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Abstract: The whistle of the rail train is usually directly controlled by the driver. However, in long-
distance transportation, there is a risk of traffic accidents due to driver fatigue or distraction. In
addition, the noise pollution of the train whistle has also been criticized. In order to solve the above
two problems, an intelligent whistling system for railway trains based on deep learning is proposed.
The system judges whether to whistle and intelligently adjusts the volume of the whistle according
to the road conditions of the train. The system consists of a road condition sensing module and a
whistling decision module. The former includes the target detection model based on YOLOv4 and
the semantic segmentation model based on U-Net, which can extract the key information of the road
conditions ahead; the latter is to carry out logical analysis of the data after the intelligent recognition
and processing and make the whistling decision. Based on the train-running data set, the intelligent
whistle system model is tested. The results of this research show that the whistling accuracy of the
model on the test set is 99.22%, the average volume error is 1.91 dB/time, and the Frames Per Second
(FPS) is 18.7 f /s. Therefore, the intelligent whistle system model proposed in this paper has high
reliability and is suitable for further development and application in actual scenes.

Keywords: rail train; deep learning; intelligent whistle; object detection; semantic segmentation

1. Introduction

A railway signal is composed of a visual signal and an auditory signal. As the
main auditory signal, the train whistle is used to communicate with the train operation
management and reduce traffic accidents. Each country has issued regulations on the
technical management of train operation, which specify the type of train whistle. Train
drivers must honk in strict accordance with the regulations [1–3]. However, in the process
of driving, it is impossible for drivers to maintain a high degree of concentration at all
times. In addition, the sight may be blocked due to bad weather and other factors, so train
traffic accidents occur from time to time. For example, 26 people were killed, and more
than 130 were injured in the collision between a passenger train and a freight train in Los
Angeles on 12 September 2008. On 4 December 2011, a train and a car crash occurred in
west-central France, which resulted in four deaths, including three children [4]. These
tragic accidents exposed that the train whistle and brake system relying solely on human
control has certain defects.

In terms of train noise control, current research and application are mainly divided into
two categories [5,6]. One is to reduce the excitation intensity of the noise vibration source
so as to reduce the acoustic energy radiated outward. For example, Wang et al. proved
that the application of dynamic damper theory to low-floor railway trains could effectively
reduce the vertical abnormal vibration of trains by establishing a vertical mathematical
model and three-dimensional dynamic simulation model [7]; The other method is to
increase the attenuation of noise by building noise barriers and other measures to reduce
the impact on residential areas along the line. For example, Munemasa et al. studied
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the dynamic response of high noise barriers during the passage of high-speed trains and
developed a practical evaluation method for the case of increasing the running speed in the
future [8]. However, considering the actual economic benefits, it is difficult to popularize
this vibration-reduction and noise-reduction equipment to the whole railway line. For
example, noise barriers are usually only installed on key roads, such as densely populated
residential areas, while their popularity is low in sparsely populated villages. At the same
time, the train whistle has the characteristics of having a high pitch and being short, and
the noise pollution caused by it is much higher than the train-running noise. Therefore,
it is of great significance to study how to reduce the noise brought by the whistle while
maintaining its safe-sounding effect [9].

With the rapid development of artificial intelligence, deep learning is widely used in
computer vision [10], speech recognition [11], and fault diagnosis [12]. The continuous
improvement of various efficient algorithms and processor computing power has provided
a strong driving force for the intelligent and safe driving of trains [13]. At present, a large
number of scholars have applied various deep-learning models to the field of railway
transportation. For example, Lou et al. used a shallow information fusion convolutional
neural network (SSIF-CNN) to effectively diagnose the bearing fault of a high-speed train
axle box [14]. Yang et al. proposed a high-precision pole number recognition framework,
including high-performance cascaded CNN-based detection and recognition YOLO (DR-
YOLO) and time redundancy methods, and conducted extensive experimental research on
four data sets representing the conventional working environment of high-speed trains [15].
The current whistle-control methods are based on remote communication technology and
database retrieval [16]. Such methods rely too much on remote communication, so they can
only achieve simple volume control in designated whistling-restricted areas or stations. At
the same time, due to the poor adaptability of the database, it is unable to make real-time
responses to pedestrians, vehicles, and new buildings near the track.

Therefore, this paper proposed an intelligent train whistle system based on deep
learning, which provides a new idea for the application of artificial intelligence in the
field of a train whistle and noise control. First, the front images captured by the dash cam
were converted to 608 × 608 through undistorted Resize, then the converted images were
put into the YOLOv4 model based on a train-running data set for target detection [17]
and intelligently identified 11 types of target information, such as tracks, pedestrians, and
vehicles in the scene, and then determined the current track through the anchor box weight
mean ranking method; the detected anchor box area was semantically segmented by using
the U-Net model [18] to determine the specific shape of the track. Finally, the whistling
decision program can make reasonable whistling decisions based on the comprehensive
consideration of space–time factors according to the current track shape, the location, and
the size of each target.

2. Description of Data Set
2.1. Data Source

The data come from public videos of the first driving angle of trains in various
countries on YouTube [19]. The data structure is close to the actual application scenario,
and its shooting environment covers periods of time from day to night, sunny days, rainy
and snowy days, driving scenes, including towns, uplands, meadows, jungles, canyons,
etc., and is rich in occlusion and scale changes of the real environment. The visual angle
of the video is facing the direction of the train. The camera is located about 2 m above
the railway track, and the image resolution is higher than 1280 × 720. Figure 1 shows the
diversity of data sets. Table 1 shows the specific information of data sources.
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of adjacent frames has a high similarity with the identified target. In order to prevent re-
dundant data from causing model overfitting [20], all selected frames must maintain a 
time difference of more than 3 s and not take pictures when the train is paused. 

Considering that the input size of YOLOv4 is 608 × 608, the resize operation can adap-
tively convert pictures of different sizes to this resolution, but due to the requirement of 
no distortion, square pictures have a higher effective resolution after processing, so sec-
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is shown in Figure 2.  

Figure 1. Diversified data sets.

Table 1. Specific information of data sources.

Driving Route Main Scenarios Duration Frames

China: Yuzhou→Pingdingshan Sunny day 24 m 187
Vietnam: Ho Chi Minh City→Bien Hoa Sunny day 46 m 267
Japan: Yawatahama→Iyo-Nagahama Sunny day 1 h 56 m 591

Japan: Hokuno→Mino Ohta Sunny day 1 h 57 m 582
Norway: Oslo→Mysen Snowy night 59 m 357

Norway: Oslo→Drammen Evening; night 3 h 22 m 750
Norway: Bergen→ÅL Rainy; foggy days 3 h 17 m 827

Norway: Voss→ÅL Rainy; evening 2 h 06 m 547
Greece: Kalavryta→Diakofto Sunny day 1 h 5 m 286

Greece: Bergun→Preda Snow day 36 m 294
Switzerland: Moritz→Tirano Snow day 2 h 369

Italy: Tirano→Moritz Sunny day 1 h 51 m 545
Austria: Bludenz→StPölten Day; night 9 h 3 m 937
Slovenia: Koper→Ljubljana Sunny day 2 h 45 m 510
Serbia: Beograd→Subotica Sunny day 3 h 48 m 583

United States: Royal Gorge Route Railroad Sunny day 1 h 36 m 416

2.2. Data Cleansing

During this study, we performed picture capture and data preprocessing for the
selected video. Due to the correlation of time series between video frames, the background
of adjacent frames has a high similarity with the identified target. In order to prevent
redundant data from causing model overfitting [20], all selected frames must maintain a
time difference of more than 3 s and not take pictures when the train is paused.

Considering that the input size of YOLOv4 is 608 × 608, the resize operation can
adaptively convert pictures of different sizes to this resolution, but due to the requirement
of no distortion, square pictures have a higher effective resolution after processing, so
secondary areas on the left and right edges of the image are removed. The processing effect
is shown in Figure 2.
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In order to alleviate the imbalance of data samples in the original data set, local clip-
ping, scaling, mirroring, and other methods are used for the categories with small sample 
numbers to ensure that the number of such samples is not less than 500 [21], and the focal 
loss method is used for sample equalization in the training phase [22]. Table 2 shows the 
number of labels in the train operation data set. 
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Straight track 7379 Crossing 
Crossing 

614 

Curved track 4765 Bridge 500 
Pedestrian 930 Tunnel 573 

Vehicle 1962 Whistling sign 500 

Figure 2. Data clipping and resizing.

2.3. Label Description

According to the relevant regulations of railway technology management and in
combination with the actual noise reduction requirements, the data set constructed contains
11 types of labels: straight track, curved track, pedestrian, vehicle, house, village, crossing,
bridge, tunnel, whistling sign, and operation sign.

Straight track and curved track are used as labels to enable the model to identify the
type and shape of the running track so as to enhance the safety of the train when passing
the curve. The recognition of pedestrians and vehicles can effectively prevent trains from
colliding with them, so these two types of labels are added. In order to reduce the noise
pollution of the train to the residential area near the track, the labels of houses and villages
are added. When the system recognizes the houses and villages in front, it will suppress the
whistle and whistle volume. According to relevant regulations, when the train enters the
crossing, bridge, and tunnel, it needs to whistle in advance to inform the personnel ahead to
notice the arrival of the train. Whistling sign is usually set 500~1000 m in front of crossing,
bridge, tunnel, and places with poor visibility. The operation sign is set at 500~1000 m from
the construction line and its adjacent line to both ends of the construction site, prompting
the driver to sound the horn in advance and notify the construction personnel ahead to
evacuate. The whistling and operation signs are shown in Figure 3.
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Figure 3. Whistling sign and operation sign.

In order to alleviate the imbalance of data samples in the original data set, local
clipping, scaling, mirroring, and other methods are used for the categories with small
sample numbers to ensure that the number of such samples is not less than 500 [21], and
the focal loss method is used for sample equalization in the training phase [22]. Table 2
shows the number of labels in the train operation data set.
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Table 2. Number of Labels.

Label Category Num Label Category Num

Straight track 7379 Crossing
Crossing 614

Curved track 4765 Bridge 500
Pedestrian 930 Tunnel 573

Vehicle 1962 Whistling sign 500
House 6369 Operation sign 500
Village 1784

2.4. Data Set Division

The original data set is 8048 frames of images from 16 train-running videos. After
data cleaning and data enhancement, the data set is expanded to 9000 samples. Now, the
dataset is randomly divided by 8:1:1. There are 7200 samples in training sets, 900 samples
in verification sets, and 900 samples in test sets.

3. Road Condition Sensing Module

The function of the road condition recognition module is to intelligently recognize the
front image taken by the camera. Figure 4 shows the topology of the intelligent whistle
system. The workflow of the road condition recognition system is shown in the left part of
Figure 4.

Appl. Sci. 2022, 12, x FOR PEER REVIEW 5 of 20 
 

House 6369 Operation sign 500 
Village 1784   

2.4. Data Set Division 
The original data set is 8048 frames of images from 16 train-running videos. After 

data cleaning and data enhancement, the data set is expanded to 9000 samples. Now, the 
dataset is randomly divided by 8:1:1. There are 7200 samples in training sets, 900 samples 
in verification sets, and 900 samples in test sets. 

3. Road Condition Sensing Module 
The function of the road condition recognition module is to intelligently recognize 

the front image taken by the camera. Figure 4 shows the topology of the intelligent whistle 
system. The workflow of the road condition recognition system is shown in the left part 
of Figure 4. 

 
Figure 4. Intelligent whistle system. 

Firstly, the program uses the YOLOv4 model based on a train-running data set to 
detect 11 types of key objects that may exist in the image. After determining the current 
track, the program uses the U-Net model to segment the main track anchor box region 
semantically. Finally, it records the size and location information of the identified object 
as the basis for the next whistle judgment. 

3.1. Target Detection Model based on YOLOv4 
(1) Model Structure 

YOLOv4 is a model proposed by Alexey Bochkovskiy et al. on CVPR in 2020. Some 
optimization strategies were added based on YOLOv3, mainly including the following: 
(1) upgrade Darknet53 to CSPMarknet53 to improve the backbone feature extraction net-
work; (2) SPP and PANet structures are used to improve the strong feature extraction 
network; (3) a mosic data-enhancement method is used; (4) take CIOU as regression Loss; 
(5) Mish activation function is used. Figure 5 shows the network structure of YOLOv4.  

Figure 4. Intelligent whistle system.

Firstly, the program uses the YOLOv4 model based on a train-running data set to
detect 11 types of key objects that may exist in the image. After determining the current
track, the program uses the U-Net model to segment the main track anchor box region
semantically. Finally, it records the size and location information of the identified object as
the basis for the next whistle judgment.

3.1. Target Detection Model Based on YOLOv4

(1) Model Structure

YOLOv4 is a model proposed by Alexey Bochkovskiy et al. on CVPR in 2020. Some
optimization strategies were added based on YOLOv3, mainly including the following:
(1) upgrade Darknet53 to CSPMarknet53 to improve the backbone feature extraction net-
work; (2) SPP and PANet structures are used to improve the strong feature extraction
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network; (3) a mosic data-enhancement method is used; (4) take CIOU as regression Loss;
(5) Mish activation function is used. Figure 5 shows the network structure of YOLOv4.
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(2) Model Training

The deep learning framework used in this paper is PyTorch, developed by the Face-
book artificial intelligence research institute [23], and the model is trained on a computer
with Intel Core i7-11800H CPU and NVIDIA GeForce RTX3060 GPU. In order to ensure the
reliability of the experiment, the subsequent tests of the model are carried out on the same
platform. Table 3 shows the training parameters of YOLOv4.

Table 3. Training parameters of YOLOv4.

Training Parameters Value

Dataset size 9000 × 608 × 608 × 3
Proportion of Training, verification, test set 8:1:1

Network input size 608 × 608 × 3
Number of categories 11
Numerical accuracy Float32

Training total Epochs 200
Number of Epochs in freezing phase 50

Number of Epochs in unfreezing phase 150
Batch_ size in freeze phase 8

Batch_ size in unfreezing phase 4
Step optimizer SGD

Initial learning rate 1e-2
Momentum 0.937

Weight attenuation coefficient 5e-4
Weight attenuation method Cos
Data enhancement method Mosaic
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In order to ensure the efficiency and accuracy of training, the weight of YOLOv4 based
on the VOC2007 dataset was used as the model pretraining weight [24,25]. The training
process was divided into freezing and unfreezing stages. In the freezing phase, the weight
of the model backbone is frozen so that the feature extraction network does not change; in
the unfreezing phase, the weight is not locked [26]. In addition, the focal Loss method was
used for optimization. By increasing the weight of difficult-to-distinguish samples in the
Loss function, the Loss function tends to be difficult to distinguish, which helps to improve
the accuracy of small sample categories and alleviates the problem of the uneven number
of sample categories. The training results are shown in Figure 6. To speed up the training,
the mean Average Precision (mAP) of the validation set is updated every ten Epochs [27].
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It can be seen from Figure 6 that the model training process is relatively stable and
has almost converged after 80 Epochs of training. At the end of the training, the Loss of
the model on the training set and verification set is 2.76 × 10−2 and 5.21 × 10−2, the mAP
values on the verification set and test set are 86.45% and 86.26%, and the average Frames
Per Second (FPS) is 26.4 f /s. Table 4 shows the specific performance of YOLOv4 on the test
set when IoU is 0.5.

Table 4. Results of YOLOv4 on test set.

Label Category Recall Precision mAP@0.5

Straight track 94.05 89.54 95.13
Curved track 91.62 94.04 94.24

Pedestrian 77.26 89.47 77.27
Vehicle 78.40 87.62 89.08
House 63.99 88.36 83.13
Village

Crossing 80.50 87.67 81.57

Crossing
Crossing 79.31 80.70 78.07

Bridge 71.42 90.92 82.61
Tunnel 82.14 91.53 93.05

Whistling sign 79.55 87.40 86.72
Operation sign 79.00 88.78 87.99

The evaluation index mAP can effectively evaluate the recognition effect of the model.
This parameter is composed of Precision and Recall. The definition of Precision and Recall
is as follows.

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)
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where TP refers to the number of positive cases identified as positive cases by the model; FP
represents the number of false cases identified as positive cases by the model; FN indicates
the number of positive cases identified as false cases by the model. Therefore, Precision
represents the proportion of correct positive predictions to all positive predictions, and
Recall represents the proportion of correct positive predictions to all actual positive. AP is
defined as the area of the interpolated precision–recall curve and the X-axis envelope. It
can be expressed as

AP =
n−1

∑
i=1

(ri+1 − ri)pinterp(ri+1) (3)

where r1, r2, . . . , rn are the Recall corresponding to the first interpolation of the Precision
interpolation segment in ascending order. When there are K types of targets, the formula of
mAP can be expressed as

mAP =
∑K

i=1 APi

K
(4)

3.2. Identification Method of the Driving Track

In order to ensure the safety of the train, the road condition identification system will
focus on detecting whether there is an intrusion near the track. Before that, the model needs
to identify the current track. The main problems solved are as follows:

1. As straight and curved roads belong to different types, therefore, for the same track
(usually the track with small curvature), there may be two anchor boxes, straight and
curved.

2. When there are multiple tracks in the captured front image, the model needs to
confirm which track the train is currently running on.

For problem 1, the Non-Maximum Suppression (NMS) algorithm was used [28].
Traditional NMS was used to suppress non-maximum targets of the same kind and search
for the local maximum of such targets. Read straight and curved roads identified by
the YOLOv4 model and regard them as the same kind of targets, then perform the NMS
algorithm with an intersection and merger ratio threshold of 0.5 to eliminate overlapping
anchor boxes. The effect of NMS is shown in Figure 7.
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For problem 2, a new method of the weighted mean ordering of anchor box was
proposed. This method determines the track of the anchor box where the maximum value
is located as the current running track of the train by calculating and ranking the average
weight of each track anchor box area under the weight matrix. Because the camera position
is relatively fixed, the main track must appear in the middle and the lower part of the
image. Therefore, a weight matrix W with the same size as the original image was set. The
weight value in the matrix was set to meet the rule that the greater the probability of the
main track, the greater its value. A circle O was added at 608 × 608 size image; the result is
shown in Figure 8.
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Figure 8. Construction of weight matrix.

The radius of circle O is one-quarter of the image width. The Cartesian coordinate
system can be established with the center of the circle as the origin and the distance between
the left and right adjacent pixels as the unit distance. Then, the equation of the circle can
be obtained.

x2 + y2 = 1522 (5)

The corresponding image range can be expressed as.

img = {W|−152 ≤ x ≤ 152,−102 ≤ y ≤ 506, x, y ∈N} (6)

Then, fill the area within this range with reasonable weight. Set the weight value
corresponding to the origin as 1 and the weight value of all points on the circle as 0. The
pixel farther from the center of the circle has a smaller weight value. The law of decline
meets the following equation.

w(x,y) = arctan
π(152− d)

304
(7)

where w(x, y) represents the weight of any point on the image, and d represents the
Euclidean distance from the point to the center of the circle. The weight attenuation
function corresponding to w(x, y) is shown in Figure 9.
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Each position of the picture corresponds to a weight w(x, y). When d is 152, w(x, y) is
0, and the trend of rapid decline is presented. This is to correspond to the trend of rapid
decline in the probability of the travel track area appearing outside the circle. Assume that
the model identifies several rails; its respective anchor box information can be expressed as.

Anchor = {A|xmin ≤ x ≤ xmax, ymin ≤ y ≤ ymax, x, y ∈N} (8)
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According to the position and size of each anchor box, calculate the weight of each
anchor box in the weight matrix, and the average value can be obtained as follows:

Score =

xmax
∑

xmin

ymax

∑
ymin

w(x,y)

(xmax − xmin + 1)× (ymax − ymin + 1)
(9)

As shown in Figure 10, for the two rail anchor boxes detected by the model in Figure 8,
calculate the weight mean value, respectively, and the mean values of anchor box 1 and
anchor box 2 are −0.3307 and 0.1571, respectively. Therefore, the track identified by anchor
box 2 is set as the current running track.
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3.3. U-Net Semantic Segmentation Model

(1) Model structure

The whistling system needs to recognize the spatial relationship between the main
track and the surrounding objects, so the main track anchor box image needs to be separated
into semantic segments to extract its shape information. The U-Net is a variant of Fully
Convolutional Networks (FCN), which is the most commonly used and relatively simple
semantic segmentation model [29]. Its structure is shown in Figure 11.
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(2) Model training

Since the system only needs to identify the shape of the current track, the pictures of
the main track anchor box area identified by the YOLOv4 model were cut out separately
and input into U-Net. In this case, the model only needs to identify the background and
rail, and segmentation is less difficult. Therefore, in order to reduce the computation and
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improve the model FPS, the network input size was adjusted to 256 × 256. The data set
used for training was 800 pictures of the track anchor box area identified by YOLO from
the train-running data set. After labeling these samples, they are randomly divided into
the training set and the verification set according to the proportion of 8:2. Table 5 shows
the parameters related to model training.

Table 5. Training parameters of U-Net.

Training Related Parameters Value

Dataset size 800 × 256 × 256 × 3
Training set: verification set 8:2

Network input size 256 × 256 × 3
Number of categories 2
Numerical accuracy Float32

Training total Epochs 200
Number of Epochs in freezing phase 50

Number of Epochs in unfreezing phase 150
Batch_ size in Freeze phase 16

Batch_ size in Unfreezing phase 8
Step optimizer Adam

Initial learning rate 1e-2
Momentum 0.9

Weight attenuation coefficient 0
Weight attenuation method Cos

The model training results are shown in Figure 12. The whole process is relatively
stable. After 100 Epochs of training, the Loss and mAP of the model tend to converge. At
the end of the training, the Loss of the model on the training set and verification set is
6.58 × 10−3 and 1.31 × 10−2, and the mAP on the validation set is 98.81%.
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4. Whistling Decision Module
4.1. Module Overview

The whistle decision module adopts a rule-based decision algorithm [30,31]. The
whole whistling decision module can be divided into three parts: scene segmentation
module, volume calculation module, and horn control module. First, the whistling decision
module divides the current driving scene of the train through the data obtained by the
perception system, calculates the reasonable volume according to the volume setting rules
corresponding to the divided scene, and finally, controls the volume output according
to the finite state machine (FSM) method of rule logic control. The design criteria of the
system are to ensure good real-time performance, take safety as the highest priority, and
reduce noise pollution as the goal.

Scene division is the first step of the decision-making system, which divides various
driving scenes into the dangerous scene, the scene of must whistling, and the scene of
selective whistling. Table 6 shows the whistle settings for three scenarios.



Appl. Sci. 2023, 13, 1695 12 of 19

Table 6. The whistle settings for three scenarios.

Dangerous Scene Scene of Must Whistling Scene of Selective Whistling

Application scenes Abnormal condition
of running track

It is stipulated that the whistle
must be sounded

Choose whether to whistle
according to the specific scene

Priority High Middle Low
Input Identified data Identified data, time, speed Identified data, time, speed

Output High pitched bagpipes
or loudspeakers Bagpipes or electric whistle Electric whistle

Volume range 107+ dB 105~90 dB 100~80 dB
Distance 1000+ m 600~100 m 320~30 m

4.2. Dangerous Scene

Dangerous scenes refer to emergency scenes that may endanger the safety of train
operations or cause casualties. To divide the current scenes into dangerous scenes, two
conditions must be met: (1) the speed of the train must be greater than 30 km·h−1; (2) in-
trusive objects (such as pedestrians, vehicles, and so on) exist near the track. To judge
condition 2, it is necessary to set the minimum safe distance between the intruder and the
track. Since the input image has three channels, the program cannot directly obtain the
distance between the train and the intruder. However, because the camera’s angle of view
is relatively fixed, the size of the object in the image relative to this kind of object can be
used as the reference standard for the distance between the object and the train. Taking the
distance between adjacent pixels in the horizontal direction of the image after resizing as
the unit distance, the calculation formula of the safe distance between each object and the
track can be written as follows:

d = 30×

√
v×

(
S1

S2
+ σ

)
(10)

where d represents the minimum allowable safe distance from the bottom center point of the
object anchor box to the track edge, v represents the driving speed (m/s), and S1 represents
the anchor box area of the identified object; S2 is adaptive constant; when calculating the
safe distance to pedestrians and vehicles, the values are 5 × 103 and 1 × 104, respectively;
σ is the coefficient added to prevent the safe distance from being too small, and its value is
usually 1 × 10−3.

By calculating the allowable safe distance d between the train and potential invaders
at the current speed, the range of 1~1.5d from the track was divided into areas where the
whistle must be sounded, and the farther areas will not play a role or inhibit the volume of
whistling. Figure 13 shows the effect diagram of the safe area division for pedestrians at
the speed of 80 km·h−1.
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4.3. Scene of Must Whistling

The scene that must whistle refers to when the train passes by according to relevant
laws and regulations, including bridge, tunnel, crossing, and construction site. These places
are often the places where train accidents occur frequently. When trains pass these places,
necessary whistling can well inform the people ahead of time to evacuate, thereby reducing
the occurrence of safety accidents.

After confirming that the current scene is a non-dangerous scene, it is necessary to
make a decision on the must whistle scene. Different from the dangerous scene, its volume
output is based on the identification of target data, with reference to the current time and
train speed, and the minimum threshold of volume is 90 dB.

4.4. Scene of Selective Whistling

The discrimination of the scene of selective whistling is at the end of the series structure,
but it is the environment that the train has been in for a long time. It is the most effective
and reasonable to reduce the noise of the whistle in this scene.

The corresponding whistling volume is 100~80 dB, and the lowest volume is 80 dB,
which is equivalent to the whistling intensity of a family car. The noise pollution generated
is relatively small. This kind of whistling is usually realized when the train passes through
an area where whistling is required at night, but there is a residential area nearby. At
night, due to the characteristics of low passenger flow along the railway, dark and quiet
environment, the train having the light signal of headlights and the vibration sound signal
is generated by its own driving, the low volume whistle can meet the safety and the noise
reduction needs of the scene [32].

4.5. Whistling Volume Formula

Except for the difference in some initial values and thresholds, the whistling volume
formula will be used to calculate the reasonable volume in both must and selective whistle
scenarios. Its inputs are time, train speed, and target information identified by the sensing
system. After comprehensive consideration of these parameters, the whistling decision
program outputs the corresponding volume, and its formula is shown in Table 7.

4.6. Horn Control

The horn adopts the control method based on FSM. FSM has four elements: present
state, condition, action, and next state. The corresponding state transition rules are shown
in Figure 14. The train is equipped with a bagpipe and electric whistle, with a correspond-
ing volume range of 100~110 dB and 80~100 dB. The train can only be in one of three
states: no whistle, bagpipe works, or electric whistle works. After the decision system
divides the current scene and calculates the whistle volume, it will generate the move-
ment from the present state to the next state according to the conditions met. In addition,
the system has set an additional manual control route, which can play an important role
when the intelligent system works abnormally. In the practical application and future
development, more complex control structures can be established according to the specific
parameters and functions of the horn to realize the control of tone, whistle time, and
combined whistle signal.
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Table 7. Whistling volume formula.

Parameters Formulas

Whistling volume formula V = V0 + Ai + At −
√

Ah
2 + Av2 + Ad

Initial volume V0 V0 =


100 Must whistle scene
90 Scene of selective whistling, curve track
79 Scene of selective whistling, straight track

Volume adjustment for
intruders Ai

Ai = 10 log

i=N
∑

i=1

1

min[(
dr−di

2di
)
2
+ 1

10 ,10]
2

100
where N represents the number of intruders (pedestrians and
vehicles) contained in the picture; dr is the distance from the
bottom center point of the intruder anchor box to the track

boundary; di is the minimum safe distance obtained according
to Equation (10). The volume adjustment range of Ai is

limited to ±10 dB.

Day and night driving volume
adjustment At

At = min
[
0, 8 sin π(t−8)

12

]
where t represents the current time, the volume adjustment

range of At is −8~0 dB.

Noise reduction adjustment
parameters Ah and Av through

residential areas

Ah = −
(

3 + S3
Sh

)
, Av = −

(
2 + S4

Sv

)
where S3 is the area of a value corresponding to the largest

anchor box in all the anchor boxes identified as a house; Sh is
a constant; its value is 4 × 103; S4 is the area value

corresponding to the largest anchor box in all the anchor
boxes identified as village; Sv is a constant; its value is 2 × 104.

Updating parameters with
spatiotemporal memory Ad

Ad =

(
1−

∫ 1
f

0 vdt
180 × f

)
× A∗d +

∫ 1
f

0 v(Ah+Av)dt
180

where v is the running speed of the train (m/s); Ad
* indicates

the Ad value of the previous generation; f represents the
parameter update frequency, which should be less than the

image capture frequency and the FPS value of model
operation. The default value of f is 1. The disappearance of

the whistle suppression target in the image will not
immediately lose its whistle suppression effect.
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5. Model Performance Test
5.1. Reactivity Test

The responsiveness of the whistling system plays a vital role in intelligent and safe
driving. The core indicators of the control system are how far ahead key objects can be
identified and how long it takes to make a whistle judgment on the current scene [33,34].
The test method is to input the recognition network in the form of a video, so the network
input is a series of pictures of the target to be identified from far to near, and these images
do not appear in the training and verification sets. Figure 15 is a screenshot of some
test images.
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In Figure 15, the timeline is from left to right. By estimating the distance of the picture
of the identified object captured by the YOLOv4 model for the first time in multiple groups
of videos, the detection distance data of the whistling system to the target is obtained. The
deep learning series algorithm belongs to the black box model, so it is unable to carry out a
specific mathematical description of the identification features and internal logic [35]. At
the same time, the recognition effect of the model is affected by the picture quality, light,
and other factors, so the average value of target recognition distance in multiple scenes is
taken as the index to evaluate the model recognition ability. The detailed data are shown in
Table 8.
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Table 8. Effective detection distance of model to objects.

Category Demand for
Detection Distance

Total Number of Test
Objectives

Recognition
Distance

Curved track medium 35 182 m
Pedestrian high 43 89 m

Vehicle high 97 112 m
House low 127 192 m
Village low 27 313 m

Crossing high 26 84 m
Bridge medium 10 167 m
Tunnel medium 14 203 m

Whistling sign low 6 41 m
Operation sign low 6 49 m

It can be seen from Table 8 that the recognition distance of the system for each object is
mostly larger than 100 m, but for some small targets, the recognition distance of the model
is relatively limited.

The size of the entire intelligent whistle system is 349MB, and the FPS is about 18.7 f /s.
Under this performance, assuming that the train is running at 100 km/h, and considering
the calculation speed of the system and the propagation speed of the sound, pedestrians
have about 2.9 s to evacuate after hearing the whistle. If the pedestrian is not in the
restricted movement state, this time is enough for the pedestrian to evacuate.

5.2. Accuracy Test of Whistling System

The accuracy of the whistling system depends on whether the whistling command
is correct and on the accuracy of the whistling volume. This indicator is used to evaluate
the safety and noise reduction effect of the train whistling system. To test the accuracy of
the whistling system, firstly, 900 pictures in the test set were evaluated to determine their
reasonable whistling volume values, then these pictures were input into the intelligent
recognition system and the decision system in turn, and the prediction results of the
model output were compared with the correct volume values to calculate the accuracy
of the whistling system. After testing, the accuracy of the system is 99.22%, and the
average volume error of the system is 1.91 dB/time. Figure 16 shows the volume control
performance of the model on the test set.
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It can be seen from Figure 16 that the volume error of the whistling system is small. In
more complex places, such as crossings and bridges, the whistling volume error will be
about 3dB, and the whistling volume in other scenes is relatively accurate, with the average
value below 2dB. This shows that the intelligent whistle system designed can effectively
and intelligently control the whistle volume according to the actual scene, so as to achieve
the goal of safe noise reduction.
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5.3. Model Performance and Application Analysis

In order to improve the safety of train operation and reduce the noise pollution caused
by a train whistle, this paper applies deep learning technology to the intelligent control
of train whistle for the first time and provides a new idea for the application of artificial
intelligence in the field of train noise control. The whole system is composed of a road con-
dition sensing subsystem and a whistling decision subsystem. The road condition sensing
subsystem is divided into a target recognition module, a current track confirmation module,
and a semantic segmentation module. The whistling decision subsystem is divided into a
scene segmentation module, a volume calculation module, and a horn control module.

First of all, in terms of security, the model adopts the YOLOv4 target detection al-
gorithm based on train operation data set training and achieves 86.26% mAP for 11 key
targets in the test set. It can be seen from Table 4 that the mAP of the model is greater
than 85% for most targets, but the mAP for pedestrians and crossings is slightly lower,
77.27% and 78.06%, respectively. It can be seen from Table 8 that the recognition distance
of the model for each target is mostly longer than 100 m, but the recognition distance for
pedestrians, crossings, whistling signs, and operating signs is slightly shorter. Among
them, whistling signs and operating signs pay more attention to recognition accuracy, and
the requirements for the recognition distance are slightly lower. By bringing it into the
actual scene, it is concluded that with the current recognition ability of the model, the
intruders can safely evacuate before the train arrives if they are not restricted in their own
movement. In addition, the whistle system has natural advantages in response time. Based
on the RTX3060, the whistling system designed in this paper can reach about 19 f /s, and its
corresponding response time is 53 ms, while the human response speed is about 300 ms,
and human beings cannot always maintain a high concentration of attention as machines.

As for the volume control of the whistle, the model adopts the idea of dividing and
conquering. By dividing the running scene of the current train, and then, according to the
volume formula set in the corresponding scene, a reasonable volume is obtained, and the
efficient control of the horn is realized. In the accuracy test of the whistling system, the
accuracy of the system can achieve 99.22%, and the average volume error is 1.91 dB/time,
so the overall accuracy of whistle control is good. The traditional whistle-control method
based on remote positioning and database retrieval can only achieve limited volume control
in some scenes, and the volume selection space is small. In contrast, the model proposed in
this paper is more real-time and flexible and can make a comprehensive decision with full
reference to the target information, train speed, and time in the train-running scene.

However, there are still some aspects to be improved in the intelligent whistle system.
For example, the perception accuracy of the model for pedestrians and intersections is
limited, which exposes its insufficient recognition ability for small and complex targets. In
this regard, future research can be improved by adopting models with stronger recognition
ability and adding optimization algorithms to strengthen the recognition ability of small
targets. In addition, the perception ability of the model will be reduced due to insufficient
light at night. In this regard, the target detection capability of the model can be improved
by adding infrared cameras or depth cameras, using additional network input channels, or
building road traffic signs for assistance [36]. In terms of the functional scope, the intelligent
model in this paper still stays in control of the volume of the whistle. Future research
can add more functions to the model, such as tone control, combined whistle mode for
communication between trains, and identification function for stations and traffic lights.

6. Conclusions

In this paper, in order to solve the problem of increasing the risk of train traffic
accidents due to driver fatigue or distraction and the problem of noise pollution caused by
a train whistle, an intelligent whistling system for railway trains based on deep learning is
proposed, and the following conclusions are obtained:
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(1) The method of connecting the YOLOv4 object detection model and the U-Net seman-
tic segmentation model in series and adopting a rule-based decision algorithm to
intelligently control the train whistling has high feasibility.

(2) The designed algorithm combining the NMS algorithm for different categories with
the anchor box weight mean ranking method can effectively confirm the current
track of the train. At the same time, under the condition of three channels of input
images, the designed road scene division method and whistling formula can adjust
the corresponding volume of 11 types of detection targets.

(3) The performance test based on the train-running data set shows that the FPS of the
model reaches 18.7 frames/second, the accuracy of the whistling system is 99.22%,
and the volume error of the whistling system is 1.91 dB/time.

(4) The subsequent research can focus on improving the small target recognition ability
of the model, model lightweight, improvement of the decision algorithm, expanding
the model functions (such as adding the recognition of stations and indicator lights),
and adding the system design research under the depth direction data.
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