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ABSTRACT: Power amplifiers in wireless communication systems can introduce nonlinear distortion, degrade signal transmission qual-
ity, and increase power consumption. The paper presents a BiLSTM-CNN-based model for modelling power amplifier behaviour to
address this issue. The model uses BiLSTM layers to capture temporal information from the signal data and incorporates a multi-head
attention mechanism to focus on different temporal features. Additionally, convolutional layers process global features and reduce model
parameters through weight sharing. Using this model, a digital pre-distortion (DPD) model is proposed to linearise the power amplifier
through an indirect learning approach. The results show that the BiLSTM-CNNmodel achieves a normalised mean square error (NMSE)
of −40.3 dB, and the DPD model enhances the adjacent channel power ratio (ACPR) of the communication system by 18 dB, demon-
strating the model’s feasibility. Comparative analysis with other network models indicates that BiLSTM-CNN outperforms traditional
methods of fitting performance and convergence speed, showcasing its superiority.

1. INTRODUCTION

Power amplifier (PA) is essential in wireless communication
systems. Its purpose is to increase the power of wireless sig-

nals, ensuring the stability and reliability of the signal through-
out transmission [1–3]. Nevertheless, in real-world scenarios,
the inherent nonlinear properties of the device and the inter-
actions between signals in the power amplifier result in non-
linearities that affect its performance [4–6]. Behavioural mod-
elling offers a powerful approach to analyze andmodel the non-
linear properties of a power amplifier. It does this by recording
the input-output response of the amplifier and creating a non-
linear mapping relationship to replicate its internal operations.
This enables the implementation of digital pre-distortion tech-
nology to mitigate the nonlinear effects of power amplifiers [7].
Traditional behavioural modelling methods include memo-

ryless models and memory models. Early memoryless models
were designed for the behavioural modelling of power ampli-
fiers with narrowband signals and included Saleh model [8],
Hammerstein model [9], and Wiener model [10]. As the band-
width of modern signals is expanded, the impact of nonlin-
ear memory effects in power amplifiers has become more pro-
nounced, rendering the early memoryless models less effec-
tive. Subsequently, Volterra series and piecewise linear func-
tion models were introduced for modelling wideband power
amplifiers [11]. These traditional behavioural modelling ap-
proaches represent the nonlinear relationships of power ampli-
fiers using polynomial expressions.
In recent years, neural networks have garnered increas-

ing attention in power amplifier behaviour modelling due to
their high accuracy in fitting nonlinear systems [12–14]. Re-
searchers have applied feedforward neural networks to power
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amplifier behaviour modelling and, considering the memory
effects of wideband power amplifiers, introduced real-valued
time-delay artificial neural networks (RVTDANN) [15]. Sub-
sequently, memory-capable recurrent neural networks (RNNs)
were utilised for power amplifier modelling. With the continu-
ous advancement of recurrent neural networks, variants such as
Long Short-TermMemory (LSTM) networks and Bidirectional
Long Short-Term Memory (BiLSTM) networks have been in-
corporated into power amplifier behaviour modelling [16–18].
These approaches achieve high-precision modelling of power
amplifiers; however, the complexity of the LSTM and BiLSTM
models, due to their numerous internal parameters, results in
longer training times.
To address the issue of complex parameters in LSTM net-

work models, this paper proposes a BiLSTM-CNNmodel. The
model’s front end utilises a BiLSTM network to capture the
temporal features of the input signals of the power amplifier.
In contrast, the back end employs a Convolutional Neural Net-
work (CNN) to process these features further. By leverag-
ing the parameter-sharing properties of CNNs, the model re-
duces the overall number of parameters. Additionally, inte-
grating a multi-head attention mechanism within the model al-
lows for controlling data weights across different time steps. To
evaluate the model’s performance, the BiLSTM-CNN model is
compared with other existing neural network models. Experi-
mental results indicate that the proposed BiLSTM-CNN model
achieves an NMSE of−39.3 dB, demonstrating a higher degree
of fit than other models.
This paper presents the following contributions.
1. The proposed design based on BiLSTM mitigates the in-

fluence of memory effects in broadband power amplifiers.
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2. To tackle the problem of an excessive number of intricate
model parameters, a fusion of CNN and BiLSTM is employed.
This reduces the number of parameters in the model, leading to
a drop in complexity and improved efficiency and interpretabil-
ity.
3. An attentionmechanism is introduced, allowing themodel

to dynamically assign weights to signals at different time points
in the input sequence. This enhances the model’s focus on im-
portant information, improving accuracy and efficiency.
4. The paper demonstrates excellent PA modelling and lin-

earisation performance and achieves PA linearisation through
the inverse model of BiLSTM-CNN.
The remainder of this work is organised as follows. Section 2

presents an overview of previous research on power amplifiers’
properties and LSTM models’ architecture. Section 3 details
the proposed model structure. Section 4 delves into the theo-
retical concepts underlying the approach, and Section 5 extends
this approach to the design of DPD. Section 6 discusses the em-
pirical results, and Section 7 concludes with final remarks.

2. RELATED WORK

2.1. The Characteristics of Power Amplifiers
PA comprises amplification elements such as transistors or
field-effect transistors exhibiting nonlinear characteristics [19].
As the input signal power to the PA increases, the amplifier en-
ters its saturation region, leading to significant nonlinear dis-
tortion. The nonlinear distortion in the PA results in amplitude
(AM/AM) distortion and phase (AM/PM) distortion [20]. With
the increasing bandwidth of input signals in modern commu-
nications, the AM-AM and AM-PM characteristics of the PA
evolve into scatter plots. In this scenario, the PA’s output sig-
nal depends on the current and past input signals, giving rise
to memory effects. This makes the behavioural modelling of
the PA particularly important, as it allows for an accurate de-
scription of the PA’s nonlinearities and memory effects. Effec-
tive digital pre-distortion (DPD) algorithms can be developed
by constructing behavioural models to compensate for the PA’s
nonlinear distortion [21].
When evaluating the performance of power amplifiers, two

commonly used key metrics for quantifying nonlinear distor-
tion are Error Vector Magnitude (EVM) and Adjacent Channel
Power Ratio (ACPR) [22]. EVM measures the deviation be-
tween the output signal and ideal signal, reflecting the quality
of the signal. It is commonly used in communication systems
to evaluate modulated signals. In addition to EVM, the cor-
relation between input and output signals is also an effective
method for assessing signal similarity [23]. By applying time
shifts and amplitude scaling to the output signal to align its main
peak with that of the input signal and then calculating the cor-
relation coefficient, this method provides a more comprehen-
sive evaluation of the signal similarity. Compared to EVM,
which directly quantifies the error magnitude, correlation may
be more sensitive to certain types of nonlinear distortion, espe-
cially in cases of severe distortion, providing a more stringent
performance evaluation. ACPR, on the other hand, is used to
assess the effectiveness of Digital Predistortion (DPD) by mea-

suring the average power ratio between the main communica-
tion channel and adjacent channels, quantifying the impact of
nonlinear distortion. Nonlinear distortion in power amplifiers
leads to spectral regeneration, causing power leakage into ad-
jacent channels, which can reduce the communication quality
of nearby channels and even result in intermodulation and dis-
tortion. A lower ACPR indicates less adjacent channel leakage,
thus smaller nonlinear distortion. DPD technology typically re-
duces ACPR to mitigate adjacent channel interference, thereby
improving the overall performance of communication systems.

ACPR =
Padj

Pmain
(1)

where Padj denotes the average power of the adjacent channels,
and Pmain represents the average power of the main channel.

2.2. LSTM Neural Network Models
Long Short-Term Memory (LSTM) is a recurrent neural
network (RNN) that primarily processes text and time-series
data [24]. LSTM uses gate controls and memory units to keep
and process information over extended periods. The internal
construction of an LSTM module is shown in Figure 1.

FIGURE 1. Internal structure of LSTM module.

The LSTM network essentially regulates the transmission
of information using gate mechanisms, guaranteeing consistent
gradient flow and efficient storing and updating of details while
handling extended sequences. The LSTM model consists of
three primary gate units: the input gate, forget gate, and out-
put gate [25]. The forget gate determines which information
from the previous cell state should be discarded. The model
receives inputs from the current input and the last time step’s
hidden state, applies a sigmoid activation function to analyse
them, and produces a vector ranging from 0 to 1. This vec-
tor indicates the proportion of each information component that
should be retained.

ft = σ [Wf · (xt + ht−1) + bf ] (2)

where ft denotes the output of the forget gate;Wf and bf rep-
resent the weight matrix and bias vector of the forget gate, re-
spectively; and σ is the sigmoid activation function.
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FIGURE 2. Model architecture diagram.

The output gate determines which input information from the
current time step should be added to the cell state. The input
gate receives the current input and the previous time step’s hid-
den state, producing a vector it that indicates the proportion of
new information to be written and generates a new candidate
memory gt using the Tanh activation function.

gt = tanh [Wg · (xt + ht−1) + bg] (3)
it = σ [Wi · (xt + ht−1) + bi] (4)

where it denotes the output of the input gate; Wi and Wg cor-
respond to the weight matrices for the input gate and candidate
memory, respectively; bi and bg are the bias vectors for the in-
put gate and candidate memory, respectively.
In LSTM, the memory cell updates its state at each time step

by combining the outputs of the forget gate and input gate. The
state of the memory cell at the time step ct is generated by
weighting the previous time step’s memory cell state ct−1 and
the new candidate memory gt.

ct = ft ⊗ ct−1 + it ⊗ gt (5)

The output gate controls which information will be output as
the current time step’s hidden state. It takes the current output
and the previous time step’s hidden state as input, generating
a vector ot that determines the proportion of information to be
output. This vector is then passed through an applied tanh ac-
tivation function ct, producing the hidden state for the current
time step ht.

ot = σ [Wo · (xt + ht−1) + bo] (6)
yt = ht = ot ⊗ tanh (ct) (7)

where ot denotes the output of the output gate in the current
state; Wo and bo are the weight matrix and bias vector for the

output gate, respectively; and yt represents the output in the
long-term state.
LSTM networks, through their gating mechanisms, can ef-

fectively capture and retain critical information over long time
spans in sequences, making them particularly effective in the
behavioural modelling of power amplifiers. Power amplifier
models often exhibit complex time-series characteristics, in-
cluding nonlinearity and long-term dependencies. LSTM’s
ability to maintain crucial historical information through mem-
ory cell states enhances its accuracy in modelling the dynamic
characteristics of power amplifiers.

3. MODEL STRUCTURE
Figure 2 illustrates the BiLSTM-CNN model architecture pro-
posed for PA behavioural modelling in this paper. It com-
prises five layers: input layer, BiLSTM layer, multi-head at-
tention layer, convolutional layer, and fully connected layer.
This model integrates BiLSTM and CNN models, enhanc-
ing the handling capability of time-series data while reducing
model complexity. Additionally, including a multi-head atten-
tion mechanism improves the model’s accuracy in fitting the
nonlinear behaviours of power amplifiers.

3.1. Input Layer

In practical communication systems, signals are typically com-
plex signals; however, neural networks can only process real-
valued signals. Therefore, this paper decomposes the input
complex signal into two orthogonal real components: I (in-
phase component) and Q (quadrature component). To more
comprehensively describe the characteristics of the signal, the
envelope information of the signal is introduced into the neu-
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ral network model, including the signal’s amplitude |x(t)|, the
square of the amplitude |x(t)|2, and the cube of the amplitude
|x(t)|3 [26]. These envelope terms, along with I and Q com-
ponents, are used as input features to the neural network.
To ensure that the separated I and Q components accurately

reflect the characteristics of the original complex signal, the in-
put layer first normalizes the I and Q components to ensure
that they are input into the network on the same scale, elimi-
nating any potential amplitude differences. To capture the non-
linear variations within the signal, the envelope information is
also processed with multiple delays, creating features at differ-
ent time steps. This allows the network to learn the dynamic
changes of the signal in the time domain, improving its abil-
ity to respond to the temporal characteristics of the signal. To
ensure that the phase information of the signal is effectively
preserved, the input layer specifically introduces a phase cal-
culation mechanism. By modeling the cross terms of the I and
Q components, the network can learn the relative phase rela-
tionship between them, aiding in the recovery of the original
phase characteristics of the signal. All input terms, including
the I and Q components and envelope information, are pro-
cessed with delays and then fed as the final input to the neural
network, as shown below.

Xt = [Iin(t), Iin(t− 1), . . . , Iin(t−M);

Qin(t), Qin(t− 1), . . . , Qin(t−M);

|x(t)| , |x(t− 1)| , . . . , |x(t−M)| ;

|x(t)|2 , |x(t− 1)|2 , . . . , |x(t−M)|2 ;

|x(t)|3 , |x(t− 1)|3 , . . . , |x(t−M)|3 ] (8)

where Iin(t) and Qin(t) represent the I/Q components of the
envelope signal x(t); |x(t)| denotes the envelope amplitude;
Iin(t−i),Qin(t−i), and |x(t− i)| , (i = 1, 2, ...,M) represent
the corresponding terms of past samples; and M denotes the
depth of the memory.

3.2. BiLSTM Layer
BiLSTM is an extension of LSTM, with its architecture shown
in Figure 3. It improves the ability to capture forward and back-
ward information in sequence data by combining two LSTMs:
one processing the forward sequence and the other processing
the backward sequence. The output of the BiLSTM is obtained
by concatenating the two hidden state sequences [27]. The

FIGURE 3. BiLSTM architecture diagram.

mathematical logic of BiLSTM is as follows.

−→y forward (n) =
−−−−→
LSTM (x (1) , x (2) , . . . , x (n)) (9)

←−y backward (n) =
←−−−−
LSTM (x (n) , x (n− 1) , . . . , x (1))(10)

ylstm (n) = −→y forward (n) +
←−y backward (n) (11)

where−→y forward(n) and←−y backward(n) represent the results of the
LSTM processing the forward and backward sequences, re-
spectively, and ylstm(n) is the final result of the BiLSTM.

3.3. Multi-Head Attention Layer
The self-attention mechanism is a technique used for sequence
modelling and feature extraction. The multi-head attention
layer integrates multiple parallel computations of single heads
to achieve comprehensive feature correlations [28]. The
model’s expressive power is significantly enhanced by com-
puting attention in parallel. The computational principles of
the multi-head attention mechanism are illustrated in Figure 4.
In [28], the modeling accuracy of the CNN was improved by
incorporating a multi-head attention mechanism. In this paper,
a multi-head attention mechanism combined with a BiLSTM
network is used to enhance the model’s accuracy.

FIGURE 4. Multi-head attention diagram.

First, the query, key, and value matrices are divided into mul-
tiple heads. The input data X is transformed through three
different linear transformations in each head to generate cor-
responding Qi,Ki, and Vi.

Qi = WQ
i X i = 1, . . . , 8 (12)

Ki = WK
i X i = 1, . . . , 8 (13)

Vi = WV
i X i = 1, . . . , 8 (14)

where WQ
i , WK

i , and WV
i are the weight matrices for the

query, key, and value, respectively.
Each attention head independently computes attention to ob-

tain attention outputs, thereby capturing different features in the
data. After computing attention across all heads, the outputs
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from these heads are concatenated together to generate a new
matrix.

zi = softmax
(
QiK

T
i√

dk

)
Vi, i = 1, . . . , 8 (15)

Zi = Concat (z1, z2, . . . , zi) , i = 1, . . . , 8 (16)

where zi denotes the attention output from a single head; Zi

represents the concatenated matrix of multiple heads’ attention
outputs; and dk is the dimension of the key.
Finally, the concatenated matrix is linearly transformed by

the weight matrix Wo, mapping it back to the original dimen-
sion to obtain the final attention matrixWz .

Wz = ZiWo i = 1, ..., 8 (17)

The introduction of attention mechanisms into the network
model can significantly enhance the accuracy of power ampli-
fier behavioral modeling, enabling the model to focus on crit-
ical temporal dependencies and patterns within the input sig-
nal. By dynamically allocating model resources to relevant sig-
nal features, the attention mechanism allows for a more pre-
cise capture of the inherent nonlinearity and memory effects in
broadband power amplifiers. This selective focus not only im-
proves the accuracy of behavioral modeling but also reduces
the impact of redundant information, thereby enhancing the
model’s generalization capability.

3.4. Convolutional Layer
The convolutional layer processes data features using multi-
ple convolutional kernels. Each input unit produces multiple
output features by sliding a single convolutional kernel, sig-
nificantly reducing the number of parameters required for the
model and lowering its complexity [29], as shown in Figure 5.

FIGURE 5. Convolutional kernel extraction range example.

The output of the BiLSTM layer, after being processed by
the attention mechanism, is fed into the convolutional layer for
global feature processing. The convolutional kernels continu-
ously perform convolution operations to learn complex high-
level features from simple low-level features, allowing them to
capture essential details in the data features. The specific con-

volution operation is as follows.

hl = yBiLSTM ⊗ wl =



yBiLSTM (Iin)
yBiLSTM (Qin)

yBiLSTM (|x (t)|)
yBiLSTM

(
|x (t)|2

)
yBiLSTM

(
|x (t)|3

)

⊗ wl (18)

where hl represents the final output of the convolutional kernel,
l the number of convolutional kernels, yBiLSTM the output of
the BiLSTM layer, and wl the coefficients of the convolutional
kernels.
The convolution process is followed by a nonlinear activa-

tion function, which transforms the linear output produced by
the convolutional kernels into a nonlinear output, allowing the
model to capture and represent more complex features. The
activation function of the convolutional kernel is denoted as

ul = fc (hl + bl) (19)

where ul represents the feature map output of the convolutional
kernel, fc the activation function of the convolutional kernel,
and bl the bias term in the activation function process.

3.5. Fully Connected Layer
The final layer of the model is a fully connected layer, which
transforms the data dimensions to produce an output vector with
the exact dimensions as the I/Q components. In the fully con-
nected layer, each neuron is connected to all neurons in the pre-
vious layer, allowing for the fusion of all features from the pre-
ceding layer and enabling higher-level feature representation.
A simple linear function is also applied in each hidden unit to fa-
cilitate dimensional transformation. The computation formula
for the fully connected layer is as follows.

yout = ϕ (wout · yCNN (n) + bout) (20)

where wout is the weight matrix, bout the output bias, and yCNN
the output of the CNN layer.

4. MODEL ANALYSIS

4.1. Training of BiLSTM-CNN Model
Input the PA sample signals into the BiLSTM-CNN model and
train the model. The Adam optimisation algorithm updates the
model’s parameters and learning rate during training. Network
training aims to minimise the error between the actual output
data and BiLSTM-CNN model’s output. The training contin-
ues iteratively until the network converges. This paper defines
the Mean Squared Error (MSE) as the cost function. Since the
output sample features of the power amplifier consist of I and
Q components of the signal, MSE can be expressed as follows:

MSE =
1

2N

N∑
n=1

[(
Iout(n)− Îout(n)

)2

+
(
Qout(n)− Q̂out(n)

)2
]

(21)
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where Iout(n) and Qout(n) represent the outputs of the
BiLSTM-CNNmodel, and Îout(n) and Q̂out(n) denote the I/Q
components of the actual output signal from the PA, with N
being the number of samples.
In behavioural modelling of power amplifiers, Normalized

Mean Squared Error (NMSE) is commonly used to assess the
model’s performance [30]. NMSE evaluates the difference be-
tween the model’s predicted output signal and the actual output
signal, normalising this difference. This paper also converts
NMSE values into dB format for easier comparison and analy-
sis. The expression for NMSE is as follows.

NMSE=10 log10
∑N

n=1
|y (n)−s (n)|2

/∑N

n=1
|y (n)|2 (22)

where y(n) is the measured output signal, and s(n) is the output
signal predicted by the model.
Adam (Adaptive Moment Estimation) is a widely used adap-

tive learning rate optimisation algorithm in deep learningmodel
training. It dynamically adjusts the learning rate by combin-
ing estimates of the mean and variance of the gradients, thus
enhancing the stability and efficiency of the optimisation pro-
cess [31]. In the Adam algorithm, parameters β1 and β2 con-
trol the decay rates of the moving averages of the gradients and
their squares, and they are typically set close to 1. This paper’s
experiments validate the use of β1 = 0.95 and β2 = 0.99 for
these parameters.
The optimisation process of the Adam algorithm begins by

initialising parameters, including setting the time step to t = 0,
model parameters to θ0, the mean vector s0, and the variance
vector v0 to zero, and defining the learning rate α. A constant
ϵ is used to prevent the variance vector from being zero, and
in this paper, it is set to 10−8. At each time step t, the current
gradient gt is first calculated, followed by updating the mean
vector st and variance vector vt. To improve the accuracy of
these estimates, Adam applies bias correction to the mean and
variance vectors before updating the model parameters, using
the corrected estimates ŝt and v̂t. Adam’s computation logic is
as follows:

θt+1 = θt −
αv̂t√
ŝt + ϵ

(23)

st = β2st−1 + (1− β2)g
2
t , ŝt =

st
1− βt

2

(24)

vt = β1vt−1 + (1− β1)gt, v̂t =
vt

1− βt
1

(25)

The trained BiLSTM-CNN model serves as a black-box
model for the input-output relationship of the power ampli-
fier (PA), allowing for the direct prediction of the output sig-
nal based on the input signal. This model offers a more ac-
curate analysis of the PA’s nonlinear characteristics and pro-
vides a practical approach to improving PA nonlinearity. The
BiLSTM-CNN model becomes a powerful tool for PA be-
haviour modelling and optimisation by deeply modelling the
input-output relationship. The detailed training steps of the
BiLSTM-CNN model are shown in Algorithm 1.

4.2. Comparison of Different Model Parameters
In this section, we will optimize the model performance by
comparing the performances under different parameters. Re-
garding parameter optimization, the neural networkmodel has a
clear advantage over traditional power amplifier behavior mod-
els. Traditional amplifier linear models, such as the Volterra
model, rely on a set of predefined basis functions to approxi-
mate the nonlinear behavior of power amplifiers. As the sys-
tem’s nonlinearity becomes more complex, the computational
load increases exponentially. The Volterra model requires man-
ual adjustment of numerous parameters in the formula to ac-
commodate different operating conditions, which is not only
time-consuming but also difficult to scale to more dynamic sys-
tems. In contrast, neural networks can automatically learn the
nonlinearities from the data. When being faced with particu-
larly complex nonlinear systems, only a few hyperparameters
need to be adjusted in the network structure, allowing for the
optimization of the overall network parameters and achieving
good modeling performance. Neural networks offer greater
adaptability and can model complex systems more efficiently.
The input features of the BiLSTM-CNN model proposed in

this paper include I/Q components of the power amplifier (PA)
output signal, as well as combinations of |x(n)|, |x(n)|2, and
|x(n)|3. These features are used to optimize model perfor-
mance [32]. Experiments were conducted with the model under
different learning rates, and the cost function and NMSE were
compared. As shown in Table 1, the model achieves its optimal
performance when the learning rate is set to 1× 10−3, yielding
an MSE of 9.46 × 10−8 and an NMSE of −36.8 dB. Conse-
quently, this paper selects 1×10−3 as the learning rate and sets
the loss function threshold to 1× 10−8.
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TABLE 1. Model performance with different learning rates.

Learning Rate 1× 10−2 5× 10−3 1× 10−3 5× 10−4

MSE (10−7) 2.4 1.65 0.946 1.50
NMSE (dB) −32.4 −34.4 −36.8 −35.7

In the network model, the size of the hidden layer in the
BiLSTM layer determines the model’s performance and con-
vergence speed. Five different hidden layer sizes for the BiL-
STM layer are set, as shown in Table 2. The data in the table
shows that when the hidden layer size is 24, the NMSE value
is −38.3 dB, and when the hidden layer size continues to de-
crease, the NMSE value remains almost unchanged. A hidden
layer size of 24 is selected for the BiLSTM layer to achieve
better model performance and convergence speed.

TABLE 2. NMSE under different hidden layer sizes.

The size of
the hidden layer

size = 48 size = 36 size = 24 size = 12 size = 6

NMSE (dB) −34.4 −36.4 −38.3 −38.5 −38.9

The attention head count determines the flexibility and ex-
pressive power of the model when dealing with the multi-head
attention mechanism. This paper analyzes the loss function val-
ues and corresponding NMSE performance with different num-
bers of attention heads using a BiLSTM hidden layer size of
24. The attention head count should be a divisor of the hid-
den layer size, as shown in Table 3. When the attention head
count is 4, the model performance is optimal, with an NMSE
value of −38.8 dB. However, further increasing the attention
head count adversely affects the prediction accuracy of the test
set. Therefore, the attention head count is set to 4 in the model.

TABLE 3. NMSE under different numbers of attention heads.

Attention
Head count

2 4 6 8 12

NMSE (dB) −36.8 −38.8 −38.6 −38.3 −37.6

The quantity of channels in the convolutional layer and the
neuron count in the fully connected layer significantly im-
pact the network model’s performance. This paper evaluates
the NMSE across varying channel counts in the convolutional
layer, as illustrated in Figure 6. The figure shows that when
the channel count is below 64, the NMSE decreases sharply,
suggesting that a lower channel count fails to deliver sufficient
modelling performance. Beyond 64 channels, the NMSE sta-
bilises with minimal reduction. Balancing performance and
convergence speed, the channel count for the convolutional
layer is set to 64.

FIGURE 6. NMSE values under different convolutional layer channel
counts.

5. DPD EXPANSION
In power amplifier (PA) behavioral modeling, digital predis-
tortion (DPD) is a commonly used linearization technique. The
basic principle of DPD is to apply predistortion to the input sig-
nal to compensate for the nonlinear effects of the PA, thereby
achieving linearization of the PA’s output signal. Based on the
nonlinear characteristics of the PA, DPD designs an inverse
model that distorts the input signal so that, after passing through
the PA, the output signal closely approximates a linear signal.
The DPD approach effectively enhances PA performance, par-
ticularly in communication systems, by reducing signal distor-
tion and spectral regrowth caused by nonlinearities.
In this paper, the DPDmethod is combined with the proposed

BiLSTM-CNNnetwork to better capture the complex nonlinear
behavior of the PA. The indirect learningmethod is employed to
design the DPD, where the DPD is treated as the inverse model
of the BiLSTM-CNN. The DPD structure is shown in Figure 7.
In the training process, the behavioral modeling output of PA is
the input of BiLSTM-CNN, and the behavior modeling input of
PA is the output of BiLSTM-CNN. Then the trainedDPDmodel
is used to calibrate the DPDmodel on the main signal path, thus
achieving PA linearization [33]. The input and output structures
of the inverse BiLSTM-CNN model are shown below

YDPD(n) = [Iout(n), Iout(n− 1), . . . , Iout(n−M);

Qout(n), Qout(n− 1), . . . , Qout(n−M);

|y(n)| , |y(n− 1)| , . . . , |y(n−M)| ;

|y(n)|2 , |y(n− 1)|2 , . . . , |y(n−M)|2 ;

|y(n)|3 , |y(n− 1)|3 , . . . , |y(n−M)|3 ](26)

XDPD(n) =
[
Iin(n), Qin(n)

]T (27)

where YDPD(n) and XDPD(n) represent the output and input of
the DPD; Iout and Qout represent the I/Q components of the
PA output signal; |y(n)| represents the amplitude information
of the PA output signal; and Iin andQin represent the I/Q com-
ponents of the PA input signal.
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FIGURE 7. Indirect learning structure.

TABLE 4. Model architecture parameters.

Model Input data
Num of

input neurons
Num of neurons

in the hidden layer
Activation

RVTDANN I/Q, |x(n)|, |x(n)|2, |x(n)|3 24 64 Tanh
LSTM I/Q, |x(n)|, |x(n)|2, |x(n)|3 12 24 Relu
MLP I/Q, |x(n)|, |x(n)|2, |x(n)|3 16 64 Sigmoid

BiLSTM I/Q, |x(n)|, |x(n)|2, |x(n)|3 10 20 Relu
BiLSTM-CNN I/Q, |x(n)|, |x(n)|2, |x(n)|3 6 12 Relu

6. EXPERIMENTAL RESULTS AND ANALYSIS

6.1. Experimental Preparation
This study is based on a GaN Class-F power amplifier with a
gain of approximately 30 dB. An Orthogonal Frequency Divi-
sion Multiplexing (OFDM) signal with a transmission chan-
nel bandwidth of 20MHz and adjacent channel bandwidth of
180MHz is generated using MATLAB on a computer. The
sampling frequency is set to 30.72 × 12MHz, with a total of
70,000 sampling points. The network model is constructed us-
ing a PyTorch framework, and the modeling data is divided into
training, testing, and validation sets in a 7 : 1 : 1 ratio for model
training and testing. The signal generated on the computer is
transmitted to a signal generator (SG) and subsequently to the
power amplifier (PA). After a 40 dB attenuation, the PA signal
is sent to a spectrum analyzer (SA) and finally to the computer,
as illustrated in Figure 8. Python is utilized for processing the
final transmitted signals for power amplifier behavioral mod-
eling. Python version 3.6 is installed in the Windows environ-
ment, and PyTorch version 1.6 is also installed on Windows.

6.2. Model Performance Analysis
This paper compares the BiLSTM-CNN with four typical net-
work models. Table 4 presents the detailed configurations of

the network models, including the number of input neurons and
hidden layer neurons.
In the proposed BiLSTM-CNN model, the convolutional

kernel size of the CNN is 1 × 3; the sequential length of the
data is 5; and both the input and output feature channels of
the convolutional layer are 5. The specific formula for calcu-
lating the Floating Point Operations (FLOPs) of the network
model is as follows. Using the networkmodel parameters in Ta-
ble 4, the FLOPs of each model are calculated and shown in Ta-
ble 5. It can be observed that the FLOPs of the BiLSTM-CNN
model are only slightly higher than those of the Multilayer Per-
ceptron (MLP), but the modeling accuracy is significantly im-
proved compared to the MLP. Furthermore, the FLOPs of the
BiLSTM-CNN are reduced by approximately 50% compared
to the BiLSTM, demonstrating the superiority of the proposed

TABLE 5. Model FLOP comparison.

Model FLOP
RVTDANN 3072

MLP 2048
LSTM 3552
BiLSTM 4960

BiLSTM-CNN 2574
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FIGURE 8. Experimental equipment.

FIGURE 9. AM-AM curve. FIGURE 10. AM-PM curve.

model.

FLOPFC = Ni ×Nh × 2 (28)
FLOPLSTM = 4× (Ni ×Nh +Nh ×Nh +Nh) (29)

FLOPBiLSTM = 2× FLOPLSTM (30)
FLOPCNN = K × Cin × Cout ×Hout × 2 (31)

where Ni represents the number of input neurons; Nh repre-
sents the number of output neurons;K is the size of the convo-
lution kernel; Cin and Cout are the numbers of input and output
channels in the convolution layer, respectively; and Hout de-
notes the length of the data sequence.
Figure 9 and Figure 10 show the power amplifier’s AM-AM

and AM-PM curves without DPD, respectively. The AM-AM

curve reflects the power amplifier’s memory effect and nonlin-
earity. The ‘E’ shape of the AM-PM curve illustrates the power
amplifier’s phase variation and distortion issues [34].
Figure 11(a) shows the input and output power spectral den-

sities of the PA. Figures 11(b), (c), (d), (e), and (f) compare the
PA output power spectral density with the output spectrum of
the behavioral modelingmodels under a 20MHzOFDM signal.
The figure demonstrates that, both in-band and out-of-band, the
BiLSTM-CNN model provides the best fit to the actual power
amplifier output spectrum. In contrast, other typical network
models show higher fitting accuracy in-band but exhibit signif-
icant deviations out-of-band. This verifies the superiority of the
BiLSTM-CNN in PA behavior modeling.
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(a) (b) (c)

(d) (e) (f)

FIGURE 11. Comparison of PA behavioral modeling by different network models.

FIGURE 12. Loss function during the training process of different mod-
els.

FIGURE 13. PA output spectrum after predistortion processing.

Figure 12 compares the loss function values of differentmod-
els during the training process. It can be observed that when
using the Adam optimiser with the same initial learning rate,
the BiLSTM-CNN achieves a faster convergence speed than
other network models. It converges from the 80th iteration and
reaches a minimum convergence accuracy of 9.8e-8. This indi-
cates that the BiLSTM-CNN is more efficient in the modelling
process. The loss value of the BiLSTM-CNN on the test set
reaches 1.27e-7, demonstrating that the BiLSTM-CNN model
has good generalisation capability.

To validate the superiority of the proposed BiLSTM-CNN
model, the final NMSE and training time of each model were
compared and analyzed, as shown in Table 6. The experimen-
tal results are derived from the model structures in Table 4. It
can be seen that the MLP model has the shortest training time
of 114 seconds, but its NMSE value only reaches −34.8 dB.
The BiLSTMmodel achieves an NMSE value of−38.4 dB, but
the training time is 264 seconds due to its complex structure.
The proposed BiLSTM-CNN model can improve NMSE per-
formance by up to 5.5 dB compared to other network models
while maintaining a relatively short training time.
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TABLE 6. Modeling performance of different methods.

Model NMSE (dB) Training Time (s)
RVTDANN −36.4 187
LSTM −37.6 202
MLP −34.8 114

BiLSTM −38.4 264
BiLSTM-CNN −40.3 137

Figure 13 shows the output spectra of the power amplifier
model both with and without predistortion linearization. The
comparison reveals that the power amplifier output spectrum
without DPD exhibits significant spectral leakage, a primary
manifestation of nonlinear distortion in the frequency domain.
After applying DPD, the spectral leakage issue is significantly
suppressed, effectively reducing adjacent channel interference
caused by nonlinear distortion. Table 7 shows the specific
ACPR values of the PA output after DPD improvement. It can
be seen that the proposed DPDmodel can help improve the PA’s
ACPR by approximately 18 dB, verifying the feasibility of the
proposed mod.

TABLE 7. PA ACPR performance with DPD.

Signal Style ACPR (dBc)
(−/ + 20MHz)

PA Output Without DPD −26.2/26.5
PA Output With DPD −44.4/44.6

7. CONCLUSION
This work proposes using a BiLSTM-CNN to model the be-
havior of wideband PAs to capture their nonlinear and memory
effects. The BiLSTM-CNN employs a BiLSTM network to ef-
fectively capture the temporal characteristics of PA signals, en-
hancing model accuracy through a multi-head attention mech-
anism, while reducing model complexity by sharing parame-
ters within the convolutional neural network. Additionally, a
DPD design based on the BiLSTM-CNN model is proposed,
adopting the PA inverse model. A 20MHz OFDM signal is
used to evaluate the linearization performance of the BiLSTM-
CNN model. Results show that the DPD created by the indi-
rect learning method of BiLSTM-CNN improves the ACPR of
the wideband PA by 18 dB, confirming the effectiveness of the
BiLSTM-CNNmodel. Compared to other neural networkmod-
els, the BiLSTM-CNN model achieves a 5.5 dB improvement
in NMSE and demonstrates faster convergence, proving its ef-
ficiency.
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