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Abstract

This paper introduces a novel prediction method for spatio-temporal non-stationary
channels between unmanned aerial vehicles (UAVs) and ground control vehicles, essential
for the fast and accurate acquisition of channel state information (CSI) to support UAV
applications in ultra-reliable and low-latency communication (URLLC). Specifically, an
empirical mode decomposition (EMD)-empowered spatio-temporal attention neural
network is proposed, referred to as EMD-STANN. The STANN sub-module within EMD-
STANN is designed to capture the spatial correlation and temporal dependence of CSI.
Furthermore, the EMD component is employed to handle the non-stationary and
nonlinear dynamic characteristics of the UAV-to-ground control vehicle (U2V) channel,
thereby enhancing the feature extraction and refinement capabilities of the STANN and
improving the accuracy of CSI prediction. Additionally, we conducted a validation of the
proposed EMD-STANN model across multiple datasets. The results indicated that EMD-
STANN is capable of effectively adapting to diverse channel conditions and accurately
predicting channel states. Compared to existing methods, EMD-STANN exhibited superior
predictive performance, as indicated by its reduced root mean square error (RMSE) and
mean absolute error (MAE) metrics. Specifically, EMD-STANN achieved a reduction of
24.66% in RMSE and 25.46% in MAE compared to the reference method under our
simulation conditions. This improvement in prediction accuracy provides a solid
foundation for the implementation of URLLC applications.
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1Introduction

1.1 Motivation

Ultra-reliable and low-latency communications (URLLC) will be the backbone of the
upcoming sixth-generation (6G) systems and will facilitate mission-critical scenarios (1,
2]. Such as unmanned aerial vehicles (UAVs) control information delivery, vehicle-to-
vehicle (V2V) communications, industrial automation, etc [3,4,5]. However, the stringent
reliability and latency requirements for URLLC systems present significant hurdles for
both industry and academia [3]. In recent years, UAV technology has garnered significant
attention due to its extensive applications across military, public safety, and civilian
sectors, becoming a key area for URLLC applications. Future UAV networks must ensure
full coverage, strong reliability, low latency, and high security to meet the needs of various
applications [6].

Nevertheless, implementing URLLC for UAVs in high-mobility application scenarios is
extremely challenging. This is because acquiring channel state information (CSI)
accurately and quickly is particularly problematic in UAV wireless communications,
especially in high mobility application scenarios with rapidly varying channels. High
mobility and multipath effects are evident in UAV wireless communication systems,
making the channel highly non-stationary (7], which causes temporal variation in the
channel distribution. As shown in [8], the actual channels for the second half of the slots in
the same frame are likely to undergo significant changes. Therefore, the timely and
accurate acquisition of CSI is crucial for achieving URLLC in high-mobility scenarios.

To guarantee the quality of CSI obtained in high-mobility application scenarios, the main
technical means include: adding more reference signals [9], and adopting more advanced
channel estimation or interpolation methods(8]. However, while increasing the number of
reference signals can enhance the quality of CSI, it also consumes more spectral resources,
which reduces spectral efficiency. Furthermore, even with advanced channel interpolation
schemes, the number of reference signals still needs to increase rapidly with movement
speed, which may lead to a decrease in effective data rate and additional energy
consumption. Meanwhile, they typically require high computational complexity, making
them unsuitable for wireless communication systems that adopt new technologies such as
massive multiple-input-multiple-output (MIMO), orthogonal frequency-division
multiplexing (OFDM), and millimeter wave (mmWave) [10]. To overcome the above
problems, channel prediction is considered a promising method for future wireless



channel states by studying channel characteristics in both time and space domains,
providing a possible solution to improve CSI quality in high mobility scenarios.

1.2 Related work

In the field of wireless communication, channel prediction technology is crucial for
improving communication quality, reducing energy consumption, and enhancing network
performance. Based on the fact that there is a certain temporal correlation between
channel samples [16] and spatial consistency, i.e., closely located links experience similar
channel statistical properties (17, 18]. Currently, there is an extensive body of literature on
channel prediction research. Existing methods for wireless channel prediction can be
generally divided into two categories: statistical model-based methods and artificial
intelligence (AI) based data-driven methods [11, 12].

Although statistical model-based methods have theoretical advantages, their limitations
are gradually becoming apparent in practical applications. Those methods rely on
theoretical channel models and strict assumptions, such as quasi-static and wide-sense
stationary (WSS) [15]. However, due to multipath and Doppler effects, the actual channel
evolution is often very complex. This complexity makes it difficult for channel prediction
methods based on statistical models to adapt to rapidly changing channels in high-
mobility application scenarios, resulting in a mismatch between the model and the actual
channel (8, 19].

In recent years, with the continuous development of artificial intelligence technology and
its integration with wireless communication technology (20, 21], Al-based data-driven
channel prediction methods have attracted considerable attention recently with their more
flexible non-linear expression ability and more accurate prediction capabilities (13, 14). For
example, utilizing the robust predictive capabilities of Recurrent Neural Network (RNN), a
variety of forecasting algorithms based on RNN [22] or its improved architectures such as
Long Short-Term Memory (LSTM) [23,24,25,26] and Gated Recurrent Units (GRU) [27,
28] have been proposed, which leverage the possible temporal correlation between current
or future channels and past channel states for prediction. Nevertheless, in dynamic
communication networks, channel state is closely related to both time and the spatial
environment. Although aforementioned time-series prediction methods perform well in
stationary scattering environments, they may not fully account for the spatial correlation
of channels, which may lead to significant deviations in prediction models due to the
inability to extract spatial features.



Given the circumstances mentioned aforementioned, to obtain more channel features and
improve prediction accuracy, convolutional neural networks (CNN) have been introduced
into channel prediction. By relying on the feature extraction and high-dimensional
information processing capabilities of CNN, further extraction of the short-term temporal
relationships within the channel is achieved [14, 29], and direct processing of higher-
dimensional channel data is conducted to obtain additional features [30]. Furthermore,
recent studies have integrated channel spatial correlation into channel prediction models.
For instance, the authors in [13] and [15, 31] have proposed a Conv-CLSTM model,
leveraging the combination of CNNs and convolutional long short-term memory networks
to capture both the spatial correlation and temporal dependence of CSI. Reference [16]
introduces a method utilizing a spatio-temporal autoregressive model to extract the
correlations between elements of the Angle Delay Channel Response Matrix (ADCRM) for
channel prediction purposes.

Although the above methods can effectively predict channel states, they are mainly aimed
at ground communication networks. For UAV communication channels, they may not
necessarily be applicable due to the high mobility and three-dimensional deployment
capabilities of UAVs. At present, research on UAV communication channels mainly focuses
on channel modeling and resource optimization allocation, but there are still some positive
explorations and efforts in UAV channel prediction. Such as the authors in [21] and [22]
proposed UAV-to-ground control vehicle (U2V) channel prediction methods based on
LSTM and RNN, respectively, to reduce the cost of channel estimation in UAV application
scenarios. In [32], a learning method based on the Gaussian Process (GP) is proposed to
model and predict channel fading in specific environments. In [33], the authors classify
the multipath component (MPC) parameters along UAV trajectories using Euclidean
distance and implement prediction based on an autoregressive model. In [34], a combined
autoregressive integrated moving average model (ARIMA) and GP channel prediction
method was proposed to achieve accurate and fast-tracking of channel changes. Due to the
non-stationary and nonlinear characteristics of U2V channels [35], the aforementioned
prediction methods still have some drawbacks. 1) Only the temporal samples of channel
features are considered in the prediction, however, when the speed of the mobile terminal
changes, the position of the mobile terminal also changes, which leads to the changes of
channel features. Thus, the prediction of ignoring the position or speed information of the
terminal is not reliable. 2) The differential method [13, 34] currently used may not
effectively remove nonlinear trends, and there is also a risk of losing useful information,
especially high-order information.



In summary, while AI-based prediction methods are effective for obtaining channel states,
further research is needed to adapt to the non-stationary and nonlinear characteristics of
U2V channels. Additionally, fully leveraging the spatio-temporal correlation of channels
for more accurate predictions is essential, particularly in UAV communication systems
designed for URLLC applications.

1.3 Contribution and organization

Accurate prediction of channel states is crucial for both the successful deployment and
operation of URLLC in UAV communication systems. This paper aims to address the
challenge of quickly and accurately obtaining the states of non-stationary U2V channels in
urban scenarios, which is essential for supporting URLLC applications. Given the complex
and dynamic characteristics of the U2V channel, there is a need for an effective prediction
method. We introduce a novel prediction method that leverages a spatio-temporal
attention neural network to forecast the trends of spatio-temporal non-stationary U2V
channels. The proposed model integrates an empirical mode decomposition (EMD)
module, aiming to handle the non-stationary and nonlinear dynamic characteristics of the
U2V channel. This method reduces the complexity of the original data while preserving its
essential features, achieving adaptive decomposition of U2V channel state characteristics
and information expansion. Concurrently, we constructed a spatio-temporal neural
network with an enhanced attention mechanism to better capture the diverse temporal
scale features and inherent spatio-temporal dependencies of U2V channels, thereby
achieving accurate prediction. Our contributions can be summarized as follows:

1) We analyzed the spatio-temporal characteristics of the U2V channel and designed an
adaptive channel feature decomposition module utilizing EMD to address its non-
stationary and nonlinear characteristics of the U2V channel.

2) We propose a spatio-temporal neural network learning framework that
incorporates a CNN-LSTM enhanced attention mechanism to capture the spatio-
temporal correlation of non-stationary U2V channels for channel prediction.

3) Anon-stationary channel dataset for dynamic scenarios was generated using the
ray tracing method, and the applicability of the proposed method in UAV applications
was analyzed and compared with LSTM-based, CNN-based, and CNN-LSTM-based
models based on this dataset.

The rest of this paper is structured as follows: Section 2 provides a detailed depiction of the
communication framework utilized by UAVs in the context of URLLC applications,
simultaneously analyzing the characteristics of U2V channels and formulating the channel



prediction problem. Section 3 offers a detailed description of the proposed EMD-STANN
non-stationary channel prediction model, including preprocessing and learning
frameworks. Subsequently, Section 4 presents the simulation results and their
corresponding analysis. Finally, Section 5 provides a summary of this paper and discusses
prospects for future work.

2 System model and problem formulation

2.1 Application scenarios

In this subsection, the channel model for U2V communication is presented, followed by the
problem formulation for non-stationary channel prediction.

1 Flight Direction w 1 UAV
e : LS Path — : Tmjectory of LAV

= =% 1 NLoS Puth

Fig. 1

UAV-enabled communication for search applications

In this paper, we consider an urban application environment where UAVs are utilized for
performing latency-sensitive and reliable transmission tasks. As illustrated in Fig. 1,
fixed-position ground control vehicles direct N UAVs to follow their respective 3D
trajectories for performing search tasks. We assume that the UAV is equipped with an
omnidirectional single antenna, while the control vehicle is equipped with an M-element
uniform rectangular array (URA) antenna. Frequency division multiplexing (FDM)
technology is used to exchange data and information between UAVs and the control
vehicle, preventing mutual interference among different UAVs. Due to the presence of a
large number of scatterers in urban environments, such as buildings and trees, the
wireless propagation between UAVs and control vehicles contains a significant amount of
MPCs. Moreover, the MPCs worsen the situation, as they change with the relative position



MPCs. Moreover, the MPCs worsen the situation, as they change with the relative position
between the UAV and the control vehicle given the UAV’s constantly shifting position in
this application.

2.2U2V channel model and characterization

As shown in Fig. 1, UAVs fly in 3D space, exhibiting varying heights and velocities. This
results in time-varying multipath propagation that depends on both height and velocity
[36]. The rapid movement of UAVs subjects the U2V channel to the effects of both large-
scale (such as path loss and shadowing) and small-scale fading. According to research [17,
36, 37], considering large-scale factors and small-scale fading, the U2V channel matrix is

given by the formula (1).
H(t,7) = +/PL x SH x H, (t,7) (M

Where PL denotes path loss, its value is determined by the carrier frequency f. and the
distance d (t) between the transmitter and the receiver. SH denotes the shadowing, which
may be caused by buildings, trees, undulating ground, or other objects completely or
partially blocking the LoS path in the U2V propagation environment. Both of these factors
are closely related to the current position of the UAVs. The small-scale fading is
represented as a complex matrix Hy (t,7) = [hyq (t,7)],,. v P, q € R, where

hyq (t, T) is the CIR between the p-th Tx antenna element of the control vehicle and the q-
th UAV at any time t, and expressed as the summation of the line-of-sight (LOS) and Non-
line-of-sight (NLOS) components [38, 39], and can be written as the formula (2).

K (t) .
by (2, 7) = Wh;{‘qs (8, 7) 6 (T — TLos (t)) +
N(t) M,(t) (2)
NLoS
t) 1 HZ; ,7;1 hpgnm, (£, 7)0 (7 — 7 () — T, (1))

Where the term K (t) is the Rician factor, which is a measure of the strength of the direct
signal in a communication system. h59 (¢, 7) and h)Y 55, (t, ) represent the LoS and
NLoS components, respectively. They are functions of the departure azimuth angle
(AAoD), departure elevation angle (EAoD), arrival azimuth angle (AAoA), and arrival
elevation angle (EAoA) for each propagation path. The detailed relationships can be found
in [19] and will not be reiterated here. § (-) is the Dirichlet function, and 7,s () is the LoS
delay between Tx and Rx. The variables N (¢) and M,, () denote the total number of
clusters and the number of rays within the n-th cluster, respectively. The symbol 7;, ()
represents the delay associated with the n-th cluster and 7,,,, (¢) refers to the relative



delay of the m-th ray within that cluster. These parameters are all time variables as they
change with the position of the UAV,.

Due to the mobility of UAVs, the wireless propagation environment will present time-
varying and non-stationary properties in space and time domains [19, 36]. The spatio-
temporal geometric positional relationship between the UAVs and the control vehicle is
shown in Fig. 2. Considering a specific UAV, and a particular cluster n to demonstrate the
variations in the U2V channel. The position of the q-th UAV is a function of time, at any
time t can be expressed as P, (t) = [z, (t),y, (t), 2, (t)] ,qg € R, wherez, (¢) and
Yy, (t) represent the latitude and longitude coordinates, and z, (t) represents flight
altitude, which can be obtained through onboard global positioning system (GPS) and
other sensors.

UAV,

y G- AV, [e(r+1) p(#+1) 2(#+1)]

[x(2)(0),2(1)]

Cluster,,.,

Cluster,
Fig 2

Iustration of the U2V channel with spatio-temporal variation process

To simplify, let’s consider the m-th propagation path in cluster n as an example. At the
time t, the AAoD and EAoD of the m-th ray emitted by the UAV,, in cluster nare ® 4 , , (t)

and 0 ,, ., (t) , respectively. Using d,, ,,, to represent the propagation length of the m-th
propagation path in cluster n, can be obtained by the formula (3).

dnm = |[d (t)||y + ¢ X [0 (£) + T, ()] (3)



Where c represents the speed of light, and ||d (%), is the LOS propagation length. The
arrival vector p,, ,, (t) and propagation length ||p,, ,,, ()|, from UAV, to cluster n can be
calculated through the formula (4).

. d%.m o ”d (t)llg
”pn.m (t)“g - T
2 (dﬂ-sm + d (t) pn,m (t))
cos P 4 m (t) cosOp m (t) (4)
Pom (t) = | sin @4 (1) cOSOp nm (1)
sinfg ,m (t)

?

Combining it with the position of UAV, at the time t, the corresponding position of cluster
n can be determined. Then, at the time t+1, the AAOD ® 4 , ,,, (£ + 1), EAoD

Oz (t + 1), and arrival vector Prm (t + 1) of the m-th ray can be updated according
to the formulas (5),(6),and(7).

Pum (t+1)=—v(t+1)+ P, (1)
Ccos QA,TI,?H (t) COs GE,n,m (t) M (t + 1) — (t)

5
= | sin ‘I)A,n,m (t) Cos gE.n,m (t) i (t + 1) -y (t) ( )
sin0g ,,.m (1) z(t+1)—z(t)
- z(t+1)
@A’n,m (t + 1) = arctan m (6)
1
Opnm (t+1) = arc (1) (7)

”pn,m (t + 1)”2

Similarly, we can establish a comparable relationship between the control vehicle and
cluster n. The analysis above indicates that signal propagation in the U2V channel exhibits
spatio-temporal dependencies. Furthermore, literature research suggests that scatterers
tend to cluster around their centers within 3D channels, allowing for spatial consistency to
be achieved based on clustering positions [17]. These features enable us to use previous

time snapshots to predict future channel states.

10



. (T R e
Predict Output _ | 1.8TM Flatten Dense |
H 13" "% HH—J’. . .
' |_ ____Satio-temporal Prediction Spatio-temporal
—————————— }——————————-\ Neural Network

Residual Connection  Attention weight |

- I __________ 3
| Pooling ReLU Convolution :
| Spatial Correlation Extraction |
M e o o e o e e s e s e e e e e e e e -
e A _ I
|
|  Fusion Normalization Reshape I
|
l________loputlayer | I
PL'M"'['[]!“"pv.rm-(I_K+]} %
H()=[H,....H_.] T Tﬁﬁﬂﬁ ’_ ) IT\:I_F_HG, Rad) )

| | ‘ | | | _H[ Multi-scale feature desomposition (EMD) _J

Fig. 3

The proposed predicted framework

2.3 U2V channel prediction problem formulation

To predict time-varying and non-stationary U2V channels and ensure URLLC applications
in urban environments, this paper proposes a channel prediction method that utilizes
historical channel data. Channel prediction is typically regarded as a time series analysis
problem, where the characteristics of a channel are related to its historical state and can be
described using the (8).

I:Ifi-ls"'sI:IHL:C(Hh"'sH! K-H) (8)

Where H,.;,i € {1,.., L} denotes the (t+i)-th CSI prediction value,

H,_;,j € {0,.., K — 1} refers to the historical data, with alength of K, and ¢ (-)
represents the mapping relationship between them. According to Subsection 2.2, not only
is there a temporal correlation between the future state of the U2V channel and historical
data, but also a complex spatial dependency relationship, which is directly related to the
relative positions of the UAVs and the ground control vehicle. It becomes imperative to
simultaneously account for both spatial and temporal correlations. We use the (9) to
represent the relationship between ground control vehicles and the UAV,,.

11
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Where z,,, ¥y, 2, are the 3-D coordinates of the ground control vehicle, by adding these
coordinates to the prediction model, the problem of time series prediction transforms into
a spatio-temporal prediction problem. Consequently, the formula (8) can be rewritten as
the formula (10).

I:It—la | I:It+L — @ {Hf 3"y Ht—K—!—l ) Ptr,umr (t) s " Ptr,tmn (t - K + 1)} (10)

Where © () represents the spatio-temporal prediction model. To achieve the target of
channel prediction, the key is to determine the function © (-). However, in high-mobility
application scenarios, the non-stationary and nonlinear characteristics of U2V channels
must be carefully considered.

3 Non-stationary U2V channel prediction method

In order to achieve the prediction of non-stationarity U2V channels, in this section, we
propose an EMD empowered spatio-temporal neural network model. We begin by
outlining the overall network structure of the proposed framework, followed by a detailed
introduction to the spatio-temporal correlation extraction, the attention mechanism
module, and the feature fusion prediction mechanism.

3.1 Channel spatio-temporal prediction framework

As described in Subsection 2.3, we construct the non-stationary U2V channel prediction
problem as a spatio-temporal sequence prediction model. The prediction framework
proposed in this article is illustrated in Fig. 3, consisting of two parts: feature
decomposition and spatio-temporal neural network. The Feature decomposition is used to
handle the non-stationary and nonlinear characteristics of U2V channel CSI sequences and
to extract local features at multi-scales. The prediction network is composed of an input
layer, a spatial feature extraction module, an attention module, a temporal dependency
extraction module, and an output layer. It learns intrinsic spatio-temporal dependencies
from the current input’s multidimensional feature sequence and constructs a mapping
model between historical and future states.

12



More specifically, the workflow of the proposed framework is as follows:

(i) Firstly, let H () represent the historical sequence Hy, - - -, H;_ ;. It is then
decomposed into multi-dimensional features consisting of multiple Intrinsic Mode
Functions (IMFs) with different frequencies and a residual using EMD, expressed as

IMFH (¢),... . IMFH (¢), Res® (¢).

m

(ii) Then, the obtained feature sequence IMF{{ (t),---, IMFH (t), Res™ (t)is

m

combined with the original input Hy, - - - , H;_ 11 and positional information
Pouav (1), Pyuaw (t — K + 1) to form new input features for the spatio-
temporal neural network.

(iii) Subsequently, a spatial feature extraction module, which consists of 2 CNNs, 2
activation layers (ReLU), and a pooling layer, extracts the U2V channel state space
relationship from the new feature data generated in step (ii). Meanwhile, the
convolutional layer encodes the data, thereby mitigating the impact of temporal
variations on the data structure.

(iv) Next, a dot product attention module is used to suppress irrelevant or noisy
information and capture the spatial long-term dependencies.

(v) Following this, an LSTM layer to identify and extract inherent temporal long-term

dependencies in the U2V channel state feature.

(vi) Finally, the predicted output I:IH 1yt 'ty I:It+ 1, is provided by a dense layer.

3.2 EMD module

EMD is an adaptive time-frequency analysis technique that excels at handling data
characterized by nonlinearity and non-stationarity [40]. Unlike Fourier transforms
constrained by specific basis functions, EMD does not require pre-defined basis functions
and operates solely on the data’s intrinsic time-scale features to perform signal
decomposition. Moreover, EMD does not deviate from the time domain, ensuring that the
length of the decomposed signal components remains consistent with the original signal.
The EMD process involves decomposing the signal from higher to lower frequencies,
yielding a finite set of IMFs and a residual component within the time-scale spectrum as
the (11). Each IMF must satisfy the following criteria:

13



a) The difference between the number of extreme points and the number of zero

CI‘OSSiI'lgS must be zero or one.

b) At any given time, the average of the envelopes defined by the local maximum and

the local minimum must be zero.

ZIMFH ) + Res™ (t) 1)

In this paper, EMD is used to preprocess the original channel state data. For a given U2V
channel spatio-temporal series H (t), the specific decomposition process of EMD can be
described as Algorithm 1.

1: Input: The original series H (7) and initialize AH (¢) = H (1).
2: while Stopping criterion is not met do ~
_ Step 1: Determine the local maximum Hpax (f) and minimum
Hpin (¢) points of the original series H (7). ~
Step 2: Obtain the lower H_ (¢) and upper envelopes Hy (¢) of
the original series H (7).
Step 3: Calculate the mean envelope H() =

[0 +8. 0] /2

Step 4. Calculate the difference AH () = H@) +H (@), and
residual component R; (f) = H () — AH ().

3. if AH (¢) meets a) and b) then

4. Let H (1) =R; (¢), IMF; = AH (¢) and go back to Step 1.
5:  else if R; (¢) is monotonic or constant then

6: break;

7. else _

8: Let H(z) = AH (¢), and go back to Step 1.

9: endif

10: end while
11: Output: m IMFs and a Res.

Algorithm 1

Empirical Mode Decomposition (EMD) Algorithm.

It can be seen from the decomposition process that EMD has the characteristics of direct,
adaptive, and without prior knowledge decomposition when processing signals, and
ensures that useful information in the original data is not lost. Through EMD operation, we
can obtain the multi-scales feature sequence IMF{;1 (t),- IMF,},{ (t), ResH (t).
Then, it combines the original data and location information to form new input features,
which are subsequently passed to the spatio-temporal prediction network.

14



3.3 Spatial correlation extraction

Spatial correlation is influenced by the distance between antennas and the characteristics
of the propagation medium, as described in [13]. This paper develops a CNN-based spatial
feature extractor that simplifies the network architecture, reduces the number of
parameters, and uses pooling layers to reduce the dimensionality of the feature maps,
effectively capturing spatial features while preserving temporal characteristics to improve
prediction performance.

~_~ K
Let {Hg } : e R™ ¥ denotes the input features series, which is obtained by fusing the
i=

original data, EMD decomposition results, and positional information through the input
layer. It is a CSI matrix that includes K time steps, and let n represent the feature
dimension. Assuming that there are r convolution kernels, each kernel with a size of nxs
and a sliding step size of 1, and the weight matrix is represented by

W,, € R*" r. € {1,2,---,7}.For each of the s time steps in the sequence vector,
feature extraction is performed, yielding a feature vector that can be calculated using the
formula (12).

~1 —~
Hi=f(W;‘:_®H,':,;+3_1+bg),ie{1,2,...,K—s+1} (12)

Where f (-) is a nonlinear activation function and a bias term is represented by by € R.
Upon the extraction of sequence data from a sample by a convolution kernel, a feature map

—~1
H, with the shape of (K — s + 1) x 1 will be obtained according to the formula (13).

H, - [f}’l,ﬁ'g,...,f}’,{. M]T (13)

The input sequence data is convolved with r convolution kernels to obtain r feature maps.
Subsequently, a pooling operation is carried out according to the formula (14), employing a
pooling size of 2 and a sliding step size of 2, to obtain a three-dimensional feature tensor.
This tensor is then expanded to produce a feature map with dimension

rx [(K—s+1)/2].

~ N

H , = MazPool (H'\,H'is1) {i=1,3,5,..., K — s} (14)

15



3.4 Spatial attention module

Although CNNs can extract spatial correlations, capturing long-term ones requires
additional convolution operations, significantly increasing computational complexity. To
address these structural limitations, this paper introduces an attention mechanism that
uses concurrent weighting to maintain global context within a single layer, thereby
improving efficiency (41). The attention module captures long-term spatial dependencies
by analyzing interactions across the feature map and identifying key features. Moreover, it
can adaptively adjust weights based on historical data to enhance the accuracy of future
channel predictions. Specifically, for early historical data that are most relevant to future
status, the attention mechanism automatically assigns greater weight to these early parts,
allowing the model to focus its learning on them.

E [ ®

Transpose

Attention
Matrix

Quet:y Q R t K.e}{ K h‘\ 4 Valu.e VST:\
\Matnx* Sc § L\Matm; S y k\Matm; y
W, W, W,,

s L

Fig. 4

The illustration of the attention mechanism

16



The architecture of the attention module is shown in Fig. 4. To implement the attention
mechanism, a normalized attention matrix is introduced to distribute attention unevenly
across inputs. The output of the module is calculated as a weighted combination of features
from each sequence, with the weights indicating the attention levels assigned to those
sequences. More prominent input elements are assigned greater weights, and the ultimate
output is computed by allocating attention to the inputs based on the weights within the
attention matrix. Specifically, the spatial features obtained by the spatial feature extractor
are mapped into different feature spaces by applying three different linear transformations
as formula (15).

~n T

Ksn = W H € R%™
~n T

Qs = Wy, H , e R% (15)
~n T

The matrices Wg, € R&>K' W sy € R™ K' and Wg. € Ro#*K represent the
respective linear transformations that are adjustable through training. Additionally, the
symbols, d}. are used to signify the feature dimension of the key vector and

K' = (K — s+ 1) /2 denote the length of the input spatial feature channels. The
attention module uses the scaled dot product attention, and the normalized attention
weight between the i-th point and the j-th point can be calculated by the following
formula (16).

— T ~
exp((quH ",-) (WSkH "j))

S e (Wsi )" (Wae ")) )

i,j€{1,2,...,K'} (16)

ei !j =

Then, the attention matrix between the input is calculated by the matrix multiplication
between the query matrix Qgh and the key matrix K g, . As the dimensionality of the key
vector’s feature space grows, there is an increase in the variance of its inner product with
the query matrix. Consequently, the resultant product requires a corresponding
adjustment by the scaling factor \/d. The attention matrix can be calculated by formula
(17).

Q% Ky,
Vd

Es = Soft max( ) € KK (17)
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Every column within the attention matrix E g represents a probability vector, where each
element is non-negative and the sum of all elements equals one. When there is a closer
match between the key vector K g;, and the query vector Q g, , the associated attention
weight is more significant. Therefore, by summing the features across all positions, the

aggregated feature H" j, corresponding to the i-th location, can be calculated by the
formula (18), each weighted by their respective attention scores.

—~ K.‘ ~
Hy =Y e; (WsH";) e R (18)
J=1

An increased attention weight e; ; results in a more significant contribution from the

associated value vector W, H " ; to the final output. Therefore, the feature output of the
attention module can be expressed by (19).

~ 1 I K "
H ;, = Vg, Soft max (%) e RK (19)

3.5 Spatio-temporal prediction

Having obtained the spatial correlation characteristics of U2V channels, we further extract
their temporal dependencies to achieve more accurate predictions. Unlike feedforward
neural networks such as CNNs, the LSTM network is a type of RNN that incorporates
feedback connections to utilize information from previous inputs. The output of an LSTM
is determined by both the current input and the hidden states from prior inputs, enabling
it to capture temporal correlations within a dataset. To address the challenges of gradient
explosion and vanishing during training, LSTMs incorporate forgetting gates, input gates,
and output gates within each unit. These gates help maintain long-term memory by
selectively retaining or discarding information. Consequently, in this paper, we employ an
LSTM layer to capture long-term dependencies from the output of the attention module.
The mathematical expression of this calculation process can be succinctly described as

follows:

iy =0 (WX, + Wy, H ;) +b;) (20)
f :J(foxt +thHf¢_1 +bf) (21)
Oy — 0O (WO;UXt + wahH’t—l + ba) (22)
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ét — t'a‘nh(“rcxxt + WchH’t—l + b(‘) {23)

¢t =fi®ci1 +1; ®E (24)

H’g =0 @ tanh(ct) (25)
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Simulation scenarios and sample data

Where o represents the sigmoid function, which processes the input data X; at time t,
~ M
where X is the output of the attention module, i.e. H ; ;. The cell state at the previous

time step is denoted by ¢;_1, and the hidden state by H’,_,. The candidate value for
updating the cell state is €;, and the operator @ denotes the Hadamard product. The
forgetting gate f; selects the information to be retained from c¢;_; , while the input gate i,
modulates the new input to update the cell state. The output gate 0; determines the
portion of ¢; that contributes to the current hidden state H',.

By integrating the acquired spatio-temporal features with the original data, we can obtain
richer information, which may enhance the accuracy of our predictions. The symbol Z; is
used to represent the aggregation of raw data and spatio-temporal features. In this paper,
this aggregation is achieved through simple merging, as described by formula (26).
Finally, a fully connected layer is used to derive the final predicted output, which
represents the future channel states as described by the formula (27).

Zg = [Hg,ﬁ t,s] (26)
H,,, = Dense(Z;) (27)
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Table1 Scenario Simulation Parameters

Parameter Category ~ Parameter name Value Parameter Category ~ Parameter name Value

UAV Velocity 50m/s Scene Geographic location SanFrancisco
Height 500m Number of facets 39741
Trajectory Custom Number of spheres 1

Atmosphere Pressure(Pa) 1013.25 Rang(m) 9784*9784
Temperature(°C) 222 Model Sampling number 1695
Humidity(%RH) 50 Sampling point spacing 2m
Attenuation (dB/km)  0.00645 Number of paths/point 25

Receiver Antenna model Omni-directional Calculated number of reflections 6
Polarization Vertical Ray spacing (degrees) 0.25
Antenna Gain 3.5dBi Phi (degrees) 07360

Transmilter Transmission power 23dBm Theta (degrees) 0™180
Frequency 2GHz Ray tracing algorithm SBR
Phase(degrees) 0 Propagation model Full 3D
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4 Simulation and numerical results

This section first describes data collection and explains the experimental parameters and
evaluation metrics. Based on the collected data samples, we evaluated the performance of
the proposed prediction model and compared it with existing methods: LSTM-based [23],
CNN-based [29], and CNN-LSTM-based (10, 15]. Additionally, to verify the robustness of
the algorithm, we conducted testing and validation on various datasets, including both
authoritative public datasets and datasets from papers.

Table2 Parameters used for EMD-STANN configuration and training

Parameters name Value
Optimization method Adam

Historical buffer length 519

Convolution kernel size 3%

Number of convolution kernels 8

MaxEpochs 500

LearnRate 0.001

Batch size 50

Loss function Mean Square Error

4.1 Data collection

Firstly, we generate the training and verification datasets using a 3D ray-tracing
simulation software Wireless InSite (Remcom) [42]. We constructed an outdoor search
application in urban shown in Fig. 5(a) and generated the non-stationary wireless channel
data, scenario simulation parameters are set as shown in Table 1. Without loss of
generality, we select the channel receiving transmission path loss as CSI and generate the
dataset with a length of 1695 for the particular scenarios. Figure 5(b) illustrates the
datasets of channel parameters, i.e. channel transmission loss, for the subchannel from the
ground control vehicle antenna to the UAV antenna. We calculated the partial
autocorrelation function (PACF) of the sampled data with different lags, and the results are
shown in Fig. 5(b). It is not difficult to see from the figure that the data has PACF with
obvious tails, further demonstrating the non-stationary characteristics of the U2V
channel.
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EMD-STANN prediction results, when K=5
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In our experiment, we introduced data into the model via data streams, dynamically

creating training and validation datasets at a fixed ratio of 8:2. To train the EMD-STANN,

the parameters defined in Table 2 are applied. Meanwhile, we conducted comparative

experiments with the prediction methods in references [21, 29, 43].
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EMD-STNN prediction results, when K=5

To assess the effectiveness of the proposed prediction method in this work, as reference
(15, 28, 29, 44], the root mean square error (RMSE) and mean absolute error (MAE) were
selected as metrics to quantify the prediction performance. The corresponding calculation
formulas are presented in the formula (28). Where N represents the sample length, H, . ; is
a perfect estimate of the U2V non-stationary data transmission channel, feedback from

the receiver, and I:Ig_z‘ is the predicted value. The lower the RMSE or MAE within the
predictive model’s metrics, the less the divergence among the forecasted values, indicating
a higher degree of predictive accuracy.

N -
RMSE = | 3 [Hyi — By
j=1 (28)
N

MAE = % > Hy i — He

4.3 Simulation results and analysis

In this subsection, we demonstrate the training and prediction performance of the
proposed EMD-STANN prediction model based on the U2V channel data collected in
Subsection 4.1. Meanwhile, the contribution of each component in the model was
demonstrated through ablation experiments, further validating the rationality of the
proposed model. In addition, to verify the model’s superiority and robustness, it was
compared with other methods and tested across various datasets.
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4.3.1Effect of the prediction

As described in Section 3, this paper employs EMD to address the nonlinear and non-
stationary characteristics of the data. The EMD process decomposes the data into a series
of IMFs with distinct frequency attributes, as illustrated in Fig. 6. This decomposition
facilitates a more detailed analysis and understanding of the signals’ internal structure.
Compared to the original signal, the decomposed data exhibits stationarity, and the
changing trends of certain local features are clearly highlighted.

The prediction results of the EMD-STANN model on the non-stationary U2V channel
dataset are presented in Fig. 7. Figure 7(a) demonstrates that EMD-STANN effectively
tracks the changes in U2V channels on the test set. Additionally, the proximity of the linear
fitting line (solid blue line) to the dashed line in Fig. 7(b) confirms the model’s ability to
closely follow the output targets. Furthermore, from the perspective of residual prediction,
the prediction error is relatively concentrated, with 95% of the errors falling between -5
and +5, as shown in Fig. 8. These results indicate that the EMD-STANN model exhibits
good prediction performance.

4.3.2 Ablation study

In the proposed framework, the EMD and attention modules are pivotal components. To
ascertain the indispensability of these two modules, we undertook model ablation studies.
These studies were conducted with consistent parameter configurations, loss functions,
and training schemes. Figure 9 presents the prediction results of the model on the U2V
channel dataset following the removal of EMD. As shown in Fig. 9(a), while the model can
track the general trend of the U2V channel, it loses much detailed information. The RMSE
increases from 2.78 to 5.1715, and the fitting effect deteriorates, as illustrated in Fig. 9(b).

The prediction results of the model on the U2V dataset, after the attention mechanism was
removed, are depicted in Fig. 10. From the prediction results in Fig. 10(a), it can be seen
that while the model’s predictive performance has decreased, more detailed features have
been retained. This further underscores the crucial role of EMD within the model.
Compared to the removal of EMD, the performance indicators decreased less, and the
RMSE increased from 2.78 to 3.2586. The fitting effect also decreases synchronously, as
shown in Fig. 10(b).

The performance metrics from the ablation experiments are detailed in Table 3. After
removing the EMD and attention modules from the EMD-STNN model, the RMSE index
increased by 46.24% and 14.67%, respectively. This indicates that the inclusion of EMD
and attention modules significantly enhances the model’s capacity for precise prediction of

non-stationary channels.
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Table3 Ablation study for the EMD and attention sub-module, when K=5

Model RMSE MAE Performance changes(RMSE)
EMD-STANN 2.7800 2.0948 -
STANN(without EMD module) 5.1715 4.0795 -46.24%
EMD-STNN(without attention module) 3.2580 2.5766 -14.67%
Table4 Comparison of prediction results for different historical lengths(RMSE)
K LSTM  CNN CNN-LSTM  LSTM-Attn =~ CNN-Attn =~ CNN-LSTM Attn = STANN ~ EMD-STANN  Reduction %
5 6.7674  6.7425  7.3880 6.6540 6.8608 64173 5.1715 2.7800 46.24%
6 67887 6.7472  7.5710 6.7817 6.8264 6.3094 5.0384 3.1364 37.75%
7 67690 6.7768  7.4726 68117 6.7710 6.3932 5.1380 3.1871 37.97%
8 68194 67307 7.5645 6.6300 6.8447 6.4040 5.2127 3.3314 36.09%
9 68917 6.7432  7.6325 6.6716 6.7947 6.3679 5.0958 3.4704 31.90%
10 7.0856 72103  7.45%4 7.1186 7.1402 7.0063 5.1477 3.4502 32.98%
I 7.0382 7.0236 7.5779 6.8933 7.1001 6.9894 5.5305 4.0411 26.93%
12 70370 7.2012 7.5739 7.1465 7.0199 7.0773 5.4013 45935 14.96%
13 72429 7.2506  7.4752 6.8863 7.2160 7.0330 5.5238 33154 39.98%
14 70796 7.2200 7.3935 7.0210 7.1957 7.0683 54174 3.71179 31.37%
15 7.2803 72336  7.5834 7.0576 7.0434 7.0821 5.4698 4.8759 10.86%
16 73077 72185  7.7600 6.9786 7.2232 7.0001 5.5882 4.2929 23.18%
17 74092 7.1945 7.7040 6.9419 7.0660 7.0517 5.6559 4.9888 11.79%
18 74759 72177 15351 7.0211 7.1268 7.1288 5.7630 5.1001 11.50%
19 74459 72584  7.6201 7.0519 7.1485 6.9474 5.6770 5.9610 -5.00%
20 7.1781  7.2602  7.5302 7.0786 7.2119 7.2122 57727 5.4201 6.11%
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4.3.3 Performance comparison

To demonstrate the effectiveness of EMD-STANN, we compared its prediction
performance with several state-of-the-art methods on U2V channels, including LSTM-
based [23], CNN-based [29], and CNN-LSTM-based (10, 15]. All comparative analyses
were conducted using a fixed historical data length K=5. To demonstrate the prediction
performance of different methods, the results of each method are presented in separate
subgraphs in Figs. 11(a) to 11(1). The comparative analysis shows that while these existing
methods can capture the general trends in the U2V channel, they have limitations in
effectively addressing their non-stationary characteristics. This is evident from their
coefficient of determination R?. Furthermore, residual analysis indicates that these
methods have a larger prediction error range and higher RMSE values compared with the
EMD-STANN method, further indicating that EMD-STANN has better performance for
non-stationary U2V channels.

Figure 12 compares the prediction results of different methods for the next 1 to 35 time
slots. It is evident from the figure that the EMD-STANN proposed in this paper
outperforms the reference method, demonstrating an ability to closely track the trend of
channel changes without the prediction lag observed in other methods. In addition, it is
not difficult to see from the results that the prediction error of EMD-STANN increases with
the increase of prediction step size. However, given the continuous variations in channel
conditions, the practicality of such long-step size predictions is limited. Therefore, in
practical applications, we prioritize short-term prediction results. To address this issue,
with the improvement of computing power, the model can be adjusted to adapt to the
dynamic changes of the channel based on re-estimation of the channel.
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Comparison of prediction results of different methods in the next 1-35 time slots
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Statistical analysis of RMSE and MAE for different prediction lengths
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Statistical analysis of RMSE and MAE for different historical lengths

Subsequently, we conducted a statistical analysis of the predictive performance metrics
RMSE and MAE for the proposed EMD-STANN and other reference methods. The statistical
results are presented in Figs. 13 and 14, which respectively illustrate the performance
indicators under varying prediction step sizes and historical data lengths. As shown in

Fig. 13(a) and (b), the EMD-STANN method demonstrates significantly lower RMSE and
MAE values compared to other reference methods across different prediction step sizes.
This indicates a substantially reduced cumulative error effect for EMD-STANN. As shown
in Fig. 14(a) and (b), when using historical data of different lengths for prediction, the
EMD-STANN prediction method exhibits better performance than other methods.
Especially when predicting with less historical data, EMD-STANN has more pronounced
advantages, which is beneficial for practical applications. Furthermore, we present detailed
prediction indicators in the form of tables for different historical data lengths, as shown in
Tables 4 and 5, respectively, and highlight the optimal results in bold.

31



Table5 Comparison of prediction results for different historical lengths(MAE)

K LSTM  CNN CNN-LSTM  LSTM-Attn  CNN-Attn ~ CNN-LSTM Attn = STANN ~ EMD-STANN  Reduction %
5 6.7674  6.7425  7.3880 6.6540 6.8608 64173 5.1715 2.7800 46.24%
6 6.7887 6.7472  7.5710 6.7817 6.8264 6.3004 5.0384 3.1364 37.75%
7 6.7690  6.7768  7.4726 68117 6.7710 6.3932 5.1380 3.1871 37.97%
8 6.8194  6.7307  7.5645 6.6300 6.8447 6.4040 5.2127 33314 36.09%
9 68917 6.7432  7.6325 6.6716 6.7947 6.3679 5.0058 3.4704 31.90%
10 7.085 72103 7.4594 7.1186 7.1402 7.0063 5.1477 3.4502 32.98%
11 7.0382 7.0236  7.5719 6.8933 7.1001 6.98904 5.5305 4.0411 26.93%
12 70370 72012 7.5739 7.1465 7.0199 7.0773 5.4013 4.5935 14.96%
13 7.2429 72506  7.4752 6.8863 7.2160 7.0330 5.5238 3.3154 39.98%
14 70796 7.2200 7.3935 7.0210 7.1957 7.0683 54174 3.7179 31.37%
15 72803 72336  7.5834 7.0576 7.0434 7.0821 5.4698 4.8759 10.86%
16 73077 7.2185  1.7600 6.9786 7.2232 7.0001 5.5882 4.2929 23.18%
17 74092 7.1945 7.7040 6.9419 7.0660 7.0517 5.6559 4.9888 11.79%
18 74759 72177  7.5351 7.0211 7.1268 7.1288 5.7630 5.1001 11.50%
19 74459 72584  7.6201 7.0519 7.1485 6.9474 5.6770 5.9610 -5.00%
20  7.1781 7.2602  7.5302 7.0786 7.2119 7.2122 5.7727 5.4201 6.11%
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Nakagami channel dataset

In addition, we compared the convergence performance of different methods during the
training process, including loss values and prediction metrics. Figure 15 illustrates the
convergence for historical data lengths of 5, 10, and 20. The training parameters for the
comparative methods were set based on the literature, whereas EMD-STANN and STANN
were trained using the parameters listed in Table 2. It is evident from Fig. 15(a), (¢), and (e)
that, compared to other methods, the EMD-STANN and STANN models achieve faster loss
convergence within 50 to 100 iterations. Furthermore, the locally enlarged areas reveal
that EMD-STANN demonstrates better performance and minimal post-convergence
fluctuations. Meanwhile, the convergence of RMSE exhibits similar performance, as
shown in Fig. 15(b), (d), and (f) .

The analysis shows that the EMD-STANN model proposed in this paper outperforms
others, as effective channel feature decomposition boosts prediction accuracy for non-
stationary channels.
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4.3.4 Robustness verification

To further validate the effectiveness of the proposed model, we conducted a comprehensive
evaluation of its performance across three distinct types of datasets: a simulated Nakagami
channel dataset, a certified air interface dataset publicly provided by China Mobile [45],
and an actual test dataset from a campus environment. Specifically, for the campus
environment dataset, the AD9361-based Universal Software Radio Peripheral (USRP) is
mounted on the DJI drone as the transmitter. Meanwhile, the 4051E spectrum analyzer is
used as the ground receiver to collect the power of the USRP transmission signals. The
time-domain waveforms and ACF analysis results for the three datasets are displayed in
Figs. 16, 17 and 18. The ACF analysis results reveal that all datasets exhibit non-stationary
characteristics and strong temporal correlations.
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Prediction results of Nakagami channel dataset

Figures 19, 20 and 21 illustrate the predictive performance of the EMD-STANN method on
the Nakagami channel dataset. This dataset exhibits stationary characteristics, and
according to the prediction results, the EMD-STANN method proposed in this paper is still

applicable and has better prediction performance than other methods.
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RMSE and MAE statistical analysis of different prediction lengths for the Nakagami channel
dataset
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Fig. 21

RMSE and MAE statistical analysis of different historical lengths for the Nakagami channel
dataset
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Prediction results of the China Mobile Air Interface channel dataset
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RMSE and MAE statistical analysis of different prediction lengths for the air interface channel
dataset

Figures 22, 23 and 24 illustrate the predictive performance of the EMD-STANN method on
the China mobile air interface channel dataset. According to the statistical comparison of
various prediction indicators, it is evident that the EMD-STANN method proposed in this

paper outperforms other methods.
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RMSE and MAE statistical analysis of different prediction lengths for measurement dataset
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RMSE and MAE statistical analysis of different historical lengths for measurement dataset

Figures 25, 26 and 27 illustrate the prediction performance of the EMD-STANN method on
the measured dataset. The measured dataset exhibits a high degree of long-term
persistence, with autocorrelations that decay slowly over time, as shown in Fig. 18(b). In
this situation, according to the statistical results of various prediction indicators, the EMD-
STANN method proposed in this paper still demonstrates better performance in practical
environments.
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Based on the prediction performance across various datasets and the comparison results
with other methods, we believe that the EMD-STANN method demonstrates greater
robustness and better adaptability to different channels.

4.4 Complexity analysis

In this subsection, we will analyze the computational complexity of the proposed
prediction scheme. As previously described, the prediction method proposed in this paper
mainly consists of 1 EMD module, 2 CNN layers, 1 LSTM, 1 Attention module, and 1 output
layer, which are cascaded with each other. Therefore, the overall complexity can be
expressed as the sum of the complexities of each component by the formula(29).

O (Ngmp-srann) = O (Nemp) + O (2% Nenn) +

(29)
o (NLSTJH) + O (NAttentiou) + @) (NDense)

In the worst-case scenario, if each IMF requires multiple iterations to satisfy the condition,
then for a signal containing N data points, each iteration requires O (IV')time to find the
extremum point and perform interpolation. Therefore, the total time complexity can be
approximated as O (kN), where k is the average number of iterations required for each
IMF in the decomposition process. The time complexity of a single convolutional layer is
related to the size of the input features, the number of channels, and the size of the
convolution kernel. Specifically, time complexity can be expressed as

O (Eﬁl Mf X Kf x Cj—1 % C;),where M, represents the edge length of the 1-th

layer output feature map, K is the edge length of the 1-th layer convolution kernel, C;_,
and (] indicates the number of input and output channels of the I-th layer, respectively.
The core of the attention mechanism is to obtain the weighted representation of each
element in the sequence by calculating the relationship between query, key, and value. In
the model, it is necessary to calculate the correlation between each element in the
sequence and all other elements in the sequence, so its complexity is O (n??), where niis
the length of the sequence and d is the feature dimension of each element. The time
complexity of the LSTM layer is O (m2) , where m is the hidden layer dimension of LSTM
units. The complexity of a fully connected output layer is related to its input-output
length, which can be expressed as O (k;i,, X kot )- Then, the time complexity can be

expressed as

O(kN) + O (gﬁ, M? x K2 x Cy_1 X c,) + 0 (n) + O (m?) + O (kin X kou)
. Based on the previous parameter settings, the time complexity can be calculated using
the formula (30).

41



O=0ON)+O(K x3x1x32+(K—-2)x3x1x64)
+0 ((K —4)*) + 0 (64%) + O (32%)
+0 (32464 x (K —2)/2) (30)
= O(9N) + O (288K — 384) + O (K* — 8K + 16)
+0 (64%) + O (32%) + O (32K — 32)

We compared the complexity with other methods, including training time, and testing
time, as shown in Table 6. These results were obtained using the Intel (R) Core (TM)
i7-9700K and NVIDIA GeForce RTX 2070 computing platform. In terms of prediction time,
EMD-STANN exhibits relatively high complexity, with the time required for single-step
prediction being approximately 0.135 milliseconds. However, EMD-STANN significantly
outperforms other methods in enhancing prediction accuracy, which can provide reliable
support for the communication strategies necessary to implement URLLC, such as
beamforming, transmission power adjustment, and bandwidth allocation. With
improvements in computing power, mobile terminals utilizing higher-performance
platforms or parallel computing technologies, such as NVIDIA Jetson Xavier NX and
Huawei Atlas 200, are expected to reduce prediction times further to meet the 3GPP R16
specification’s URLLC latency requirements of between 0.5 and 1 millisecond.

Table 6 Comparison of time cost for different methods

Method Training stage Testing stage
EMD-STANN 119.4074s 1.3463¢-4s
STANN 98.1710s 9.5071e-5s
LSTM 133.9242s 5.7735¢-5s
CNN 40.5974s 1.2808¢-4s
CNN-LSTM 201.2440s 9.3501e-5s
CNN-Attention 132.6971s 7.2763¢-5s
5 Conclusion

In this paper, we proposed an EMD-STANN model to enhance the prediction accuracy of
spatio-temporal non-stationary channels in high-mobility UAV scenarios, which is crucial
for the implementation of URLLC applications. Research establishes a mathematical model
by analyzing channel characteristics and uses EMD modules to handle non-stationary and
nonlinear problems in the U2V channel. Furthermore, the deep neural network model
combining LSTM, CNN, and attention mechanism effectively captures the spatio-temporal
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correlation of channel features, improving prediction accuracy. The effectiveness of EMD-
STANN has been validated through extensive testing on various datasets and comparisons
with existing methods.

Despite these advancements, EMD-STANN faces challenges in unknown application
environments due to its reliance on supervised learning and the need for historical data. To
address this, future work will focus on researching model adaptation methods, such as
adjusting model structures or parameters to fit various application scenarios.
Concurrently, we will explore the use of model compression, pruning techniques, and
parallel computing to optimize algorithms, thereby reducing computational complexity
and improving prediction efficiency to meet the needs of practical applications.
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