forest protection. 

Table 7. Comparison of average accuracy of forest fire identification using WBF algorithm and NMS 
algorithm models. 

Algorithm Used in the Integration Model AP0.5 
NMS 79 
WBF 87 

Table 8. Experimental results—Models were evaluated using Microsoft COCO standards. 

Model AP0.5 APS APM APL AR0.5 ARS ARM ARL 
Yolov5-S 82.5 36.0 48.7 66.0 69.2 48 59 76 

EfficientDet-D2 84.5 36.3 50.2 64.1 68.6 49.8 64.2 73 
Y4SED 87 36 50.1 68.6 71.5 52.4 63.4 77.3 𝐴𝑃 . , 𝐴𝑃 , 𝐴𝑃 , 𝐴𝑃 , 𝐴𝑅 . , 𝐴𝑅 , 𝐴𝑅 , and 𝐴𝑅  are all percentages. The best data for each indi-

cator are shown in bold. 

  
(a) (b) 

Figure 7. Recognition effect of Y4SED model on pictures containing interferences (sun). (a) The 
model has no false detection and strong anti-interference ability; (b) The model has no false detec-
tion and strong anti-interference ability. 

  
(a) (b) 

Figure 8. Real-time detection of forest fire video. 

4. Conclusions 
The identification of forest fires is of great significance for forest protection, but the 

actual environment of the forest is complex and changeable; the background is complex; 
the shape and color of the flame change all the time; there is no fixed form, and the iden-
tification of forest fire often has the problem of missed detection. In view of the above 

Figure 7. Recognition effect of Y4SED model on pictures containing interferences (sun). (a) The
model has no false detection and strong anti-interference ability; (b) The model has no false detection
and strong anti-interference ability.

Forests 2022, 13, x FOR PEER REVIEW 9 of 11 
 

 

location of the fire, which plays a vital role in judging whether there is a forest fire and 
forest protection. 

Table 7. Comparison of average accuracy of forest fire identification using WBF algorithm and NMS 
algorithm models. 

Algorithm Used in the Integration Model AP0.5 
NMS 79 
WBF 87 

Table 8. Experimental results—Models were evaluated using Microsoft COCO standards. 

Model AP0.5 APS APM APL AR0.5 ARS ARM ARL 
Yolov5-S 82.5 36.0 48.7 66.0 69.2 48 59 76 

EfficientDet-D2 84.5 36.3 50.2 64.1 68.6 49.8 64.2 73 
Y4SED 87 36 50.1 68.6 71.5 52.4 63.4 77.3 𝐴𝑃 . , 𝐴𝑃 , 𝐴𝑃 , 𝐴𝑃 , 𝐴𝑅 . , 𝐴𝑅 , 𝐴𝑅 , and 𝐴𝑅  are all percentages. The best data for each indi-

cator are shown in bold. 

  
(a) (b) 

Figure 7. Recognition effect of Y4SED model on pictures containing interferences (sun). (a) The 
model has no false detection and strong anti-interference ability; (b) The model has no false detec-
tion and strong anti-interference ability. 

  
(a) (b) 

Figure 8. Real-time detection of forest fire video. 

4. Conclusions 
The identification of forest fires is of great significance for forest protection, but the 

actual environment of the forest is complex and changeable; the background is complex; 
the shape and color of the flame change all the time; there is no fixed form, and the iden-
tification of forest fire often has the problem of missed detection. In view of the above 

Figure 8. Real-time detection of forest fire video.

4. Conclusions

The identification of forest fires is of great significance for forest protection, but the
actual environment of the forest is complex and changeable; the background is complex;
the shape and color of the flame change all the time; there is no fixed form, and the
identification of forest fire often has the problem of missed detection. In view of the above
problems, this paper proposes a forest fire recognition system based on the weighted fusion
algorithm, which solves the problem of missing detection of forest fires due to the complex
background and the diversity of flame types under actual conditions. A new parallel
execution method using the Yolov5 and EfficientDet models is proposed, and this paper
does not use the traditional non-maximum suppression algorithm, but uses the weighted
boxes fusion algorithm (WBF) to fuse the prediction frames of the two models to obtain
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the fused prediction frame. Since Yolov5 is suitable for forest fire identification of large
targets, EfficientDet is more “careful” than Yolov5. The two can complement each other
and effectively improve the performance of the model. Experimental results show that
the average accuracy of the proposed model for forest fire identification can reach 87%.
The integration of learning strategies significantly improved the forest fire recognition
task of widespread missing detection problem. Compared with the single target detector
and the model using the traditional non-maximum suppression algorithm, our model
achieves a better compromise between the average accuracy and the spatial complexity
of the algorithm. These major improvements make the model perform well in the actual
application of forest fire identification and play an important role in the timely detection of
forest fires and forest protection in reality.
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