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Terminal Mobility Prediction for Deep Reinforcement
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ABSTRACT

Low Earth orbit (LEO) satellites are crucial for global coverage and real-time communication services.
However, their rapid mobility and unique channel characteristics pose challenges for conventional handover
techniques, leading to frequent disruptions and limited seamless connectivity. Optimized methods are needed to
address the satellites’ movement and the stochastic mobility of user terminals. This paper proposes a novel
approach combining deep learning and reinforcement learning to optimize handovers. Time-series data of
satellite and terminal movements are analyzed to predict the received signal strength (RSSI) using deep
learning. Based on the predicted RSSI, a reinforcement learning-based framework determines the optimal
handover timing. This integration achieves faster convergence and precise handover decisions, enhancing RSSI

and overall system performance.
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Table 1. 3GPP system level simulation parameters
Parameter Value

Satellite type & altitude LEO 600 km
Satellite DL frequency Ka-band(20 GHz)
Satellite EIRP density 4 dBW
Satellite tx max gain 58.5 dBi
Satellite beam diameter 20 km
UE characteristics VSAT
UE rx antenna gain 39.7 dBi
UE noise figure 12 dB
7, T 290 K, 150 K
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Table 2. LSTM model learning parameters

Parameter Value
Input Feature 8
Hidden Parameter 250
LSTM Layer 6
CNN Layer 1
Learning Rate 0.001
Batch Size 64
Dropout Rate 0.2
Time Step 0.1
Data Window 20

# 3. CNN-LSTM =l 3} shejule]
Table 3. CNN-LSTM model learning parameters

Parameter Value
Input Feature 8
Hidden Parameter 250
LSTM Layer 6
CNN Layer 1
Learning Rate 0.001
Batch Size 64
Dropout Rate 0.2
Time Step 0.1
Data Window 20
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