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Direct-to-Device in LEO Satellite Communication
• Global coverage

• Lower latency vs.
MEO/GEO.

• Key 6G use case —
direct LEO-to-handheld
UE devices & IoT in
sub-6 GHz
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Inter Constellation Interference and SINR Prediction
Why is interference challenging?
1. Same band — constellations share sub-6 GHz

per 3GPP TR 38.821, no cross-constellation
coordination

2. No spatial mitigation — UEs lack large
antenna arrays

3. Fast SINR variations — LEO rapid mobility &
handovers make channel highly time-variant

Why predict?
• Outdated MCS⇒ outage
• Predict future SINR at UE to compensate NTN

delay

Channel Aging in NTN

UE measures Γ̃(tk)

CQI feedback sent

Propagation delay
τprop ≈ 2–25ms

Satellite schedules
MCS at tk+h

CSI outdated!
Γ(tk+h) ̸= Γ̃(tk)

RTT
≈ h · ∆t
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Our Contributions

Scenario & Modelling

1. Realistic dual-constellation scenario

2. Noise-adaptive KF

3. Data pipeline

ML & Evaluation

4. Four RNN models
LSTM, GRU, BiLSTM, ED LSTM

5. Conditional outage probability Pout

Beyond NRMSE

6. UE-side feasibility
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System Model
• Channel — 3GPP TR 38.811

• Cyclic frequency reuse — 3GPP TR 38.821 :

• Instantaneous SINR with Poisson stochastic traffic:

Γ(t) =
Ps(t)∑

bi∈I(t)

δbi(t)Pi(t)︸ ︷︷ ︸
I(t)

+NUE(t)

• Noisy SINR measurement — 3GPP TS 38.214: ⇒ additive noise v(tk):

Γ̃(tk) = Γ(tk) + v(tk)
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SINR Prediction: How It Works

time

Γ̃tk

now tk
OBSERVED PREDICTED

compensates RTT ≈ h ·∆t ≈ 2–25 ms

tk−W tk−1 tk

Γ̃(tk−W ), . . . , Γ̃(tk) (noisy measurements)

each sample tagged with
θel(tk)

low θel

mid θel

high θel

PREDICTOR
KF / ML

Γ̂(tk+h) = fθ

(
Γ̃(tk−W+1), . . . , Γ̃(tk)

)
tk+1 tk+h

Γ̂(tk+1), . . . , Γ̂(tk+h) (prediction)
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Dataset Construction: From Measurements to Training Data

Collection
Noisy samples Γ̃(tk)
collected at each TTI

per satellite pass

1

Vectorization
γs =

[Γ̃(t0), . . . , Γ̃(tUs )]
⊤

2

Concatenation
Combined across all
Nsat1 passes in

rise order:

dΓ =

[γ⊤
1 , . . . ,γ⊤

Nsat1
]⊤

3

Tagging
Every sample tagged

with instantaneous
elevation angle:

θel(tk)

ready for partitioning

4

Rise order preserves temporal continuity within each pass ⇒ no data leakage
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Elevation-Based Hard Partitioning of dΓ
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Elevation-Based Hard Partitioning of dΓ
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Why partition by elevation?

(σShF, Ω, K, m, fDoppler) are all elevation-
dependent
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Why partition by elevation?

(σShF, Ω, K, m, fDoppler) are all elevation-
dependent

Optimal window W
(q)
opt:

Largest lag where Γ̃ remains
correlated within bin q:

W
(q)
opt
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Kalman Filter and ML-based Prediction

Noise-Adaptive Kalman Filter

• Adapts to non-stationary
measurement noise v(t) updated
instantaneously at each TTI

• Limitations: exploits only
2nd-order statistics; restricted to
h = 1 single-step prediction

ML-Based Predictors: RNN Families

• multi-horizon
sequence-to-sequence prediction

• Sequential memory: hidden state
hk carries temporal context — FC
layers cannot

• Beyond 2nd-order
• Gating exploits correlation:

LSTM/GRU selectively remember
trends, forget noise spikes
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RNN-based Predictors

bin q=1: past W (1)
opt samples

bin q=2: past W (2)
opt samples

bin q=3: past W (3)
opt samples

bin q=4: past W (4)
opt samples

bin q=5: past W (5)
opt samples

bin q=6: past W (6)
opt samples

bin q=7: past W (7)
opt samples

ML fθ

LSTM

GRU

BiLSTM

ED LSTM

Γ̂(tk+1)

...
Γ̂(tk+h)

h ≥ 1

θel(tk)
selects bin

Training Loss Function
Why MAE and not MSE?
MSE over-penalizes outliers and
destabilizes training; MAE treats all
deviations equally across the horizon

Lθ =
1

h

h∑
τ=1

∣∣∣Γ(tk + τ)− fθ

(
Γ̃(tk −Wopt + 1 : tk)

)∣∣∣
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Simulation Parameters

Parameter Value Description

Coverage & Constellation
W1 Walker Delta, 200 sats, 8 planes Serving constellation
W2 Walker Star, 200 sats, 10 planes Interfering constellation

System (S-band)
Carrier frequency fc = 2.3GHz Sub-6 GHz D2D band
Bandwidth 30MHz Per beam

Simulation & Dataset
Duration 22 h Full orbital coverage
TTI (∆t) 10ms Discrete measurement instant
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Results: SINR Prediction over Time (h = 1)
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• Evaluation Metrics:

1. Normalized Root Mean Square Error (NRMSE)
2. Conditional outage:over-optimistic prediction

Pout = Pr
(
Γ(tk+h) < Γth

∣∣∣ Γ̂(tk+h) ≥ Γth

)
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Results II: Evaluation Metrics NRMSE vs Prediction horizon

2 4 6 8 10
Horizon
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• As h ↑ NRMSE
increases
• NRMSE < 0dB ∀

models and
horizons
• ED LSTM &

BiLSTM degrade
more gracefully for
h > 2
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Results II: Pout & Complexity

h = 1 h = 10
θel Bi LS GR ED KF Bi LS GR ED

20–30 9.5 7.3 8.3 2.4 9.7 15.9 14.8 15.9 19.9
30–40 1.0 3.9 2.7 3.1 3.8 13.7 14.5 15.9 12.2
40–50 2.4 2.7 2.9 2.4 2.5 12.0 10.4 12.1 10.5
50–60 2.2 2.5 2.2 2.6 2.0 10.5 10.5 10.4 9.8
60–70 1.9 1.8 1.9 1.8 1.7 8.5 8.4 8.1 8.1
70–80 2.2 1.9 1.8 2.2 1.9 10.0 9.1 8.8 9.1
80–90 1.6 1.5 1.6 1.6 1.5 8.8 8.0 8.3 9.1

Avg 3.0 3.1 3.1 2.3 3.3 11.3 10.8 11.4 11.2

Bi=BiLSTM LS=LSTM GR=GRU ED=ED LSTM

Γth = 0 dB

FLOPs per inference:
Model FLOPs Params

GRU 4.2 M 105 K
LSTM 5.4 M 134 K
ED LSTM 6.9 M 173 K
BiLSTM 13.9 M 348 K

• Feasible at 1 GOPS —
exceeded by any low-power
embedded processor
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Results III: Takeaways

h = 1 takeaway

ED LSTM best avg 2.3 %
compresses noise⇒
fewer false alarms
KF competitive at
θel ≥ 60

h = 10 takeaway

LSTM best avg 10.8 %
All ML models < 11.4%

⇒ practical for NTN
delays of 2–25 ms

Trade-off:

LSTM — best overall ✓

5.4 M FLOPs, 134 K
params
Pout = 10.8% at h = 10
Recommended for
UE-side deployment

ED LSTM – best at h = 1

6.9 M FLOPs, 173 K
params
Pout = 2.3% at h = 1

Why do models differ?
• BiLSTM: backward

pass smooths dips→
best NRMSE, optimistic
near Γth → highest Pout

• LSTM: causal only,
conservative near Γth

→ best Pout at h = 10

• ED LSTM: fixed zk
replicated h times→
strong at h = 1,
degrades as h↑ ⇒
adaptive dz needed
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Results III: Takeaways

h = 1 takeaway

ED LSTM best avg 2.3 %
compresses noise⇒
fewer false alarms
KF competitive at
θel ≥ 60

h = 10 takeaway

LSTM best avg 10.8 %
All ML models < 11.4%

⇒ practical for NTN
delays of 2–25 ms

Trade-off:

LSTM — best overall ✓

5.4 M FLOPs, 134 K
params
Pout = 10.8% at h = 10
Recommended for
UE-side deployment

ED LSTM – best at h = 1

6.9 M FLOPs, 173 K
params
Pout = 2.3% at h = 1

Why do models differ?
• BiLSTM: backward

pass smooths dips→
best NRMSE, optimistic
near Γth → highest Pout

• LSTM: causal only,
conservative near Γth

→ best Pout at h = 10

• ED LSTM: fixed zk
replicated h times→
strong at h = 1,
degrades as h↑ ⇒
adaptive dz needed

15 / 16

https://www.uni-bremen.de
https://www.ant.uni-bremen.de


DL-based Link Quality
Prediction for D2D LEO NTN

M. A. Vakilifard, P.
Gautam, C. Bockelmann,
A. Dekorsy
12th May 2026

Results III: Takeaways

h = 1 takeaway

ED LSTM best avg 2.3 %
compresses noise⇒
fewer false alarms
KF competitive at
θel ≥ 60

h = 10 takeaway

LSTM best avg 10.8 %
All ML models < 11.4%

⇒ practical for NTN
delays of 2–25 ms

Trade-off:

LSTM — best overall ✓

5.4 M FLOPs, 134 K
params
Pout = 10.8% at h = 10
Recommended for
UE-side deployment

ED LSTM – best at h = 1

6.9 M FLOPs, 173 K
params
Pout = 2.3% at h = 1

Why do models differ?
• BiLSTM: backward

pass smooths dips→
best NRMSE, optimistic
near Γth → highest Pout

• LSTM: causal only,
conservative near Γth

→ best Pout at h = 10

• ED LSTM: fixed zk
replicated h times→
strong at h = 1,
degrades as h↑ ⇒
adaptive dz needed

15 / 16

https://www.uni-bremen.de
https://www.ant.uni-bremen.de


DL-based Link Quality
Prediction for D2D LEO NTN

M. A. Vakilifard, P.
Gautam, C. Bockelmann,
A. Dekorsy
12th May 2026

Conclusion & Future Work

• Proposed a complete SINR prediction
framework for LEO direct-to-device links
under inter-constellation interference
• Noise-adaptive KF
• Elevation-based partitioning and training
• Pout < 11% at h = 10 for all ML models⇒

practical for 2–25 ms NTN delays
• LSTM: best complexity–outage trade-off; all

models ≤ 350K params / ≤ 14M FLOPs

Open-Source Code & Paper

System Simulator Paper

3DANTS MKT26 2026

Thank you for your
attention!
vakilifard@ant.uni-bremen.de
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System Model: Dual-Constellation and Interference Scenario
• Coverage region A with rA: 7

hexagonal cells,
• ServingW1: Walker Delta
• InterferingW2: Walker Star
• Cyclic frequency reuse:
κ = (j mod L) + 1

• Serving satellite selection:

bs(t) = arg max
b∈S(t)

θ
(b)
el (t), S(t) ⊆ W1

• I(t) ⊆ B(t): visibleW2 satellites
sharing frequency κ with bs(t)

Channel: 3GPP TR 38.811
Shadowed-Rician SSF with elevation-dependent
(Ω,K,m); free-space + atmospheric path loss +
large scale shadow fading

Instantaneous SINR:

Γ(t) =
Ps(t)∑

bi∈I(t)

δbi(t)Pi(t)︸ ︷︷ ︸
I(t)

+NUE(t)

Stochastic traffic δbi (t) ∈ {0, 1} causes jumpy,
non-stationary Γ(t). 2 / 12
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Noisy SINR Measurement Model

• UE measures Ps(tk) and I(tk) at discrete TTI instants tk = k ·∆t
Ps: from reference signals I: measured on dedicated resources

• Additive noise model: Γ̃(tk) = Γ(tk) + v(tk)
arising from power estimation

errors on Ps and I

• Explicit noise model:

Γ̃(tk) =
Ps(tk) + ns

I(tk) + nI
, ns ∼ N (0, σ2

ns
), nI ∼ N (0, σ2

nI
)
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Noise-Adaptive Kalman Filter: Motivation & Limitation
• Standard KF assumes stationary noise covariances

In LEO NTN, both noise sources are non-stationary:

• σ2
v(tk): varies with elevation-dependent Ps(tk) and I(tk)

• Qtk : driven by interference dynamics and orbital geometry

Adaptive covariances capture this non-stationarity at negligible additional
compute cost
• KF is inherently restricted to single-step h = 1 prediction

Cannot generalize to h > 1 without error accumulation

⇒ ML-based multi-horizon prediction is necessary to compensate NTN
delays of 2–25 ms
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ML-Based SINR Prediction: Multi-Horizon Formulation
• ML formulates prediction as supervised sequence-to-sequence regression
⇒ any horizon h > 1

• Input: window of W (q)
opt past noisy SINR samples from the current elevation

bin q:
ω

(q)
tk

= [Γ̃(t
k−W

(q)
opt+1

), . . . , Γ̃(tk)] ∈ RW
(q)
opt

bin-q model selected by UE-measured θel(tk)

• Output: h-step ahead SINR prediction:

γ̂(q)
s [tk+1 : tk+h] = fθ

(
ω

(q)
tk

)
∈ Rh
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ML-Based SINR Prediction: Recurrent Architectures

• LSTM & GRU
• 2 stacked recurrent layers
• 100 hidden units per layer
• 3-layer MLP prediction head
• Multi-step output horizon h

• BiLSTM
• Bidirectional temporal processing
• Forward and backward sequence dependencies
• Enhanced temporal context representation
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ML-Based SINR Prediction: Encoder–Decoder LSTM

• Encoder–Decoder LSTM (ED LSTM)
• Encoder layers: [100, 50, 15]
• Latent representation: dz = 128
• Decoder layers: [50, 100]
• Bottleneck replicated across horizon
• Sequence-to-sequence prediction for multi-step SINR forecasting

7 / 12

https://www.uni-bremen.de
https://www.ant.uni-bremen.de


DL-based Link Quality
Prediction for D2D LEO NTN

M. A. Vakilifard, P.
Gautam, C. Bockelmann,
A. Dekorsy
12th May 2026

Elevation-Based Hard Partitioning of dΓ

• why? (σShF, Ω, K, m, fDoppler) are all elevation-dependent

Specialist dataset to preserve homogeneous fading statistic.
• How? Q = 7 bins, q ∈ {1, . . . , 7} Bin q: θel ∈ [ 10(q+1), 10(q+2) ),

d
(q)
Γ : all samples in bin q ⇒ homogeneous distribution parameters⇒

better-conditioned training

PACF-based input window per bin: W
(q)
opt = minι

{
ρ(γ(q), ι) < 0.2

}
• Role of θel : two uses Offline: partitioning label→ assigns each Γ̃(tk) to bin q

Online: model selector at inference→ UE measures θel(tk), picks bin-q model

Not a runtime input feature⇒ label-free, lightweight inference
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Noise-Adaptive Kalman Filter
• Key idea: standard KF assumes stationary noise — in LEO NTN both noise

sources are non-stationary

• Adaptive process noise Qtk : re-estimated every W
(q)
opt steps from recent

innovation variance

Qtk = σ2
Q

[
∆t4/4 ∆t3/2
∆t3/2 ∆t2

]
• Adaptive measurement noise via error propagation from Ps, I:

σ2
v(tk) =

σ2
ns

I2(tk)
+

P 2
s (tk)σ

2
nI

I4(tk)

updated instantaneously at each TTI

• Limitation: h = 1 only⇒ motivates ML for h > 1
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ML-Based SINR Prediction: Recurrent Neural Network
Architectures

R(1)
Φ,u1

R(2)
Φ,u2

R(LΦ)
Φ,uLΦ

h
(0)
k = ω

(q)
tk

h
(ℓ)
k

−→
h k

←−
h k

Only for BiLSTM

h
(ℓ)
k = [

−→
h k;
←−
h k]

Zoom-in for Φ

LSTM / GRU / BiLSTM architectures
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ML-Based SINR Prediction: Encoder–Decoder LSTM
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Encoder–Decoder LSTM architecture
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ML-Based SINR Prediction: Evaluation Metrics

• Prediction accuracy — NRMSE per bin q, horizon h:

NRMSE(q,h) =

√√√√√√√√√
1

U
(q)
testh

∑
k,τ

[
Γ(tk+τ)− Γ̂(tk+τ)

]2
1

U
(q)
testh

∑
k,τ

[
Γ(tk+τ)− γ̄(q)s

]2
normalized by signal variance⇒ comparable across elevation bins
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