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Time Temoerture /°C  Airpressure /% Humidity /% Visbility /km .
ty /(mes™ ") ficient/km '
2018—3—30:00 3.9 1019.7 93 1.6 10.476 0.2119
2018—3—31:00 3.9 1020.3 90 1.3 10.722 0.2070
2018—3—32:00 3.1 1020.7 97 1.8 9.003 0.2466
2018—3—33:00 0.5 1020.9 100 24 5.08 0.4659
2018—3—34:00 —14 1020.6 100 0.7 2.252 1.2799
2018—3—35:00 —0.1 1020.8 88 2.9 16.992 0.1306
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Table 3 Comparison of evaluation metrics under different time windows
B 18] % 1 /h Rysp/km ™! Mg/km ™! M, p/km ™ R?
12 0.0915 0.00837 0.0734 95.68%
24 0.1645 0.02706 0.1021 92.13%
48 0.1982 0.03928 0.1328 90.37%
72 0.2638 0.06959 0.1579 88.65%
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Table 4 Performance Metrics of TTC at Different Prediction Horizons

SURIUEIZSIS Ryp/km ™! Mg./km ™ M,./km ™! R’
14 0.0915 0.00837 0.0734 95.68%
24 0.2436 0.05934 0.1458 89.36 %
3 0.4315 0.18619 0.2923 83.41%
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Table 5 Comparative Analysis of Performance Metrics for Multiple Models

F55 Y Rysp/km ™! Mg/km ™! M,/ km™ R®

BPNN 0.3848 0.14807 0.2367 82.38%

LSTM 0.3429 0.11758 0.2085 87.85%

GRU 0.2843 0.08082 0.1641 89.62%
Transformer 0.2138 0.04571 0.1487 91.81%
TCN— Transformer 0.1876 0.03519 0.1237 92.77%
Transformer— CrossAttention 0.1358 0.01844 0.0901 93.47%
TTC 0.0915 0.00837 0.0734 95.68%
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Fig.6 Fitting Curves of Actual and Predicted Values for 1-Step (a), 2-Step (b), and 3-Step (c) Forecasts of the Future Atten-
uation Coefficient in Jinan
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Table 6 Evaluation Metrics for Different Forecast Steps in Jinan

UNIESRIS Rys/km ! Mg/km ™ M,./km™" R’
14 0.0878 0.00771 0.0651 96.14%
24 0.2514 0.06320 0.1572 88.73%
3% 0.4489 0.20151 0.3019 82.81%
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BRI o X L 250 9 — 25 45 W 4 - A % BPNN . LSTM . GRU |, Transformer, TCN-Transformer .
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Abstract: Atmospheric channel parameter estimation is a key issue in free space quantum communication
systems. Since transmission performance and link stability are very sensitive to changes in meteorological
conditions. Among these factors, visibility and channel attenuation are particularly important, because they
directly affect the transmission loss of photons, thus affecting the reliability of quantum links. Aiming at the
problem of short—term accurate prediction of atmospheric attenuation parameters, this paper proposes a
TCN-Transformer-Cross Attention ( TTC ) fusion model, and establishes a visibility and attenuation
coefficient prediction framework for free space quantum communication applications. By combining the
ability of Temporal Convolutional Networks ( TCN ) to extract local multi-scale temporal patterns and the
advantages of Transformer architecture in modeling long—distance dependencies, and further introducing
cross—attention mechanism, this method realizes end—to—end multi-step prediction of channel attenuation
coefficient. Based on the hourly meteorological observation data of Baoding City from 2020 to 2025, the
effectiveness of the proposed model is systematically evaluated through multiple prediction tasks and
comparative experiments with several representative benchmark models. The attenuation coefficient of the
free space quantum communication channel is closely related to the time evolution of atmospheric
conditions, especially the meteorological variables related to visibility. Therefore, accurate prediction
depends not only on capturing local fluctuations and short—term change patterns, but also on modeling the
long—term correlation and feature correlation interactions in the observation sequence. In this work, we first
use the hourly meteorological data of Baoding area from 2020 to 2025 to construct a multivariate time series
dataset, and model the prediction of channel attenuation coefficient as a supervised sequence learning
problem. On this basis, one-step, two—step and three—step prediction tasks are designed to evaluate the
short-term prediction ability of the model in different horizons. From the perspective of modeling, the
proposed TTC framework can be understood as a hierarchical fusion architecture with complementary
timing representation mechanism. The TCN branch is responsible for extracting local and multi—scale
temporal features from the input sequence. Through causal convolution and dilated convolution, the
receptive field can be effectively expanded while preserving the temporal order of observations, so that the
model can capture short—term fluctuations, abrupt local changes and potential periodic structures in
atmospheric data. At the same time, Transformer branch is used to learn global context dependence and
long-range temporal interaction through self-attention mechanism. Compared with the simple convolution
or circular structure, this branch is more suitable for describing the long-range correlation between
meteorological observations distributed at different time intervals. In order to further utilize the
complementarity between the two branches, a cross—attention module is introduced for feature alignment
and adaptive fusion. The Cross—Attention mechanism is not a simple series of local features and global
features, but dynamically adjusts the contribution of different representations and enhances the interaction
between different time feature spaces, thereby improving the model 's ability to focus on the most
informative components for attenuation prediction. In this way, the proposed TTC framework establishes
an end—to—end mapping from meteorological time series input to future channel attenuation coefficient,
which provides a reliable prediction architecture for free space quantum communication channel estimation.
Subsequently, root mean square error ( RMSE ), mean square error ( MSE ), mean absolute error (
MAE ) and coefficient of determination ( R”* ) are used to evaluate the prediction performance of the
proposed model, which together provide a comprehensive assessment of the error size and fitting quality.
Several typical models such as BPNN, LSTM, GRU, Transformer, TCN-Transformer and
Transformer-Cross Attention are compared to verify the effectiveness of the proposed fusion strategy. The
experimental results show that the TTC model consistently achieves the best overall performance in
different prediction ranges. In the one-step prediction task, the R2 of the proposed method is 95.68 % and
the RMSE is 0.0915, indicating that the predicted value is highly consistent with the actual channel
attenuation coefficient. The results show that the fusion of local time feature extraction, global dependency
modeling and adaptive feature association interaction can significantly improve the prediction accuracy of
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atmospheric channel parameters. In the two-step and three—step prediction tasks, although the prediction
uncertainty increases naturally with the extension of the prediction time domain, the proposed model still
maintains stable performance, relatively low error level and strong fitting ability. These results confirm that
the TTC architecture not only performs well in real-time forecasting, but also maintains robust short-term
trend forecasting capabilities under more challenging multi—step conditions. Further comparison with other
neural network models reveals the specific advantages of the proposed design. Compared with BPNN, the
TTC model has a stronger ability to characterize the nonlinear time evolution of meteorological data.
Compared with loop architectures such as LSTM and GRU, it more effectively integrates local mutation
learning and long-range dependence modeling, thereby reducing prediction errors and improving goodness
of fit. Compared with the standard Transformer model, the introduced TCN branch enhances the
extraction of local multi-scale patterns that may be underemphasized by using self-attention alone. In
addition, compared with the mixed variants such as TCN-Transformer and Transformer-Cross Attention,
the proposed method has achieved the best results in error-related indicators and fitting indicators, which
further verifies the necessity and effectiveness of combining TCN, Transformer and Cross—Attention into a
unified fusion framework for atmospheric attenuation coefficient prediction. In general, the TTC model
proposed in this paper provides an effective solution for the estimation and short-term prediction of
atmospheric channel attenuation coefficient in free space quantum communication. Its ability to jointly
model local time structure, global sequence dependence and adaptive feature interaction can achieve
accurate and stable prediction in different prediction horizons. The results show that the proposed
framework has considerable potential in channel attenuation estimation, link state prediction and
transmission state evaluation, which can provide useful technical support for improving the reliability and
environmental adaptability of free space quantum communication systems.

Key words: Free-space quantum communication; Deep learning; Attenuation coefficient prediction;
Attention mechanism; Transformer
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