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Abstract: A crucial assurance for coal mine safety production, prevention and control, and rescue,
which is the fundamental tenet of implementing intelligent coal mining, is the safety, stability,
and quick transmission of coal mine roadways. However, because of the complex structure of the
roadway environment, such as limited and variable space and numerous pieces of equipment, the
wireless communication network is affected by the environment, the data transmission channel
characteristics are complex and variable, and the existing data transmission methods are weak in
adapting to the changing channel. These factors result in poor stability of the transmission of coal
mine roadway environment detection data in the wireless communicative network. As a result,
this article investigates the wireless communication systems’ real-time transmission in the intricate
environmental setting of a coal mine. Based on the application of multiscale wavelet theory in data
compression and reconstruction, an adaptive multiscale wavelet compression model based on the
wireless data transmission channel is proposed, with an improved Huffman data compression coding
algorithm derived from the multiscale wavelet, so that the environmental data meet the wireless
communication channel transmission capability. The proposed algorithm boosts the compression
ratio and adaptability of environmental data. A self-matching wavelet reconstruction algorithm
is developed to achieve real-time and accurate data reconstruction following self-driven wavelet
decomposition. The compression and reconstruction experiment performed during real-time wireless
transmission of gas concentration data reveals that the original signal’s compression ratio reaches 74%
with minor error and high fidelity. The algorithm provides the theoretical foundation for compression
and reconstruction in complex coal mine environments for accurate, stable, and real-time data
transmission. It is critical for ensuring reliable data transmission in safe production, prevention and
control, rescue, and other operations, and it provides theoretical and technical support for intelligent
coal mining.

Keywords: coal mine intelligent equipment; signal processing; multiscale wavelet compression;
signal reconstruction; wireless data transmission

1. Introduction

At the moment, coal is still the most cost-effective and reliable source of primary
energy in China, and since 2020, relevant Chinese state authorities and research institutions
have issued the Guidance on Accelerating the Development of Coal Mine Intelligence and
the White Paper on the Framework of Top-Level Architecture and Standard System for Coal
Mine Intelligence, which have promoted the deep integration of new-generation informa-
tion technologies such as artificial intelligence, big data, cloud computing, and industrial
Internet of Things, proposing an intelligent standard system for coal mines and putting
forward higher requirements for the establishment of safe, reliable, efficient and stable
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underground coal mine communication networks [1,2]. More than 90% of coal mining op-
erations in China are underground mines. The data collected by the roadway multi-sensor
environmental monitoring system, which includes one-dimensional and two-dimensional
data such as gas concentration, carbon monoxide concentration, carbon dioxide concentra-
tion, oxygen concentration, dust concentration, temperature and humidity, as well as video
image information data, ensure environmental safety during the normal mining process in
underground coal mines. However, factors such as the complex structure of underground
coal mine tunnels and the complexity of the equipment space cause changes in the wireless
data transmission channel characteristics in coal mine tunnels. As a result, achieving data
fidelity transmission and studying data compression and reconstruction methods based
on adapting to complex wireless data transmission channels becomes a critical issue in
data transmission. However, the complex environment of underground coal mines has
a significant impact on wireless communication network transmission capabilities; thus,
the compression and reconstruction of the one-dimensional data becomes an important
research element in solving the problems faced by data transmission technology under
limited communication conditions.

There are increasingly mature data compression algorithms for underground coal
mine environmental information available today. Yang S. et al. proposed a new generation
of data collection methods for an energy internet based on compressed sensing, which
improves data transmission and reconstruction accuracy [3]. Zheng W.Y. et al. proposed
the use of the provenance compression algorithm to save network energy consumption
and communication bandwidth [4]. Yang H. et al. proposed a data collection method for
wireless sensor networks based on regionalized compressed sensing [5]. Aanchal et al.
proposed optimal path selection for Huffman coding based on an ant colony algorithm and
evaluated Huffman coding performance using four performance metrics: average residual
energy, energy consumption, number of active sensors, and energy standard deviation [6].
Wu J.J. et al. proposed a Huffman model based on spatio-temporal difference thresholding,
which improved the compression ratio of data to 30%, increased the life cycle of the network
by 80% and reduced the mortality of nodes [7]. Zhai S. et al. proposed a data compression
algorithm based on the correlation of data sequences in WSNs to reduce node data redun-
dancy, compression ratio, compression error and communication energy consumption [8].
Zhu T.J. et al. proposed a wavelet-based adaptive multimode data compression algorithm,
which effectively improves the compression ratio and reduces the energy consumption of
the network [9]. Liu Z.Z. et al. investigated the relationship between network chunking
and node deployment and proposed an adaptive block compression-aware data collection
strategy for efficient large-scale data processing, reduced network traffic and network task
latency, and balanced network node energy consumption [10]. Ebrahimi et al. proposed
the joint application of Compression Sensing (CS) and Network Coding (NC) to achieve a
30% improvement in overall performance by addressing the uniform distribution of data
across the network nodes and extending the network lifetime [11]. To address the problem
of large volume and the difficult transmission of real-time monitoring data, Russell M.
et al. proposed a data compression method combining Deep Convolutional Autoencoder
(DCAE) with local structure and physical information loss terms, as well as a reconstruction
method based on Fault Division Autoencoder Multiplexing (FDAM) [12]. Tagne Fute E.
et al. proposed a raw data integrity compression and aggregation method that discards a
certain number of information packets and retains only the most meaningful and informa-
tive ones to reduce redundant data and achieve optimal data transmission, as measured
by compression ratio (CR), data aggregation ratio (AR), peak signal-to-noise ratio (PSNR),
mean square error (MSE), and energy consumption (EC) performance metrics [13]. Zhang
Y. and others proposed a hybrid compression coding algorithm based on wavelet transfor-
mation, improving wavelet, and its improvement algorithm to solve data compression in
network environments such as big data and narrow bandwidth [14–16]. Pal S. et al. studied
the embedded data compression algorithm that manages big data, effectively improving
real-time data acquisition and reduction and achieving a 70% compression ratio combined
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with Huffman lossless coding [17]. Abraham B. et al. studied behavioral data clustering
methods based on dictionary compression, improving the storage and transfer of large data
quantities in an infinite space, achieving a better compression ratio with the mean squared
error of shallow minimum phase divergence, et al. [18]. Davut I. et al. studied species
data compression strategies and proposed a novel mathematical planning framework for
maximizing Wireless Sensor Networks (WSNs) that effectively mitigate energy dissipation
properties and make relay nodes transmit less data volume [19]. Mjp A. et al. investigated
different schemes based on source and channel coding, multicast and distributed stream-
ing to improve quality of service (QoS) and quality of experience (QoE) in multimedia
communications over cognitive radio networks (MCRNs) [20].

In general, when transmitting data in a wireless communication network, the wire-
less communication channel is built to meet the optimal transmission characteristics of
transmission bandwidth, transmission rate, fault tolerance, and network topology, and the
external and equipment influencing factors are relatively constant so that no data are lost
due to changes in channel transmission characteristics when entering the channel. How-
ever, the complex, uneven structure and limited space of underground coal mine tunnels,
as well as the presence of many mobiles and fixed devices, have a significant impact on
the transmission bandwidth, transmission rate, fault tolerance, and network topology of
underground coal mine wireless communication channels, making the operation of their
rated parameters challenging to guarantee. As a result, investigating key technologies
such as data compression, reconstruction, and coding of 1D data in coal mine roadways
with limited communication channels is at the heart of resolving the problem of real-time
transmission of 1D data, such as environmental information in underground coal mine
wireless communication systems.

However, there are few algorithms for data compression under a limited communica-
tion network in the complex environment of the coal mine roadway. Therefore, studying the
data compression algorithm is necessary to adapt to the changing communication channel
characteristics in the coal mine roadway. In this paper, we will propose a self-derived
wavelet compression algorithm based on the theoretical basis of data compression and re-
construction with the help of multiscale wavelet theory to achieve self-derived compression
depths for one-dimensional data such as environmental information, which significantly
improves data compression capacity and adaptive capability of data transmission in differ-
ent communication network environments; and establish a fast reconstruction algorithm
matching the proposed algorithm. It improves the efficiency of Huffman coding and the
ability of compressed data to adapt to the network environment when combined with
Huffman coding to compress the decomposed signal, enabling data transmission to ensure
real-time transmission while maintaining relatively good lossless transmission characteris-
tics, providing a guarantee for the safe, reliable, and stable transmission of one-dimensional
data such as environmental information.

2. Self-Derived Wavelet Data Compression and Reconstruction Algorithm Model of
Wireless Data in Complex Spaces of Coal Mine Roadways

The algorithm is the compression coding of one-dimensional data such as environmen-
tal information after mastering the propagation characteristics of the wireless communica-
tion system in the coal mine roadway to ensure that the data can meet the communication
channel transmission capacity when entering the communication channel. The algorithm
mainly studies the compression characteristics of wavelet change under different decompo-
sition stages. It determines the threshold of wavelet decomposition stages by taking the
wireless communication system’s signal strength and other characteristics as the feedback
value. The corresponding wavelet decomposition series is selected to compress the data
and Huffman coding is carried out when the feedback value is in a specific interval. The
obtained symbol set order list is sent to the sink through the channel, and the code value ob-
tained by Huffman decoding the obtained signal information at the sink. The self-matching
wavelet reconstruction algorithm is studied, and the corresponding wavelet inverse trans-
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form achieves lossless data reduction. This adaptive wavelet data compression coding
and reconstruction algorithm in complex channels is called the self-derivative wavelet
compression coding and reconstruction algorithm. The derived wavelet data compression
algorithm structure and signal data transmission diagram are shown in Figure 1.
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Figure 1. Structure and reconstruction algorithm for self-derived wavelet compression coding in
underground coal mine tunnels.

3. Design of the Self-Derive Wavelet Data Compression Algorithm
3.1. Analysis of the Derivative Algorithm

A self-derive characteristic means that under the influence of different external envi-
ronmental conditions, the data compression algorithm derives the wavelet compression
depth based on the channel characteristics to meet the transmission capacity of the wireless
communication channel. Based on the channel characteristics such as the signal strength of
the wireless communication system detected in real-time, selecting the data compression
level suitable for channel capacity is significant for data transmission in the complex envi-
ronment of coal mine roadways. A flow chart of self-derived characteristics is shown in
Figure 2.

In the complex environment of the underground coal mine, through the analysis and
detection of the signal intensity E in the network state, the channel capacity change state
Q is obtained. The real-time channel capacity Q is divided into different channel capacity
interval sets I according to the principle of data transmission. The data compression level
n of channel capacity is derived adaptively according to different intervals in the set to
determine the scale series of multiscale wavelet data compression.
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Figure 2. Flow chart of self-derived characteristics.

Assuming that an information symbol set with an amount of information
U = [u0, u1, u2, . . . , un] is generated at the signal generator output, the average signal
power of the transmission information U is S and the noise power in the unit frequency
band is N0, the signal-to-noise ratio of the signal is ρ by:

ρ =
S

N0
(1)

When the signal strength e is affected by external noise interference, resulting in the con-
tinuous reduction of the average signal power S, the signal-to-noise ratio ρ also decreases.

According to Shannon’s theorem, the relationship between channel capacity and
channel bandwidth and signal-to-noise ratio is:

Q = W· log2

(
1 +

S
N0

)
(2)

where log2

(
1 + S

N0

)
represents the spectral efficiency of channel transmission information,

that is, the amount of information that can be transmitted per unit time and unit bandwidth,
and the unit is bit/(Hz·s).

According to Formula (2), when the wireless communication equipment circuit has
been designed or debugged and fixed, the channel bandwidth W is the specified value.
In the process of signal transmission, when the signal strength E decreases and the signal
power S changes, the channel transmission capacity will change. However, this change
will cause more data to be transmitted in a narrow channel, resulting in instability and
distortion. Therefore, the relationship formula between channel capacity Q and derived
level n is:

Qn = W· log2

(
1 +

Sn

N0

)
(n = 0, 1, 2, . . .) (3)

Since the channel capacity Q is a physical quantity that is difficult to observe and
detect, a relationship formula with the derived level n is established by using the signal
strength E that is easy to observe and detect. The attenuation rate is assumed to be α, then
the signal attenuation ratio η is:

µ =
S

S− α =
E
En

(4)

Therefore, we can establish the relationship between set I and derived level n as:

I = {(n,µn) |µn ≤ 0.1n, n = 0, 1, 2, . . .} (5)

where, the n is always taken as 0.1n, close to the smallest integer of the µn value.

3.2. Design of One-Dimensional Multiscale Wavelet Decomposition Algorithm Based on the
Self-Derive

In this paper, the information acquisition signal of a complex environment in the coal
mine is compressed to make the signal transmit safely and reliably in the limited and
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changing wireless communication channel. The self-derived wavelet signal decomposition
algorithm is constructed with one-dimensional multi-order wavelet theory.

Assuming that the signal function is f(x) ∈ VJ, according to the wavelet decomposition
method of the orthogonal scaling function, for arbitrary ∀n = Z+, the signal function is
f(x) ∈ Vn

J+1 = V2n
J+1 ⊕V2n+1

J+1 , J ∈ Z. There is:

f(x) = ∑
J∈Z

dJ, 2n
l 2

J
2ψ2n

(
2Jx− l

)
+ ∑

J∈Z
dJ, 2n+1

l 2
J
2ψ2n+1

(
2Jx− l

)
(6)

where, the 2n and 2n+1 transformation coefficient of the L-th subband of the J-level wavelet
hierarchy is:

dJ, 2n
l = 〈f(x), 2

J
2ψ2n

(
2Jx− l

)
〉

= ∑
s∈Z

dJ+1, n
s ∑

m
hm−2l〈2

J+1
2 ψn

(
2J+1x− s

)
, 2

J
2ψn

(
2Jx−m

)
〉

= ∑
s∈Z

dJ+1, n
s hs−2l

= ds∗h′(2l)

(7)

dJ, 2n+1
l = ds∗g′(2l) (8)

Among them, h′l = h−l, g′l = g−l.
Based on the analysis of derivative characteristics and in combination with

Formulas (7) and (8), the corresponding series of multilevel decomposition is determined
by the independent variables in Formula (6) during the process of self-derivative wavelet
decomposition. Therefore, assuming that the independent variable in Formula (6) is γ, the
wavelet decomposition series J is:

J = γ And J ≤ 6 (9)

When the signal intensity information of the communication network state is fed
back to the compression algorithm by the wireless communication system, the wavelet
decomposition series J changes with the signal intensity variation coefficient γ to adapt to
the channel capacity and data transmission rate to stably transmit the field detection data
collected by the coal mine rescue robot with the maximum channel capacity. Therefore, the
multilevel decomposition process of the self-derived wavelet compressed data information
is shown in Figure 3.
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The compressed data that eventually enters the wireless communication network
is the approximate sequence of the lowest layer, i.e., the low-frequency part of the final
subspace, all the detailed sequences of the compression process, and the high-frequency
part of the subspace at all levels, as shown in Figure 4, which is a schematic diagram of the
data flow into the channel after compression.
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4. Reconstruction Algorithm Based on Self-Matching Wavelet

The self-matching wavelet reconstruction algorithm refers to restoring the data in-
formation after the source information is compressed and encoded by the self-derived
wavelet and transmitted to the upper decoding and reconstruction end through the wireless
communication network channel.

Self-derived wavelet compression encoding gives the derived properties of the data
compression process, when the data are decoded and reconstructed, the decomposition
level first needs to match the derived properties. The resulting data stream is encoded
by the Huffman coding algorithm and then transferred into the channel for transmission
after compression by self-derived wavelet data decomposition. Some of the redundant
information in the data has been removed in the self-derived wavelet data decomposi-
tion algorithm, so the data are coded in the Huffman coding process, improving coding
efficiency and reducing coding complexity. Analyzing the pre-processing data algorithm
prior to Huffman coding is thus an essential means of improving the Huffman coding
compressed data. The flowchart of self-matching wavelet reconstruction and decoding
algorithm is shown in Figure 5.
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First, the compressed data information W’ is transmitted to the upper computer
through the channel, and the receiver receives the information data. Secondly, the com-
pressed information W’ enters the Huffman decoder and expands the data to obtain the
decoded data stream. Then, by identifying the matching coefficient r as the derived char-
acteristic coefficient γ, the reconstructed wavelet series is obtained. Finally, through the
corresponding wavelet reconstruction algorithm, the data information flow is restored and
the data V’ is obtained.

That is:
r = γ And r < 6 (10)

When the reconstruction coefficient r is determined, the reconstructed signal f(x) is:

dr+1,n
s = 〈f(x), 2

r+1
2 ψ2n

(
2r+1x− s

)
〉 (11)

Using the multilevel wavelet scaling relation, available:

2
r+1

2 ψ2n

(
2r+1x− s

)
= ∑

m

(
hs−2m2

r
2 Ψ2n(2rx−m) + gs−2m2

r
2 Ψ2n+1(2rx−m)

)
(12)
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Thus:

dr+1,n
s = 〈f(x), ∑

m

(
hs−2m2

r
2 Ψ2n(2rx−m) + gs−2m2

r
2 Ψ2n+1(2rx−m)

)
〉 (13)

Available by Formulas (6)–(8):

dr+1,n
s = 〈

∑
J∈Z

dr, 2n
l 2

r
2ψ2n(2rx− l) + ∑

J∈Z
dr, 2n+1

l 2
r
2ψ2n+1(2rx− l),

∑
m

(
hs−2m2

r
2 Ψ2n(2rx−m) + gs−2m2

r
2 Ψ2n+1(2rx−m)

) 〉
= ∑

l∈Z

(
dr, 2n

l hs−2l + dr, 2n+1
l gs−2l

)
= d2n∗h(s) + d2n+1∗g(s)

(14)

where, h(s) is the pulse response of the reconstructed low-pass filter, g(s) is the pulse
response of the reconstructed high-pass filter. The flowchart for self-matching wavelet
reconstruction is shown in Figure 6.
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5. Results

To improve the transmission algorithm of wireless data information in the complex
environment of the underground coal mine, improve the speed of data compression coding
in complex channel environment and the adaptability, to ensure the optimum state of
the communication network and the validity of data transmission of environmental infor-
mation. The performance evaluation indexes of the data compression algorithm mainly
include compression ratio and compression error.

5.1. Data Compression Experiment and Analysis in the Variable Channel Characteristic
Communication Environment

When the wireless communication system is relatively stable, the characteristics of the
wireless communication channel in the roadway change due to fluctuations in the amount
of communication data and changes in the external environment. The analysis curve of the
self-derived wavelet data compression coding and reconstruction algorithm of gas data in
the case of channel change is shown in Figures 7–9 and Table 1.

Table 1. Changes in the Amount of Huffman Coding Information (Kb).

The Amount of Information No
Compression Level 1 Level 2 Level 3 Level 4 Level 5 Level 6

Before
coding

The Db4 wavelet base 51 34 23 18 15 14 13
The Haar wavelet base 51 34 22 18 15 13 13

After
coding

The Db4 wavelet base 54 33 22 17 15 14 13
The Haar wavelet base 54 33 21 17 14 13 13
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Figure 8. Multistage wavelet compression signal. (a) Level-1 decomposition, (b) Level-2 decom-
position, (c) Level-3 decomposition, (d) Level-4 decomposition, (e) Level-5 decomposition, and
(f) Level-6 decomposition.
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(f) Level-6 reconstruction.

Figure 8 shows the multilevel wavelet decomposition results when the wavelet bases
are DB4 and Haar. We can obtain the following findings:

(1) With the first-order wavelet decomposition, the signal decomposition based on DB4
and Haar wavelet basis is almost the same, and the compression of the original signal
is almost half;

(2) With 2, 3, 4, 5 and 6-level wavelet decomposition, the signal decomposition gap based
on DB4 and Haar wavelet base gradually becomes more considerable. When the
decomposition level is higher, the signal decomposition details based on the DB4
wavelet base are more than those of Haar wavelet decomposition at the same level.
Still, the amount of compressed data are more considerable;
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(3) On the contrary, with the increasing number of signal compression decomposition
stages, the signal detail feature compression based on Haar wavelet is greater. Still,
the data compression ratio is more considerable.

According to the information change results of Huffman coding after decomposition
of multilevel wavelet when the wavelet base is DB4 and Haar in Table 1:

(1) Without wavelet compression, Huffman coding has an obvious reduction in a large
amount of data;

(2) After wavelet decomposition based on the DB4 and the Haar wavelet basis, data
compression is slight. It can be seen that some redundant information in the data has
been compressed during wavelet decomposition, resulting in small changes in the
amount of re-compressed data during coding;

(3) At this time, the complexity of data transmission is reduced by Huffman coding on
the premise of avoiding the loss of information details.

Figure 9 shows the multilevel wavelet reconstruction results when the wavelet bases
are the Db4 and the Haar. We can obtain the following findings:

(1) The gap between the results of multilevel signal reconstruction based on the DB4 and
the Haar wavelet base is gradually smaller, which indicates that the degree of data
restoration is relatively high;

(2) Combined with the decomposition characteristics of multilevel wavelets shown in
Figure 8 when the wavelet base is the Db4 and Haar, it can be concluded that the
details are well preserved after compression based on the DB4 wavelet base, resulting
in a large, compressed data wave flow;

(3) After compression based on the Haar wavelet basis, fewer details are retained, result-
ing in less compressed data wave flow. The data restoration is near after multilevel
reconstruction based on the two wavelet bases.

5.2. Data Compression Performance Experiment and Analysis

Through the data compression of the measured gas data from a mine, combined with
the analysis of data compression performance in the previous paper, the compression
performance parameters shown in Tables 2 and 3, Figures 10 and 11 were obtained.

Table 2. Measured gas data compression ratio performance (%).

Algorithm
Decomposition Level

Level 1 Level 2 Level 3 Level 4 Level 5 Level 6

Before
coding

DB4 66.67 45.10 34.31 29.41 27.45 25.49
Haar 66.67 44.12 34.31 29.41 26.47 25.49

After
coding

DB4 61.11 41.12 31.76 28.04 26.17 24.30
Haar 61.11 40.19 30.84 27.10 25.23 24.30

Table 3. The measured gas data reconstruction effect (ERR).

Algorithm
Decomposition Level Level 1 Level 2 Level 3 Level 4 Level 5 Level 6

DB4 9.2175 × 10−13 1.7861 × 10−12 2.445 × 10−12 3.0186 × 10−12 3.3796 × 10−12 3.9825 × 10−12

Haar 1.1036 × 10−15 2.1247 × 10−15 3.1836 × 10−15 3.9905 × 10−15 4.8174 × 10−15 5.8849 × 10−15
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5.2.1. Compression Ratio

According to the improved Huffman coding compression algorithm of self-derived
wavelet, it can be seen that in the process of different compression levels, the compression
ratio decreases with the increase in compression level. Combined with Table 2 and Figure 10,
it can be seen that the compression ratio of data to be locked before coding is larger than
that after coding. At the same time, Huffman coding can reduce the data complexity and
the amount of data. The compression algorithm proposed by us realizes that under the
condition of limited and changing wireless communication transmission characteristics, the
compression process changes with the change of channel characteristics, realizes the stable
transmission of real-time data, reduces the channel blocking caused by a large amount of
data in limited channels, and prevents the loss of data. At the same time, it can be seen
from Table 2 that in the process of data compression, the compression ratio is improved
after coding, which reduces the data complexity and increases the compression ratio.
The compression algorithm has a better application effect in the complex underground
communication environment of the coal mine.



Energies 2022, 15, 7505 13 of 16

5.2.2. Reconstruction Effect

As shown in Table 3 and Figure 11, it can be concluded that when the change of
wireless communication channel characteristics affects the wavelet decomposition series of
data compression, there will be errors in data reconstruction in the channel. However, ac-
cording to the results of error calculation, the error of data reconstruction after compression
calculation is relatively small. In the process that the amount of real-time data increases
gradually with the acquisition, the multi-scale wavelet decomposition algorithm under
the self-derivation characteristics continues to adapt to the transmission characteristics of
the wireless communication channel, and the error changes with the data transmission.
Therefore, the data reconstruction needs a high degree of reduction. The algorithm meets
the requirements of underground information acquisition and data safe communication.
The effect of multilevel signal reconstruction based on the DB4 and the Haar wavelet basis
is similar. Compared with the original signal, the distortion of the reconstructed signal is
very small. However, compared with the two, the data reconstruction effect error based on
the Haar wavelet basis is smaller than that based on the DB4 wavelet basis. Therefore, the
reconstruction effect based on the Haar wavelet basis is better.

The data compression ratio and reconstruction effect results show that in the compres-
sion process of the two general wavelet bases, the data compression characteristics based
on the Haar wavelet base are better than those based on the DB4 wavelet base. Therefore,
in the one-dimensional data self-derived compression algorithm proposed in this paper,
the Haar wavelet base will be used as the wavelet base in the process of the multi-scale
wavelet decomposition.

5.3. Performance Experiment and Analysis of the Self-Derived Compression and
Reconstruction Algorithm

Based on the data collected in the underground field environment of the coal mine,
the influence experiment of the change of channel characteristics on the self-derived char-
acteristics of the data compression algorithm during the collection time was designed.
Assuming that the channel changes many times in the environment, the collected data
compression effect is shown in Figure 12, the change in the amount of information in the
Hoffman code after each level of decomposition is shown in Table 4.
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Table 4. Changes in the Amount of Huffman Coding Information after all-level decomposition (Kb).

Amount of
Information (Kb)

No
Compression

The First
Compression

The Second
Compression

The Third
Compression

Compression level No compression Level 3 Level 5 Level 2

Before coding 88 66

After coding 60

It can be seen from the experimental results that under the complex channel character-
istics, the response of data compression is obvious, and the compression level responds
three times. Under good channel characteristics, the signal data can be transmitted com-
pletely. The data can be compressed at the corresponding level if the channel changes. In
the compression of each part, the channel characteristics are reasonably used. In complex
channels, the compression ratio of the original signal reaches 74%. The data are further
compressed to a 68% compression ratio through the coding algorithm, reducing the data
complexity. As shown in Figure 12, the data after signal reconstruction are slightly different
from the original data. At this time, the reconstruction effect error is 2.9580 × 10−15, which
is between 2~3 levels of fixed wavelet series compression. Therefore, the self-derived
wavelet decomposition algorithm is more suitable for the underground wireless trans-
mission characteristics of the coal mine, resulting in significant data loss and distortion,
negatively impacting real-time monitoring in underground coal mine production sites. This
has a negative impact on the real-time monitoring of underground production and poses a
significant risk to coal mine safety.

6. Conclusions

In this chapter, we study the performance and evaluation methods of environmental
data transmission in underground coal mines and present an improved Huffman data
coding algorithm with self-derived multi-scale wavelet decomposition for environmental
information under complex communication channel conditions. The theoretical analysis
and experimental results of gas data compression in a mine show that the improved Huff-
man data coding algorithm model with self-derived multiscale wavelet decomposition has
adaptive data compression and transmission capabilities, which can be used as a theoretical
basis for studying the data transmission characteristics of wireless communication systems
in complex environments.

(1) The selection of wavelet hierarchical decomposition is theoretically supported by self-
derivative conditions in complex channel characteristic environments. It improves
wavelet data compression adaptability in complex underground environments.

(2) The more self-derived decomposition levels there are, the more detailed the signal
decomposition based on Db4 wavelet basis is than the Haar wavelet details of the
same level of decomposition, and the more compressed data there is. In contrast, as the
number of signal compression decomposition levels increases, the Haar wavelet-based
signal detail features are compressed more, and the data compression increases.

(3) In complex channels, the original signal compression achieves a compression ratio
of 74%. The data are further compressed using the coding algorithm to achieve a
compression ratio of 68%. Aside from having a lower error than a fixed compression
algorithm, the self-derived wavelet decomposition algorithm is better suited to the
wireless transmission characteristics of a complex channel environment.

According to the requirements of coal mine safety production, the daily data volume
of general coal mine roadway gas data can reach more than tens of thousands, and the data
volume is even more significant if it is a high gas mine. Because the coal mine roadway
contains 1D data such as carbon monoxide and oxygen in addition to gas, the overall data
volume will be even more significant. Ensured real-time fidelity transmission of coal mine
roadway environmental data is critical for safe coal mine production. A portion of the
daily gas inspection data is used in this paper to study the compression and reconstruction
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algorithm over a local wireless communication channel. The algorithm proposed in this
paper achieves the fidelity transmission of one-dimensional data in the underground
coal mine tunnel in the changing wireless communication network channel, providing a
guarantee for real-time monitoring of the coal mine tunnel environment and underground
safety production.
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