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Abstract
Radio maps provide rich information about the
radio landscape that is useful to a myriad of wire-
less communication and sensing applications. In
contrast to the scenario with fixed-position trans-
mitters, the transmitter in the unmanned aerial ve-
hicle (UAV)-assisted communication scenario can
move along a predefined trajectory, resulting in a
continuously evolving long-term radio map. To
address this long-term radio map prediction prob-
lem, existing deep learning-based methods that
follow the image-to-image translation approach
suffer from significant complexity and limited ac-
curacy due to their independent frame-by-frame
construction method, which neglects the temporal
correlation of radio characteristics. In this work,
we formulate the long-term radio map prediction
problem in the UAV-assisted communication sys-
tem as a conditioned video generation task. In
particular, we propose a lightweight model that en-
codes the static environment only once, conditions
radio map prediction on both the environment
and the UAV trajectory, and refines the generated
sequence in the temporal domain by exploiting
double-sided dependencies. Experiments on a
large-scale simulated dataset demonstrate that the
proposed method consistently improves predic-
tion accuracy and temporal consistency while re-
ducing computational redundancy compared with
both static baselines and sequential baselines. The
source code is available at GitHub repository.

1. Introduction
A radio map characterizes the spatial distribution of radio-
frequency quantities, such as channel path loss, in the
wireless environments (Zhang et al., 2024; Bi et al., 2019;
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Romero & Kim, 2022; Zeng et al., 2024). By capturing the
radio propagation landscape, radio maps enable numerous
wireless applications, including spectrum management in
cognitive radio networks (Bi et al., 2019; Romero & Kim,
2022), localization (Yapar et al., 2023), and unmanned aerial
vehicle (UAV) path planning (Zhang et al., 2019; Zhang &
Zhang, 2021).

Most existing deep learning (DL)-based radio map construc-
tion methods are developed for static configurations with
fixed-position transmitters. In particular, RadioUNet (Levie
et al., 2021) formulates radio map estimation as an image-to-
image translation problem and demonstrates that the U-Net
architecture (Ronneberger et al., 2015) can accurately pre-
dict radio maps from environment maps. Building on this
idea, subsequent studies have explored more advanced gen-
erative models, including GAN-based method (Zhang et al.,
2023) and diffusion model (Wang et al., 2025), to further
improve prediction accuracy. However, these approaches
are restrictive in emerging UAV-assisted wireless systems,
where the transmitter is mounted on a moving aerial plat-
form that follows a predefined trajectory (Zeng et al., 2019;
Wu et al., 2018). In such scenarios, the radio field over the
service area evolves continuously with the UAV position
and exhibits strong temporal correlations. Consequently, the
desired output is a sequence of radio maps in video form,
where each frame corresponds to the radio map associated
with a particular UAV position. We refer to such a radio
map sequence as a long-term radio map in this work.

The long-term radio maps are valuable because many down-
stream tasks depend not only on instantaneous coverage,
but also on its temporal evolution. For example, terrestrial
base stations may use the radio map sequence to adapt beam
steering, cooperative transmission, or handover as the UAV
moves, while a network controller may exploit it to antici-
pate coverage holes, schedule users proactively, or evaluate
candidate UAV trajectories prior to deployment (Zhang &
Zhang, 2021; Hoffmann & Kryszkiewicz, 2023).

A straightforward way to construct such a long-term radio
map is to apply the static estimators in (Levie et al., 2021;
Zhang et al., 2023; Wang et al., 2025) independently at
every waypoint along the trajectory. However, this frame-
by-frame strategy is suboptimal because it repeatedly pro-
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cesses the same static environment and fails to exploit the
strong correlation between nearby UAV positions, where
the radio map should typically vary smoothly. As a result,
it incurs unnecessary computational cost and may produce
temporally inconsistent predictions, which can in turn lead
to unstable downstream decisions.

In this paper, we study the long-term radio map predic-
tion problem for UAV-assisted communication, where a
UAV-mounted transmitter moves along a predefined trajec-
tory over a static environment. Given an environment map
and a UAV trajectory, we propose to solve the problem via
the paradigm of conditioned video generation. In partic-
ular, we propose a lightweight network that encodes the
static environment once, conditions radio map prediction on
the UAV trajectory and the static environment, and refines
the generated video in the temporal domain by exploiting
double-sided dependencies. Experimental results show that
the proposed model improves prediction accuracy, produces
temporally consistent radio map transitions, and achieves
better amortized inference efficiency than both frame-by-
frame static baselines and sequential baselines.

2. Related Work
Temporally-correlated radio map estimation. Recent
work has investigated temporally-correlated radio map
estimation induced by moving obstacles, in which a
ConvLSTM-based autoregressive model is trained to fore-
cast future radio maps from a sequence of historically ob-
served radio maps (Cheng et al., 2026). However, the au-
toregressive design suffers from two major limitations. First,
since each radio map in the sequence is generated sequen-
tially, the inference latency scales linearly with the predic-
tion horizon. Second, the model exploits only single-sided
temporal dependencies from the historical observations to
the current prediction, which restricts its representational
capacity. In contrast, our model generates the whole radio
map sequence simultaneously in a single forward pass. This
design admits parallel processing across frames, thereby
reducing the amortized latency. Moreover, it enables the ex-
ploitation of double-sided temporal dependencies, in which
each frame is informed by both past and future frames,
thereby enhancing representational capacity and improving
overall prediction accuracy (Zhu et al., 2023).

Conditioned video generation. Our problem can be nat-
urally viewed as conditioned video generation, where the
condition consists of the static environment and the UAV
trajectory. Recent advances in video generation, especially
diffusion-based models, have shown strong capability in
producing temporally coherent sequences (Ho et al., 2022).
However, state-of-the-art video generation models typically
incur high computational cost due to large model sizes

or iterative sampling procedures (Blattmann et al., 2023),
making them less suitable for deployment in wireless sys-
tems with strict latency and resource constraints. Instead,
we advocate for a lightweight model design that leverages
problem-specific inductive biases to achieve a better balance
between accuracy and computational efficiency.

3. Problem Formulation
Trajectory-induced long-term radio map. We consider
a UAV-assisted communication scenario where a transmitter
is mounted on a UAV flying along a predefined trajectory
Q = [q1, · · · ,qT ] ∈ R2×T for safety consideration, where
qt ∈ R2×1 represents the horizontal location of the UAV
at time slot t, ∀t{1, · · · , T}.1 Consider a region of interest
R ⊂ R2 discretized into H × W grids. The static prop-
agation environment is represented by a bird’s-eye-view
building-height map E ∈ RH×W , where the (i, j)-th entry
[E]i,j denotes the building height if grid (i, j) is occupied
by a building and zero otherwise. At each time slot t, the
radio map is determined by both the environment E and the
UAV location qt, and is denoted by P(E,qt) ∈ RH×W ,
whose entries represent the path loss from the transmitter to
the associated grid center. Further details on the path loss
definition and the environment-aware radio map formulation
can be found in (Zhu et al., 2026a;b).

Stacking the radio maps across all time slots yields a long-
term radio map V(E,Q) ∈ RT×H×W , where the t-th
frame is given by [V(E,Q)]t,:,: = P(E,qt). Since both
the environment E and the trajectory Q are known a priori,
the entire sequence V(E,Q) can be predicted before the
UAV is deployed.

Learning task. To exploit the spatiotemporal correlation
between consecutive radio map frames, we formulate the
problem as a conditioned video generation task. This for-
mulation departs from conventional radio map estimators,
which predict P(E,qt) independently for each transmitter
location and therefore ignores temporal coherence (Levie
et al., 2021; Zhang et al., 2023; Wang et al., 2025). For-
mally, given the static environment E and a UAV trajectory
Q, the goal is to learn a mapping fθ that generates the entire
sequence of radio maps:

fθ : (E,Q) 7−→ V̂(E,Q) ∈ RT×H×W , (1)

where V̂(E,Q) denotes the predicted long-term radio map.
Given a training set D = {(E(n),Q(n),V(n))}Nn=1, where
V(n) ≡ V(E(n),Q(n)), the model parameters θ are learned

1We assume a fixed UAV altitude higher than the maximum
building height, so that the transmitter location is fully specified
by its horizontal coordinates (Wu et al., 2018).
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by minimizing

Lθ =
1

N

N∑
n=1

[
Lrec

(
V̂(n),V(n)

)
+ λLtc

(
V̂(n),V(n)

)]
.

(2)
where V̂(n) = fθ(E

(n),Q(n)) and λ ≥ 0 balances per-
frame reconstruction accuracy and temporal consistency.
The reconstruction term Lrec(·, ·) is defined as the mean-
squared error over all frames and grids:

Lrec(V̂,V) =
1

THW

T∑
t=1

∥∥∥V̂t −Vt

∥∥∥2
F
, (3)

where Vt = [V(E,Q)]t,:,: and V̂t = [V̂(E,Q)]t,:,: de-
note the t-th frame of ground-truth and predicted radio
map sequence, respectively. To encourage temporal co-
herence, Ltc(·, ·) matches the first-order temporal differ-
ences between consecutive radio map frames. Let ∆Vt =
Vt+1 −Vt and ∆V̂t = V̂t+1 − V̂t denote the frame-to-
frame variations of the ground-truth and predicted long-term
radio maps at time slot t ∈ {1, · · · , T − 1}, respectively.
Then, Ltc(·, ·) can be expressed as

Ltc(V̂,V) =
1

(T − 1)HW

T−1∑
t=1

∥∥∥∆V̂t −∆Vt

∥∥∥2
F
. (4)

4. Methodology
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Figure 1. High-level overview of the proposed model for long-term
radio map construction. A detailed module-level architecture is
provided in Appendix A.

Architecture overview. We instantiate the mapping fθ as
a spatiotemporal encoder-decoder network. The key idea is
to separate time-invariant information, i.e., the static envi-
ronment encoded by the building map, from time-varying
information, i.e., the transmitter location along the UAV
trajectory. This design allows the static environment to be
encoded only once and reused across all time slots, thereby
reducing redundant computation. As shown in Figure 1,
the proposed model consists of four main modules: i) a
shared environment encoder, which extracts a multi-scale
feature pyramid from the static building map, ii) a trans-
mitter control encoder, which converts each waypoint into
transmitter-dependent conditioning features, iii) a decoder

and prediction head, which fuses these features to recon-
struct the long-term radio map, and iv) a temporal refine-
ment module, which captures inter-frame dependencies in
a compact latent space by considering double-sided tempo-
ral correlations. The following paragraphs describe these
modules in detail

Static scene encoder. The static scene encoder aims to
extract a reusable multi-scale representation of the environ-
ment from the building map E. To explicitly model the
sharp geometric transitions, we augment E with a fixed
edge map computed using Sobel operators:

G(E) =
√
(Sx ∗E)2 + (Sy ∗E)2 + ϵ, (5)

where ∗ denotes convolution and ϵ > 0 is a small con-
stant for numerical stability. The resulting two-channel
input Concatc(E,G(E)) is then passed through a resid-
ual convolutional encoder with progressive downsampling,
where Concatc(·, ·) denotes channel-wise concatenation.
Specifically, an initial residual stem produces full-resolution
features, followed by a sequence of downsampling blocks
that generate increasingly coarse representations with larger
receptive fields. This yields a scene feature pyramid{

S(0),S(1), . . . ,S(L)
}
= Φscene (Concatc(E,G(E))) ,

(6)
where S(ℓ) denotes the scene feature map at scale ℓ. Because
E is static over time, this scene pyramid is computed once
and then broadcast across all T time slots to provide shared
spatial context for the subsequent decoding process.

Transmitter-centric control representation. This mod-
ule converts each UAV waypoint into a dense transmitter-
centric representation that provides frame-specific condi-
tions. For each waypoint qt, we construct a two-channel
control map Ct ∈ R2×H×W that encodes the transmitter
location in image form. The first channel is a Gaussian
heatmap Cheat

t ∈ RH×W centered at the transmitter:

[Cheat
t ]i,j = exp

(
−∥gij − qt∥22

2σ2

)
, (7)

where gij denotes the centroid of grid (i, j) and σ controls
the spatial spread. The second channel is a normalized
log-distance map Cdist

t ∈ RH×W :

[Cdist
t ]i,j =

log
(
1 + α∥gij − qt∥2

)
log(1 + αdmax)

, (8)

where α is a scaling constant and dmax is the maximum
distance in the normalized grid.

Each control map is then processed independently by a
lightweight multi-scale encoder:{

U
(0)
t ,U

(1)
t , . . . ,U

(L)
t

}
= Φctrl(Ct), (9)

3
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where U
(ℓ)
t denotes the control feature map at scale ℓ. The

encoder is designed such that U(ℓ)
t is spatially aligned with

the scene feature map S(ℓ), enabling feature fusion at cor-
responding resolutions in the decoder. To further obtain
a compact summary of the transmitter state at time slot t,
we apply global average pooling (GAP) to the multi-scale
control features and concatenate the resulting vectors:

zt = ConcatLℓ=0

(
GAP(U

(ℓ)
t )

)
, (10)

where ConcatLℓ=0(·) denotes the ordered concatenation over
the scale index ℓ. The descriptor zt is later used to modu-
late decoder features, while the control pyramid {U(ℓ)

t }Lℓ=0

provides transmitter-dependent condition at each resolution.

Decoder and prediction head. The decoder reconstructs
the long-term radio map in a coarse-to-fine manner by com-
bining three complementary information streams: the shared
scene pyramid {S(ℓ)}Lℓ=0, the control pyramid {U(ℓ)

t }Lℓ=0,
and the compact control descriptor zt, ∀t ∈ {1 · · · , T}. For
each time slot t, the coarsest scene and control features are
first concatenated and fused by a bottleneck residual block:

H
(L)
t = Ψbot

(
Concatc(S

(L),U
(L)
t )

)
, (11)

The decoder then applies a sequence of upsampling-fusion
operators. At scale ℓ, the current latent feature is bilinearly
upsampled and projected, modulated by feature-wise affine
conditioning driven by zt (Perez et al., 2018), and concate-
nated with the aligned scene and control skip features. A
residual fusion block is then used to aggregate these signals:

H
(ℓ)
t = Ψ(ℓ)

up

(
H

(ℓ+1)
t ,S(ℓ),U

(ℓ)
t , zt

)
, ℓ = L− 1, . . . , 0.

(12)
In our implementation, the temporal refiner is inserted af-
ter the decoder reaches the intermediate scale ℓ = 2, as
described in the next paragraph. The remaining decoder
stages subsequently operate on the refined latent representa-
tion {H̃(2)

t }Tt=1 to recover full-resolution features. Finally,
a lightweight residual prediction head, implemented as a
residual block followed by a 1× 1 convolution, produces a
single-channel correction map Rt. To explicitly capture the
coarse distance-dependent attenuation trend, we introduce a
learnable radial prior from the normalized log-distance map
Cdist

t :
Mt = aCdist

t + b1, (13)

where 1 ∈ RH×W is an all-ones matrix and a, b ∈ R are
learned scalar parameters. The final prediction is then given
by

V̂t = Rt +Mt. (14)

Temporal refinement in latent space. The temporal re-
finement module aims to capture inter-frame dependency
after the static scene features and transmitter-conditioned

features have been fused. Since the UAV trajectory is prede-
fined, we therefore adopt a non-causal refinement strategy
that can leverage both past and future context for each frame.
In our implementation, temporal refinement is performed
at the intermediate decoder scale ℓ = 2, i.e., at spatial reso-
lution H/4×W/4. This choice keeps temporal modeling
efficient while preserving the key structure needed for accu-
rate reconstruction.

Let H(2)
t ∈ RC2×H/4×W/4 denote the partially decoded

latent feature at time slot t after the first two upsampling
stages. Stacking {H(2)

t }Tt=1 over time yields a sequence
tensor H

(2)
1:T of dimension C2 × T × H/4 × W/4. We

refine this tensor using a lightweight spatiotemporal block.
Each block first performs spatial mixing independently at
each time step using a depthwise convolution with kernel
size (1, 3, 3), followed by a pointwise 1× 1× 1 projection.
Temporal interaction is then introduced by a symmetric
temporal operator

T (X) =
1

2

(
h(X) + Rev

(
h(Rev(X))

))
, (15)

where h(·) denotes a depthwise temporal convolution with
kernel size kt followed by pointwise channel mixing, and
Rev(·) reverses the feature sequence along the time axis.
After group normalization and GELU activation, the refined
feature is added back to the input through a residual connec-
tion. Repeating this block a small number of times yields
the temporally refined latent sequence

{H̃(2)
t }Tt=1 = Φtemp

(
H

(2)
1:T

)
. (16)

The refined latent sequence is then passed to the remaining
decoder stages to reconstruct the full-resolution radio maps.

5. Experiments
5.1. Baselines

We compare the proposed method with three representative
baselines that cover recurrent, volume-based, and per-frame
prediction paradigms. All baselines are trained from scratch
on the same dataset, using identical data splits, optimizer,
and loss function as the proposed model. Details of the
dataset construction and splits are provided in Appendix B.

1. ConvLSTM: We implement an autoregressive
encoder-decoder based on ConvLSTM units as
in (Cheng et al., 2026), which predicts the radio map
sequence sequentially from the static environment map
E and the per-frame transmitter location.

2. 3D U-Net: We adopt a naive 3D U-Net that treats
the task as direct spatiotemporal volume prediction. It
takes E together with a trajectory-conditioned trans-
mitter tensor as input and outputs the full long-term
radio map in a single forward pass.

4
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3. RadioUNet: We adapt RadioUNet (Levie et al., 2021)
to the dynamic setting by applying it independently
at each UAV position and stacking the predictions to
form a radio map sequence.

5.2. Metrics

We evaluate the proposed model and the baselines using
three groups of metrics: i) radio map reconstruction fi-
delity, including root mean square error (RMSE) and struc-
tural similarity index measure (SSIM) (Wang et al., 2004),
ii) temporal-evolution consistency, measured by delta-map
RMSE (DM-RMSE), and iii) communication-oriented cov-
erage utility, measured by coverage intersection over union
(CIoU). All metrics are computed on denormalized radio
maps with path loss values in dB scale.

Radio map reconstruction fidelity. RMSE and SSIM
evaluate the per-frame quality of the generated radio map se-
quence, which quantify the task from a radio map sequence
reconstruction perspective. Specifically, RMSE measures
the average pixel-wise reconstruction error over space and
time, which is reported as the square-root of (3). SSIM
is computed frame-wise using the standard window-based
implementation (Wang et al., 2004) and then averaged over
the trajectory.

Temporal-evolution consistency. In long-term radio map
construction, accurate frame-wise prediction is not suffi-
cient. The generated raio maps should also evolve smoothly
and consistently as the transmitter moves along its trajectory.
Therefore, we report DM-RMSE, the square-root counter-
part of (4), to evaluate whether the model preserves the tem-
poral difference patterns between consecutive radio maps.

Communication-oriented coverage utility. Beyond
pixel-level reconstruction, radio maps are often used to
support coverage analysis and communication-aware deci-
sion making. We therefore report CIoU, which measures
whether the predicted map correctly identifies the service-
able coverage region under a given path loss threshold. For a
threshold γ dB, we define Cγ

t = {(i, j) ∈ Ω | [Vt]i,j ≤ γ}
and Ĉγ

t =
{
(i, j) ∈ Ω | [V̂t]i,j ≤ γ

}
as the ground-truth

and predicted coverage regions at time slot t, respectively,
where Ω = {1, . . . , H} × {1, . . . ,W} denotes the set of
grids. The CIoU at threshold γ is then computed as

CIoU@γ =
1

T

T∑
t=1

∣∣∣Cγ
t ∩ Ĉγ

t

∣∣∣∣∣∣Cγ
t ∪ Ĉγ

t

∣∣∣+ ε
, (17)

where ε is a small constant for numerical stability. In the
experiments, we report CIoU@γ for γ ∈ {100, 90}dB, cor-
responding to increasingly stricter coverage requirements.

5.3. Quantitative and Qualitative Evaluation

Figure 2. Qualitative comparison on a test environment and the
corresponding trajectory: (a) Ground Truth, (b) Proposed, (c)
ConvLSTM, (d) 3D U-Net, and (e) RadioUNet. The rows display
the radio map at time t = 1, 32, and 64, respectively.

Table 1 summarizes both reconstruction accuracy and com-
putational cost. Compared with the strongest baseline 3D
U-Net, our model reduces RMSE from 1.0443 to 0.8863 and
improves SSIM from 0.9418 to 0.9566. The gain is even
more pronounced relative to the frame-wise RadioUNet
baseline, which confirms that exploiting inter-frame corre-
lation is important for long-term radio map construction.
Importantly, our method also obtains the lowest DM-RMSE,
indicating that it better captures frame-to-frame evolution.
The consistently higher CIoU values across two thresholds
further show that our predictions recover the coverage struc-
ture more faithfully.

The lower block of Table 1 shows that our model has a
parameter count comparable to ConvLSTM, but requires
substantially fewer FLOPs than ConvLSTM, 3D U-Net,
and frame-wise RadioUNet. Its inference time is also
much lower than sequential ConvLSTM and frame-wise Ra-
dioUNet. Although batched RadioUNet achieves the lowest
raw inference time, it does not model temporal dependence
and therefore exhibits the worst prediction quality. Overall,
these results suggest that sharing the scene representation
across the trajectory and performing temporal refinement
in a compact latent space provides an effective trade-off
between accuracy, temporal consistency, and efficiency for
long-term radio map generation.

Figure 2 shows a representative qualitative comparison of
predicted long-term radio maps, with additional examples
provided in Appendix C. Our method produces radio maps
that are visually closest to the ground truth. In contrast,
the frame-wise RadioUNet baseline tends to produce over-
smoothed predictions and less accurate boundary regions.
ConvLSTM and 3D U-Net capture some temporal structure,
but they can introduce noticeable errors in early frames,
which then affect the visual consistency of the sequence.
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Table 1. Performance and efficiency on the test set. The upper block reports prediction quality, while the lower block reports model
complexity and inference cost. “RadioUNet (batch)” evaluates all frames in parallel and is included only as a throughput-oriented
implementation of the frame-wise baseline.

Metric Ours ConvLSTM 3D U-Net RadioUNet RadioUNet (batch)

RMSE ↓ 0.8863± 0.1892 1.3845± 0.2587 1.0443± 0.2387 1.6942± 0.3970 –
SSIM ↑ 0.9566± 0.0157 0.9317± 0.0219 0.9418± 0.0207 0.8953± 0.0356 –
DM-RMSE ↓ 0.8547± 0.1892 0.9974± 0.1988 0.9056± 0.1989 1.2773± 0.3331 –
CIoU@100 ↑ 0.9438± 0.0271 0.9220± 0.0357 0.9354± 0.0314 0.9131± 0.0405 –
CIoU@90 ↑ 0.9674± 0.0160 0.9211± 0.0233 0.9543± 0.0192 0.8503± 0.0681 –

Trainable params 7.74M 7.63M 10.52M 13.27M 13.27M
FLOPs 237.67G 425.24G 494.10G 375.94G 375.94G
Inference time (ms) 22.78± 7.43 92.98± 0.52 19.96± 4.13 175.42± 0.18 14.95± 6.92

Table 2. Reduced-frame generation and temporal interpolation for long-term radio map construction. For K ∈ {32, 16, 8}, the model
is evaluated only at K uniformly sampled anchor frames, and the remaining radio maps are recovered by linear interpolation. The last
column evaluates the model at all T = 64 frames and serves as the reference.

Metric K = 32 K = 16 K = 8 Dense (T = 64)

RMSE ↓ 0.9400± 0.1989 1.0860± 0.2325 1.4086± 0.3059 0.8863± 0.1892
SSIM ↑ 0.9497± 0.0178 0.9331± 0.0234 0.9037± 0.0336 0.9566± 0.0157
DM-RMSE ↓ 0.9496± 0.2084 1.0291± 0.2283 1.0800± 0.2401 0.8547± 0.1892
CIoU@100 ↑ 0.9431± 0.0273 0.9410± 0.0280 0.9347± 0.0308 0.9438± 0.0271
CIoU@90 ↑ 0.9546± 0.0230 0.9312± 0.0360 0.8849± 0.0604 0.9674± 0.0160

FLOPs 119.31G 60.12G 30.53G 237.67G
Inference time (ms) 14.34± 0.20 8.79± 0.21 6.29± 0.22 22.78± 7.43

5.4. Reduced-Frame Generation and Temporal
Interpolation

This experiment evaluates how generating only a subset
of radio map frames affects the reconstruction quality and
inference efficiency of long-term radio map. In the dataset,
each UAV trajectory is represented by an ordered sequence
of T = 64 waypoints. The radio map corresponding to the
t-th waypoint is treated as the t-th frame of the long-term
radio map. To reduce computational cost, we uniformly se-
lect K ∈ {32, 16, 8} anchor frame indices from the original
sequence, including the first and last frames. The proposed
model is evaluated only at these anchor frames to obtain
radio map predictions at the associated UAV positions. The
complete 64-frame radio map sequence is then reconstructed
by applying linear interpolation along the temporal dimen-
sion. The interpolated radio map sequences are compared
with the ground-truth using the same evaluation protocol as
in Section 5.3.

Table 2 reports the interpolation results under different num-
bers of anchor frames, with dense 64-frame inference in-
cluded as a reference. When K = 32, the proposed scheme
preserves 99.28% of the SSIM achieved by dense infer-
ence, while reducing FLOPs by 1.99× and inference time
by 1.59×. The coverage metrics remain nearly unchanged,
particularly at γ = 100 dB. When K = 16, the recon-
structed long-term radio map still retains 97.54% of the
dense-inference SSIM, with a 3.95× reduction in FLOPs.
Further reducing the number of anchors to K = 8 pro-

vides the largest computational saving, but causes more
significant degradation in RMSE, SSIM, and CIoU. Overall,
these results indicate that evaluating the proposed model
at a reduced number of anchor frames and interpolating
the remaining frames offers a practical accuracy-efficiency
trade-off for long-term radio map construction.

6. Conclusion
We studied long-term radio map construction in a UAV-
assisted communication scenario, where the transmitter
moves along a known UAV trajectory over a static envi-
ronment. Different from the conventional static radio map
estimators, we formulated the problem as a conditioned
video generation task, enabling the model to fully capture
the spatiotemporal correlations among consecutive radio
map frames. The proposed model combined shared scene
encoding, per-frame transmitter conditioning, and latent
temporal refinement, which together provided a principled
way to balance spatial fidelity, temporal coherence, and com-
putational efficiency. An important direction for future work
is to consider more challenging scenarios, such as online
causal prediction, and joint integration with downstream
tasks such as trajectory planning, handover control, and
resource allocation.
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A. Detailed Model Architecture
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Figure 3. Detailed architecture of the proposed model for long-term radio map construction. The figure illustrates the main processing
modules, information flow, and intermediate representations used to generate long-term radio map from the environment representation
and UAV trajectory.

Figure 3 provides the detailed module-level architecture of the proposed model, complementing the high-level overview
presented in the main text.

B. Long-term Radio Map Dataset
We construct a long-term radio map dataset using a ray-tracing simulator (Hoppe et al., 2017) over 320 urban environments
extracted from OpenStreetMap. The environments are sampled from four cities: Ankara, Berlin, Ljubljana, and Tel Aviv.
Each environment covers a 128m × 128m area and is discretized with a spatial resolution of ∆ = 1m, resulting in an
environment representation E ∈ R128×128.

For each environment, we generate 30 UAV trajectories. Each trajectory is represented by an ordered sequence of T = 64
waypoints, with a spacing of 2m between adjacent waypoints. This results in a total of N = 9,600 long-term radio maps,
corresponding to 614,400 individual radio map snapshots.

We split the dataset at the environment level: 70% of the environments, together with all associated trajectories, are used for
training, 20% for validation, and 10% for testing. This split prevents building layouts from appearing in multiple partitions
and therefore provides a stricter evaluation of generalization to unseen urban environments.
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C. Additional Qualitative Results

Figure 4. Qualitative comparison on a test environment and the corresponding trajectory: (a) Ground Truth, (b) Proposed, (c) ConvLSTM,
(d) 3D U-Net, and (e) RadioUNet. The rows display the radio map at time t = 1, 16, 32, 48, and 64, respectively.
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