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Abstract

Link quality estimation is a critical foundation for path selection in routing
protocols of wireless sensor networks. Affected by multipath fading, noise, and
interference in wireless channels, wireless links typically exhibit nonlinear and
non-stationary characteristics, which pose challenges to efficient and accurate
link quality prediction. To address the issues of error accumulation and lack
of parallel computing in existing autoregressive methods, a Transformer-based
link quality prediction method named LEAPP is proposed. A multi-head ex-
ternal attention mechanism is introduced in the encoder to reduce computa-
tional complexity and enhance global modeling capability. The decoder uses
packet success rate (PSR) as input and constructs a non-autoregressive pre-
diction model, achieving effective integration of prior probability and deep
learning models. Experimental results show that compared with baseline mod-
els, the MAE and RMSE of LEAPP are reduced by 22.1% and 16.3%, respec-
tively, and the MAE drops to 0.0092 on the public dataset. Meanwhile, the
non-autoregressive inference mode reduces the inference delay by approxi-
mately 82% compared with traditional methods, significantly improving the
real-time performance and practicality of online link quality prediction.
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1. Introduction

Wireless Sensor Network (WSN) are an important component of the IoT [1]
[2]. Due to the adoption of low-power communication technologies in WSN,
they are susceptible to factors such as multipath fading, environmental interfer-
ence, and noise, resulting in unstable link states. Link quality exhibits non-sta-

tionary, asymmetric, and irregular fluctuation characteristics in both time and
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spatial domains [3]. How to accurately predict link quality is a key problem that
needs to be solved.

Early studies mostly adopted theoretical or empirical model-driven link quality
estimation methods, which evaluate link quality by calculating predefined varia-
bles. Such methods are often only applicable to specific scenarios and difficult to
generalize to complex and variable real-world environments [4]. In recent years,
data-driven methods have gradually become mainstream and can be subdivided
into three categories based on the technologies adopted: statistical models, ma-
chine learning models, and deep learning models. Statistical models realize link
quality estimation by establishing the mapping relationship between link metrics
and Packet Reception Ratio (PRR), which have the advantages of low computa-
tional overhead and easy deployment. However, they are highly dependent on
measurement data collected under specific scenarios. Once the node deployment
environment changes, the prediction performance of the original mapping model
may degrade significantly. Machine learning methods improve the robustness and
accuracy of models to a certain extent by fusing multi-dimensional link indicators
and introducing fuzzy logic, regression, or classification models. Nevertheless,
their performance is still limited by manual features, resulting in poor adaptability
to dynamic channel environments and a bottleneck in prediction accuracy. Deep
learning methods can automatically learn complex link features from raw data,
significantly improving the prediction accuracy of PRR. However, their applica-
tion in WSN faces multiple challenges: first, the model training and inference pro-
cesses are computationally intensive and energy-consuming, making it difficult to
meet the resource constraints of low-power devices; second, it is hard to obtain
complete and high-quality training samples in dynamic channel environments;
third, the model decision-making process lacks interpretability, which is not con-
ducive to system debugging and trusted deployment. These factors collectively re-
strict the practicalization of deep learning in highly dynamic and resource-con-
strained WSN.

To address the limitations of the aforementioned existing methods, this paper
proposes a link quality prediction method based on Transformer [5], named LEAPP
(Link Estimation based on External Attention and Prior Possibility). In terms of
model structure design, LEAPP introduces the Multi-Head External Attention
(MHEA) [6] mechanism in the encoder, and innovatively adopts the physical
layer parameter PSR as the input in the decoder to construct a non-autoregressive
prediction mechanism. By effectively fusing the prior knowledge of theoretical
models with the data-driven capabilities of deep learning, LEAPP maintains high
prediction accuracy while improving the generalization performance of the model
across different deployment scenarios, providing an efficient and scalable link
quality estimation solution for resource-constrained and highly dynamic wireless
sensor networks.

The main contributions of this paper are as follows:

1) A link quality prediction model based on the Transformer framework is pro-
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posed. Different from structures such as LSTM that rely on local temporal mod-
eling, LEAPP enhances the global dependency modeling capability by introducing
the multi-head external attention mechanism and utilizing externally learnable
parameters in the encoder, while reducing computational complexity.

2) A non-autoregressive decoder with PSR as input is designed. Combined with
the attention mechanism, it effectively solves the problem of gradual error accu-
mulation during the inference phase, achieving efficient parallel inference while
improving prediction accuracy. The model can still converge quickly in small-
sample scenarios, featuring good data efficiency and interpretability.

3) Comprehensive comparative experiments, ablation studies, and sensitivity
analyses are conducted based on multiple self-collected and public WSN datasets.
The results show that LEAPP significantly outperforms existing methods in com-
plex and dynamic environments, demonstrating outstanding advantages in pre-
diction accuracy, stability, and generalization ability. This verifies its application

potential in low-power WSN systems.

2. Design of the LEAPP Model

2.1. Overall Model Framework

In this paper, a Transformer based sequence-to-sequence model for link quality
prediction is designed. The overall architecture is shown in Figure 1. The model
takes the channel measurement metrics at the receiver as input and outputs the
estimated value of the current PRR.

The encoder is responsible for extracting contextual semantic features from the
input SINR (Signal to Interference and Noise Ratio) sequence. Specifically, the
original SINR sequence is first dimensionally upgraded through linear mapping
to match the embedding dimension of the model. Subsequently, it is processed by
multiple stacked MHEA (Multi-Head External Attention) modules and feed-for-
ward networks. Residual connections and layer normalization are introduced be-
tween each sub-layer to stabilize the training process and accelerate convergence.
The decoder takes the PSR (Physical Layer Parameter) sequence as input. The in-
put at each time step undergoes linear transformation, then captures temporal
dependencies through the MHEA module, and further enhances the nonlinear
expression capability via the feed-forward network. The output of the encoder
serves as the contextual input for the intermediate layers of the decoder, partici-
pating in cross-sequence attention computation to realize information interaction
between the input sequence and the target sequence. In the output stage, the hid-
den representation of the last layer of the decoder is compressed into a single-
channel output through a linear projection layer, establishing the mapping rela-
tionship from the SINR sequence to the PRR predicted values. This design not
only retains the powerful sequence modeling capability of Transformer but also
achieves a balance between real-time performance, interpretability, and deploy-
ment feasibility in resource-constrained WSN scenarios through structural inno-

vations.
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Figure 1. Model structure diagram.

2.2. Data Preprocess

According to communication theory, PSR is a function of the Signal to Interfer-
ence plus Noise Ratio (SINR) [7]. Therefore, this paper selects SINR as the input
feature of the encoder. For the decoder, the PSR calculated based on a modified
theoretical model is adopted as the input sequence, with the calculation formulas
shown in Equations (1) and (2).

16
BER :%x%xg(—l)k (}f)e[

PSR =(1-BER)" ©))

ZOX(S[NR—T)X[%—ID "

Among them, 7is the offset of SINR, which is measured through experiments.
In the experiments of this paper, 7is set to 5.5 dB [8], L denotes the packet
length, and is set to 37 in this work. The calculation formula of SINR is shown in

Equation (3):

+P,

SINR(a’B)=101g[PPY J (3)
Among them, P. denotes the received useful signal power, while P and
P represent the interference signal power and noise power, respectively.
PSR denotes the probability of successfully receiving a packet under specific
SNR conditions. PRR refers to the frequency of successful reception events among
N transmissions. The probability that PRR takes a specific value R is determined

by the PSR sequence within the statistical window, as shown in Equation (4):
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y =P{PRR =R|(pl, p2,+-, pn)} (4)

Among them, y can be regarded as the prior probability of a successful recep-
tion event under specific SINR conditions, Ze., under the condition of a specific

PSR sequence. The expected value of PRR is shown in Equation (5):
PRR=Y" 7R (5)

Among them, N denotes the window size. It is quite difficult to derive an ana-
lytical expression for y through theoretical analysis, and machine learning pro-
vides an alternative solution—learning the mapping relationship between the PSR
sequence and PRR via training.

When calculating PRR using a sliding window, LEAPP introduces the EWMA
algorithm to optimize PRR estimation, where PRR labels are computed per packet.
First, the local PRR mean is calculated based on a small time window, and then
EWMA is applied to this sequence. This strategy retains the high sensitivity of small
windows to sudden link changes while effectively alleviating the lag problem of the
arithmetic mean of large windows. By virtue of exponentially decaying weights,
EWMA can dynamically weight and smooth historical observations, thereby achiev-
ing a good balance between real-time performance and stability. The calculation
methods of EWMA are shown in Equations (6) and (7).

Yo =% (6)
yk=(1—a)yk71+a-xk,(k>l) (7)

Among them, a is the smoothing coefficient. In the experiments of this paper,
the time window is set to 5 and a = 0.075. The obtained EWMA of the window
mean is approximately equal to the arithmetic mean calculated using a statistical
window of size N = 100.

For data slicing, a sliding window mechanism is adopted to slice data in chron-
ological order to construct fixed-length sequence samples. The SINR feature is
mapped to the [0, 1] interval using Min-Max normalization before being fed into
the model, so as to improve training stability and convergence speed. The time
series is split sequentially; to avoid inconsistent distributions between the training
and test sets, samples are shuffled prior to splitting, and then divided into training,

validation, and test sets at a ratio of 7:1:2.

2.3. External Attention Mechanism

To reduce the model complexity, LEAPP introduces the external attention mech-
anism. External attention constructs attention weights based on two lightweight,
learnable parameter matrices, which can be implemented using only two cascaded
linear layers and two normalization layers (as illustrated in Figure 2(b)). Com-
pared with the inherent O(nz) computational complexity of traditional atten-
tion mechanisms (where n denotes the sequence length), external attention not
only achieves linear computational complexity but also efficiently captures global

feature correlations in the input data. The calculation method of external atten-
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tion is shown in Equation (8):

External Attention (Dq ,D,,D, ) = Norm (DquT )DV (8)

Among them, D, R™“, maps the input features to a matrix of fixed dimen-
sion., D,,D, € R** are externally learnable parameter matrices, and the com-
putational complexity of external attention is O (dSn) -

The structure of multi-head external attention is illustrated in Figure 2(b). It
concatenates the outputs of h groups of external attention heads along the feature
dimension and restores them to the model dimension through linear mapping to
obtain the final output. The calculation method of multi-head external attention
is shown in Equation (9):

MultiEHead (Dq ,D,,D, ) = Concat (head] yhead, -, head, )WO 9)

where head; = ExternalAttention (Dq , Dy, DV)

By introducing external parameter matrices, the model retains the global par-
allel modeling capability of multi-head attention while significantly reducing com-
putational complexity and storage overhead, thereby improving efficiency and sta-
bility in long-sequence modeling. This mechanism is particularly suitable for tem-
poral tasks such as communication link quality prediction, which not only require
the model to capture long-range temporal dependencies but also demand efficient

and scalable inference on resource-constrained edge devices.

Z .
" =) attention
Input —| Query —’? E e —b?—b concat [ Output
External External
matric Dy matric D,

(a)Extrenal Attention

> N
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(b)Multi-head external attention

Figure 2. (a) External attention mechanism; (b) Multi-head external attention mechanism.

3. Experiments
3.1. Experimental Platform and Data Collection
To test the performance of the link quality prediction model, both self-collected

datasets and public datasets are used in the experiments. The self-collected dataset

is built based on a testbed constructed with CC2530 wireless sensor nodes, and
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link quality-related data are collected in various environments'. During the data
collection process, two network topologies n-to-1 and 1-to-1 are adopted to cover
the link dynamic characteristics under different communication scenarios. The
experimental sites include the 9th floor of the Optoelectronics Building (indoor
office environment), residential buildings (typical home environment), and park-
ing lots (complex multipath and occlusion environment). The experimental con-
ditions are shown in Table 1. In the names of the experimental datasets, suffixes
“1” and “n” are used to denote the 1-to-1 and n-to-1 networks, respectively. For
the data collected in parking lots, additional suffixes “1” and “2” are used to iden-

tify data with transmission powers of —22 dBm and —8 dBm, respectively.

Table 1. Experimental conditions.

. Transmission Transmission Communication
Scenario Dataset . .
Power/dBm Period/ms Distance/m
Office

e Oecb9-1/n —22-4.5 100 - 2000 5-30
Building
Parking Parking-n-1/2 -22,-8 500 5-10

Residential Resi-1/n -22-45 50 - 2000 6

The public dataset used in the test experiments is due [9]. This dataset covers
link quality data under various experimental conditions, including different com-
munication distances and transmission powers. Even under a single distance con-
dition, the number of data records collected in a single experiment reaches more
than 2.4 million, providing sufficient and reliable support for evaluating the model’s
performance across diverse scenarios.

The experiments in this study were conducted on a computing platform equipped
with an NVIDIA GeForce RTX 4090 GPU, with Ubuntu 20.04 LTS as the operat-
ing system. The TensorFlow deep learning framework was adopted to implement

model training and testing, and all codes were run in the Python 3.9 environment.

3.2. Ablation Experiments and Sensitivity Experiments

To verify the role of the external attention mechanism in the link quality pre-
diction task, ablation experiments targeting the attention modules of the encoder
and decoder were conducted on the Oecb9-n dataset. Only the form of attention
was replaced in the experiments, while all other hyperparameters, training strat-
egies, and data partitioning were kept consistent to ensure the comparability of
results. Specifically, four model groups were constructed: both the encoder and
decoder adopt Multi-Head Self-Attention (MHSA); the encoder adopts MHSA
while the decoder adopts Multi-Head External Attention (MHEA); the encoder
adopts MHEA while the decoder adopts MHSA; both the encoder and decoder
adopt MHEA. The experiments used Mean Absolute Error (MAE) and Root

'http://gitee.com/WING USST/wndataset/tree/master.
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Mean Square Error (RMSE) as performance evaluation metrics, and counted the
FLOPs of the model in a single forward inference to measure computational com-

plexity.

Table 2. Performance comparison of MHEA and MHSA.

enc_attention dec_attention FLOPs MAE RMSE
MHSA MHSA 31843617 0.0315 0.0477
MHSA MHEA 26605863 0.0299 0.0453
MHEA MHSA 26625319 0.0278 0.0413
MHEA MHEA 21387565 0.0251 0.0408

As can be seen from Table 2, the MAE and RMSE of the baseline model
(MHSA-MHSA) are 0.0315 and 0.0477, respectively, with FLOPs of 31,843,617.
When MHEA is introduced only in the decoder, the error decreases slightly; while
replacing MHSA with MHEA in the encoder leads to a more significant improve-
ment in model performance, indicating that external attention plays a greater role
in capturing the global dependencies of input link features. When both the en-
coder and decoder adopt MHEA, the model achieves the optimal results, with re-
ductions of approximately 22.1% and 16.3% in MAE and RMSE compared with
the baseline, respectively, and the computational load is reduced by 10,456,052
FLOPs. This result demonstrates that multi-head external attention improves
prediction accuracy while reducing computational overhead, with a particularly
prominent effect at the encoder side, thus confirming its superior global modeling
capability in the link quality prediction task.

To investigate the prediction accuracy of the proposed model under different
hyper parameter settings, controlled variable experiments were conducted from
four aspects: input sequence length (len_seq), number of rows of the external pa-
rameter matrix (S), dimension of the mapping layer (d_model), and number of
attention heads (num_heads). All other hyperparameters remain unchanged,
where the loss function is MAE, the optimizer is Adam, the learning rate is set to
le-3, the batch size is fixed, and the number of training epochs is 300.

During the experiments, only one parameter was adjusted at a time, while the
remaining parameters were kept at their default configurations. All experiments
were performed under the same training and inference strategies, with Mean Ab-
solute Error (MAE) and Root Mean Square Error (RMSE) as evaluation metrics
to measure prediction accuracy and overall stability. As shown in Table 3, the
model achieves good performance when S = 32, while the performance degrades
when S increases to 64, indicating that an excessively large parameter matrix may
introduce redundant information. Experiments show that d_model = 128 is an
optimal configuration: an overly low dimension limits the model’s expressive ca-
pacity, while an overly high dimension causes error rebound, indicating a ten-
dency of over fitting in the model. The model performs best when the number of

attention heads is 8, which balances global dependency modeling and computa-
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tional overhead. In summary, the optimal configuration of the proposed model is
concentrated at S = 32, d_model = 128, and num_heads = 8, demonstrating that
the structure designed in this paper can stably achieve high-precision prediction

under reasonable parameter conditions.

Table 3. Model sensitivity experiments under different hyperparameters.

S d_model num_heads MAE RMSE
10 128 8 0.0267 0.0436
20 128 8 0.0288 0.0464
32 128 8 0.0251 0.0408
64 128 8 0.0281 0.0440
32 32 8 0.0330 0.0489
32 64 8 0.0299 0.0451
32 128 8 0.0251 0.0408
32 256 8 0.0509 0.0724
32 128 2 0.0489 0.0691
32 128 4 0.0321 0.0490
32 128 8 0.0251 0.0408
32 128 16 0.0272 0.0440

As can be seen from the relationship between MAE and input sequence length
shown in Figure 3, the MAE decreases significantly when the sequence length
increases from 10 to 32; as the sequence length increases further, the magnitude
of the MAE decreases gradually diminishes. This indicates that longer sequences
help the model capture richer temporal characteristics of link quality, thereby im-
proving prediction accuracy. However, excessively long sequences not only sig-
nificantly increase computational overhead but also prolong the waiting time for
data collection and inference, impairing the real-time performance of the system.
Considering prediction performance, computational efficiency, and response
speed comprehensively, this paper selects len_seq = 32 as the default configuration

for input sequence length in subsequent experiments.

0.07 -~ Occb9-1 - Res-n - Parking-n-2
+ Oecb9-n  — Parking-n-1 due
- Res-1

0.06

MAE

0.01

0.00

Sequence Lengths

Figure 3. MAE for different input sequence lengths.
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3.3. Evaluation of the Improved Decoder Input Sub-Layer

Traditional autoregressive decoders suffer from distribution mismatch between
training and inference, which easily causes error accumulation and low inference
efficiency. Scheduled sampling [10] in dynamically adjusts the teacher-forcing
probability to gradually align the training distribution with the inference distri-
bution. Two-stage scheduled sampling further adopts dual-channel training to
achieve a smoother transition between training and inference. To verify the effec-
tiveness of the improved decoder input sub-layer proposed in this paper, compar-
ative tests are conducted among LEAPP, the model with the original decoder in-
put sub-layer (teacher-forcing in training and autoregressive mode in inference),
and two models improved based on scheduled sampling. Inference time is also
evaluated, and the timing includes the data preprocessing process.

The experimental results are shown in Table 4. The dataset used is Oecb9-n,
which contains more than 10,000 data samples. Due to error accumulation in au-
toregressive inference, the model with the original decoder input sub-layer has a
large prediction error. Models improved with scheduled sampling and two-stage
scheduled sampling reduce the error by approximately 50% compared with the
full teacher-forcing model. By using PSR as the decoder input, LEAPP eliminates
the input discrepancy between training and inference and the resulting error ac-
cumulation. The prediction error is reduced by 82% compared with the teacher-
forcing model, and by 62% and 61% compared with the scheduled sampling and
two-stage scheduled sampling models, respectively. Since LEAPP supports paral-
lel computation during inference, the inference time is reduced by 89% compared
with the teacher-forcing model, and by 83% and 84% compared with the sched-
uled sampling and two-stage scheduled sampling models, respectively. This ena-
bles LEAPP to better meet the real-time requirements of application systems for

link estimation tasks.

Table 4. Performance comparison of different input sub-layers for the decoder.

Decoder Input Train method Inference Time MAE
teacher forcing 1.75s 0.1370

PRR Scheduled Sampling 117 s 0.0641
two-pass Scheduled Sampling 1.22s 0.0625

PSR non-autoregressive training 0.19 s 0.0245

3.4. Comparative Experiments

To comprehensively evaluate the performance of LEAPP, comparative experi-
ments were conducted on multiple datasets between LEAPP and existing main-
stream link quality prediction models. The compared models include traditional
Recurrent Neural Network (RNN) [11], Long Short-Term Memory (LSTM) [12],
Gated Recurrent Unit (GRU) [13], Transformer [5], and the hybrid convolutional
and recurrent model CNN + LSTM (CL) [14].To verify the effectiveness of differ-
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ent attention mechanisms in link quality prediction, two extended models are
added for comparison: CNN + LSTM + SA (CLSA) with self-attention and CNN
+ LSTM + EA (CLEA) with external attention. All experiments are carried out
under unified hardware and training configurations, ie., len_seq = 32, S = 32,
d_model = 128, num_heads = 8, to ensure the comparability of results.
Experimental results (see Figure 4) show that traditional recurrent neural net-
work models achieve relatively low accuracy, indicating the limitations of using
recurrent structures alone to capture complex link quality characteristics. The CL
model achieves better performance than single recurrent neural network models
by combining convolution and recurrent structures, demonstrating that joint
modeling of local features and temporal dependencies can improve prediction ac-
curacy. The two attention-based extended models, CLSA and CLEA, do not bring
significant performance gains, suggesting that simply stacking multiple model
components cannot effectively enhance the ability to model complex dependen-
cies. As a typical model constructed with self-attention mechanism, Transformer
achieves significantly superior prediction performance compared with traditional
recurrent neural networks and CL-based models, reducing the average MAE by
approximately 40% relative to RNN. This validates the effectiveness of self-atten-
tion in capturing long-range temporal dependencies. Further comparison reveals
that models using the external attention mechanism achieve significantly lower
average error than those using self-attention. LEAPP achieves the best perfor-
mance on all datasets. For the public dataset due, the MAE of LEAPP is reduced
to 0.0092, indicating that improving the decoder input sub-layer and adopting
external attention instead of self-attention can significantly boost prediction ac-

curacy and endow LEAPP with strong generalization ability.

B RNN
NN GRU
B LSTM
B3c
EEEH CLSA
B CLEA

M Transformer
B LEAPP

0.00

o8

?““\‘4\“%«“‘\ ?a(‘(\"“g“—l 0ect® - 0eco9™ Rest Resi due

Dataset

Figure 4. MAE of different models on different datasets.

Figure 5 depicts the temporal fluctuations of the predicted and true PRR values
for all models. The experiment is conducted on the Oecb9-n dataset, and con-
sistent patterns are observed across other datasets as well. It can be seen from Fig-

ure 5 that the predicted values of all models generally follow the changing trend
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of the true values, but differ in fitting accuracy. The Transformer achieves better
fitting performance than traditional recurrent networks and convolutional com-
bination models by virtue of the self-attention mechanism. Its prediction curve is
closer to the true values, and the error is significantly lower than that of RNN,
GRU, LSTM and CL-based models, demonstrating the superiority of self-atten-
tion in modeling temporal dependencies. Compared with the Transformer, LEAPP
achieves a notably smaller prediction error, indicating the effectiveness of the ex-
ternal attention mechanism and the improved decoder sublayer in boosting model
performance. Due to insufficient capability in modeling local dependencies, indi-
vidual RNN, LSTM and GRU models suffer from large prediction errors. Com-
bining LSTM with CNN reduces the prediction error to some extent, yet the error
is still considerably larger than that of LEAPP.

—— PRR true —=— GRU
—o— RNN —&— LSTM

— PRR_true —4— CNN+LSTM+SA
CNN+LSTM  —%— CNN+LSTM+EA

T

=

—— PRR_true —&— Transformer —e— LEAPP

20

Figure 5. Comparison of errors between

60 80 100

Sample

predicted results and actual values using different methods.

4. Conclusion

To address the shortcomings of existing methods in prediction accuracy and com-
putational efficiency, a Transformer-based link quality estimation method named
LEAPP is proposed. In terms of model design, a multi-head external attention
mechanism is introduced to strengthen the global feature modeling capability and
reduce model complexity. PSR is adopted as the decoder input to balance prediction
accuracy and inference efficiency. Experimental results on multiple datasets demon-
strate that compared with existing methods, LEAPP exhibits superior performance

in terms of accuracy, stability, and generalization ability in complex environments.
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