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Abstract

Atmospheric light detection and ranging (lidar) measurements of the attenuated backscatter
coefficient (ABSC) form high-dimensional vertical profiles that vary across multiple tempo-
ral scales. Directly processing the original time-domain sequence with a single prediction
structure may entangle information associated with these different scales. To address this
issue, we propose FFT-FDNet, a frequency-domain decomposition network based on fast
Fourier transform (FFT). FFT-FDNet explicitly decomposes the input sequence along the
temporal dimension into low-, mid-, and high-frequency components. Branch-specific
predictors model these components separately, and a learnable fusion layer combines their
outputs to forecast future ABSC profiles. Experiments were conducted using continuous
single-site lidar observations from the Tokyo station at a temporal resolution of 15 min.
FFT-FDNet was compared with eight representative time-series forecasting models at fore-
cast horizons of 2, 4, and 6 h. Across the three horizons, FFT-FDNet achieved the lowest
mean MAEstd and MSEstd and the highest mean R2 among the evaluated methods. At the
2 h horizon, these metrics were 0.1221, 0.4116, and 0.7505, respectively. The ablation results
showed consistent performance degradation after removing the FFT decomposition, low-
frequency branch, or mid-frequency branch, whereas the high-frequency branch provided
modest improvements at some forecast horizons. The frequency band sensitivity analysis
supported the use of (ν1, ν2) = (0.10, 0.45) among the evaluated cutoff combinations. These
results suggest that FFT-based three-band decomposition is useful for the present Tokyo
single-station short-term forecasting case. Further validation using data from more stations,
seasons, and aerosol conditions is still needed.

Keywords: lidar; attenuated backscatter coefficient; time-series forecasting; fast Fourier
transform; frequency-domain decomposition; multiscale modeling

1. Introduction
The attenuated backscatter coefficient (ABSC) is an important observable in atmo-

spheric light detection and ranging (lidar) remote sensing for characterizing the vertical
distribution of aerosols [1,2]. It can support analyses of boundary-layer evolution, aerosol
transport, and local atmospheric disturbances [3,4]. Continuous lidar observations produce
time sequences of vertical ABSC profiles, providing high-temporal-resolution information
on atmospheric boundary-layer development, vertical pollutant transport, and regional
aerosol variability [5,6]. Forecasting future ABSC profiles may provide useful information
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for the early warning of pollution episodes, the analysis of aerosol transport, and atmo-
spheric environmental risk assessment. In this study, we focus on a short-term forecasting
case based on single-station AD-Net observations from Tokyo.

Time-series forecasting methods have been widely applied to meteorological, envi-
ronmental remote sensing, and Earth observation data [7,8]. With the development of
deep learning, recurrent and temporal convolutional networks have increasingly been used
for multivariate forecasting. Long short-term memory (LSTM) networks model temporal
dependencies through gated recurrent units [9]. Temporal convolutional networks (TCNs)
use dilated causal convolutions to extract local and long-range temporal features, whereas
CNN-LSTM models combine convolutional feature extraction with recurrent state model-
ing to represent local patterns and temporal dependencies [9,10]. Although these models
can learn nonlinear temporal variations, high-dimensional multistep forecasting may still
be affected by accumulated errors and excessive smoothing of local structures.

Transformer-based models have further advanced time-series forecasting [11,12]. Aut-
oformer models trends and periodic variations through series decomposition and an
autocorrelation mechanism [12]. PatchTST [13] uses patch representations to extract fea-
tures from local temporal segments, while DLinear [14] combines series decomposition
with linear mappings to construct a low-complexity forecasting model. These methods
represent temporal information through convolution, linear trends, series decomposition,
or local segments. However, they do not assign branch-specific prediction structures to
temporal components occupying different frequency ranges in ABSC sequences.

In an ABSC sequence, each time step corresponds to a vertical profile with a continuous
structure along the height dimension. Along the temporal dimension, the sequence contains
slowly varying background signals, adjustments in layered structures, rapid disturbances,
and observational noise. The resulting data are high-dimensional and exhibit short-term
temporal continuity, a long-tailed distribution, and variability across multiple temporal
scales. Processing the original sequence with a single prediction structure may make it
difficult to distinguish and learn scale-specific patterns. It is therefore useful to organize
information from different temporal scales explicitly and model each frequency band
according to its statistical characteristics. The frequency bands in this study represent
statistical components at different temporal scales and are not assumed to correspond
one-to-one with specific atmospheric physical processes.

Based on this analysis, we propose an FFT-based frequency decomposition network
(FFT-FDNet) for short-term forecasting of lidar ABSC profiles in the current single-station
setting. The model first applies the FFT to decompose the original sequence into low-, mid-,
and high-frequency components. Three prediction branches then model the slowly varying
background, local structural variations, and rapid disturbances, respectively. Finally,
the branch outputs are fused to generate complete vertical ABSC profiles for multiple
future time steps. Unlike a single prediction structure applied directly to the original
sequence, FFT-FDNet explicitly separates the frequency components and uses branch-
specific structures to organize prediction information at different temporal scales.

The main contributions of this study are summarized as follows:

1. We analyze the long-tailed distribution, short-term temporal correlation, and mul-
tiscale spectral structure of Tokyo single-station lidar ABSC profiles for short-
term forecasting.

2. We develop a frequency decomposition-driven framework that explicitly separates
ABSC sequences into low-, mid-, and high-frequency components and uses branch-
specific predictors to organize information at different temporal scales.
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3. We evaluate the proposed model on the Tokyo single-station AD-Net dataset at
forecast horizons of 2, 4, and 6 h, and compare it with representative time-series
forecasting models under the same experimental protocol.

4. We conduct ablation and frequency band sensitivity experiments to assess the effects
of three-band decomposition, branch-specific prediction structures, and frequency
cutoff selection on forecasting performance.

2. Materials and Methods
2.1. Dataset and Preprocessing

We use 532 nm attenuated backscatter coefficient data collected at the Tokyo station
of the Asian Dust and Aerosol Lidar Observation Network (AD-Net), which is operated
by the National Institute for Environmental Studies of Japan [15]. The observations have
undergone instrument calibration and quality control. Their vertical and temporal resolu-
tions are 30 m and 15 min, respectively, allowing continuous variations in the backscattered
signal to be represented along both the temporal and height dimensions. The original
AD-Net observations are stored in Network Common Data Form (NetCDF).

For this study, we extract the 532 nm attenuated backscatter coefficient measurements
recorded at the Tokyo station between 3 February and 29 June 2023. The resulting data
contain 11,424 observation times and 265 consecutive height levels measured upward
from the ground. These retained levels are indexed from 0 to 264. Therefore, at a vertical
resolution of 30 m, the highest retained level is 264 × 30 m = 7.92 km, and the data cover
an approximate altitude range of 0–7.92 km. After quality control, temporal alignment,
and selection of valid height levels, the observations are organized as a multivariate time-
series in which each time step corresponds to one vertical ABSC profile.

For the model-input construction, the processed file contains only the timestamp
and the 265 retained ABSC height levels. No additional cloud mask, signal-to-noise ratio
(SNR) variable, or quality control flag is included in this modeling file. Therefore, we do
not apply an extra flag-based removal of cloud-contaminated or low-SNR profiles after
building the modeling file. The near-ground bins within the retained 0–7.92 km range
are also kept because they contain boundary-layer and low-altitude aerosol information.
The processed ABSC values used for modeling are finite values. Missing observations are
represented by gaps in the time sequence rather than by interpolation. During sliding-
window construction, any input-target window crossing a time gap larger than 20 min
is removed. Thus, strong backscatter layers, possible cloud-affected returns, and low-
signal periods remain part of the forecasting problem, and their effects are reflected in the
long-tailed value distribution and the height-wise error analysis.

The processed ABSC sequence is denoted by

X = [x1, x2, . . . , xT ]
T ∈ RT×C, (1)

where T is the number of time steps, xt ∈ RC is the vertical ABSC profile at time t, and C is
the number of retained height levels.

The observations are divided chronologically into training, validation, and test sets at
proportions of 70%, 10%, and 20%, containing 7996, 1144, and 2284 time steps, respectively.
The training period extends from 00:00 on 3 February to 06:45 on 25 May 2023. The valida-
tion period extends from 07:00 on 25 May to 04:45 on 6 June, and the test period extends
from 05:00 on 6 June to 23:45 on 29 June. To prevent data leakage, the mean and standard
deviation at each height level are calculated using only the training set and then applied
unchanged to the validation and test sets.
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A continuity filter is applied when constructing sliding-window samples to prevent
the model from learning artificial temporal dependencies caused by observation gaps.
Because the regular sampling interval is 15 min, one missing observation produces a
30 min gap between adjacent valid observations. Adjacent observations separated by more
than 20 min are therefore treated as discontinuous, and a sample is removed if either its
input window or forecast window crosses such a discontinuity. Historical observations
preceding a dataset boundary may be used as input context for the validation and test
sets, but all forecast targets remain strictly within their respective subsets. With an input
sequence length of 72, forecast horizons of 8, 16, and 24 steps produce 7522, 7474, and
7426 valid training samples, respectively.

The main statistical characteristics of the ABSC dataset are summarized in Table 1.

Table 1. Main statistical characteristics of the ABSC dataset.

Statistic Value

Temporal resolution 15 min
Vertical resolution 30 m
Number of height levels 265
Altitude range 0–7.92 km
Autocorrelation at a 15 min lag 0.9759
Autocorrelation at a 1 h lag 0.7121
Autocorrelation at a 2 h lag 0.4014
Autocorrelation at a 6 h lag 0.1192

Main data characteristics High-dimensional profiles, short-term continuity, long-
tailed distribution, and multiscale variability

The relatively high autocorrelations at lags of 15 min and 1 h indicate strong short-
term temporal continuity. ABSC values are generally small but exhibit a pronounced
right tail caused by localized strong-scattering events. These properties motivate the
separate treatment of slowly varying background signals, local structural variations, and
rapid disturbances.

2.2. Characteristics of the ABSC Data

Each time step in an ABSC sequence corresponds to a complete vertical profile.
The data therefore contain both temporal evolution and layered structures along the height
dimension. ABSC sequences generally exhibit high-dimensional vertical profiles, short-
term temporal continuity, long-tailed value distributions, and variability across multiple
temporal scales. To characterize the difficulty of ABSC profile forecasting and provide em-
pirical support for the frequency-domain design of FFT-FDNet, we analyze the training set
in terms of value distribution, temporal autocorrelation, and spectral energy distribution.

First, ABSC observations have a high-dimensional vertical profile structure. Atmo-
spheric lidar systems continuously measure backscattered signals along the vertical di-
rection [16,17]. Aerosol layers, the top of the atmospheric boundary-layer, and cloud–
aerosol mixed layers generally appear as layered structures extending over a range of
altitudes [18,19]. The prediction target at each time step is therefore not a single scalar but
a complete ABSC profile containing observations from multiple height levels.

Second, the distribution of ABSC values is strongly right-skewed and long-tailed.
Figure 1 shows the histogram of the training data. To prevent a small number of extreme
values from dominating the displayed range, only samples between the 0.1th and 99.9th
percentiles are shown, and the sample counts are plotted on a logarithmic scale. Most ABSC
observations are concentrated near zero, while a long tail extends toward larger values.
This pattern is consistent with weak backscattering under clear-sky or relatively clean
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atmospheric conditions and locally enhanced values during aerosol transport, pollution
accumulation, cloud occurrence, or strong scattering events [4,20]. A forecasting model
must therefore represent the low-value background while remaining responsive to localized
variations and less frequent enhancement events.

0.0 0.2 0.4 0.6 0.8 1.0 1.2
ABSC (m−1 sr−1) ×10−4
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Total N = 2,118,940

Figure 1. Histogram of ABSC values in the training set. Samples between the 0.1th and 99.9th
percentiles are shown. The vertical axis represents the sample count on a logarithmic scale.

Third, ABSC sequences exhibit strong continuity over short time scales, while their
temporal correlation decreases as the lag increases. Figure 2 presents the mean autocorre-
lation coefficients for lags of up to 24 h. Autocorrelation is calculated separately for each
height level within continuous observation segments and then averaged while accounting
for the number of overlapping samples. At the 15 min sampling interval, lags of 1, 4, 8,
and 24 steps correspond to 0.25, 1, 2, and 6 h, respectively. Their mean autocorrelation coef-
ficients are approximately 0.9759, 0.7121, 0.4014, and 0.1192. These results indicate strong
short-term continuity, but the rapid decrease in correlation makes forecasting increasingly
difficult as the forecast horizon extends.
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Figure 2. Mean autocorrelation coefficients of the training ABSC sequences for lags from 0 to 24 h.
The statistics are calculated only within continuous observation segments at a sampling interval of
15 min; the coefficients at lags of 1, 4, 8, and 24 steps are highlighted and listed in the figure.
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ABSC sequences also contain slowly varying background signals, local structural
variations, and rapid disturbances [21,22]. Figure 3 shows the normalized spectral energy
distribution. Continuous 72-step windows from the training set are standardized by height
level and normalized within each window before applying the FFT along the temporal
dimension. Spectral energy is aggregated across windows and height levels and then
normalized so that the energy over all discrete frequency bins sums to one. A logarithmic
vertical axis is used to display frequency bins with low energy.

Most of the energy is concentrated in the low-frequency region. Components at
frequencies no higher than 0.10 cycles/sample account for approximately 94.08% of the
total energy. Mid-frequency components between 0.10 and 0.45 cycles/sample account for
approximately 5.72%, while high-frequency components above 0.45 cycles/sample account
for approximately 0.21%. Thus, ABSC profile variations are dominated by slowly evolving
background signals but retain a measurable proportion of mid-frequency structural varia-
tion. High-frequency components have considerably lower overall energy and are more
closely associated with rapid local disturbances or observational noise.
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Figure 3. Normalized spectral energy distribution of the training ABSC sequences. Frequency is
expressed in cycles/sample, the Nyquist frequency is 0.5 cycles/sample, and the frequency cutoffs
are 0.10 and 0.45. Normalized spectral energy is shown on a logarithmic scale.

Actual atmospheric lidar observations may contain discontinuities or local outliers
caused by instrument maintenance, weather-related obstruction, quality control proce-
dures, or data filtering. Forecasting samples must therefore be constructed chronologically,
and neither the input nor forecast window should cross a clear discontinuity. This en-
sures that the temporal dependencies learned by the model originate from continuous
observation periods.

Taken together, ABSC profile forecasting requires a model to represent vertical pro-
file structures, capture short-term temporal evolution, accommodate a long-tailed value
distribution, and handle variability across multiple temporal scales. The statistical results
suggest that directly modeling mixed-scale information in the time domain may intro-
duce interference among slowly varying background signals, local structural variations,
and rapid disturbances. We therefore use the FFT to separate the original ABSC sequence
into low-, mid-, and high-frequency components and employ branch-specific structures to
organize prediction information at different temporal scales.
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2.3. Problem Formulation

The task considered in this study is multivariate multistep time-series forecasting.
Given a historical observation window of length L,

Xt−L+1:t = [xt−L+1, xt−L+2, . . . , xt]
T ∈ RL×C, (2)

the model predicts a future ABSC profile sequence of length P,

Yt+1:t+P = [xt+1, xt+2, . . . , xt+P]
T ∈ RP×C. (3)

The forecasting model is expressed as

Ŷt+1:t+P = fθ(Xt−L+1:t), (4)

where fθ(·) denotes the model parameterized by θ, and Ŷt+1:t+P ∈ RP×C is its output.
We adopt a multivariate-input, multivariate-output setting in which both the input and
forecast windows contain ABSC observations from all retained height levels.

During training, the model parameters are optimized by minimizing the error between
the predicted and observed future sequences. Given the training set D, the objective is

θ∗ = arg min
θ

1
|D| ∑

(Xt−L+1:t ,Yt+1:t+P)∈D
LMAE( fθ(Xt−L+1:t), Yt+1:t+P). (5)

For one forecasting sample, the sample-level mean absolute error loss is

LMAE =
1

PC

P

∑
p=1

C

∑
c=1

∣∣Ŷp,c − Yp,c
∣∣. (6)

2.4. Proposed FFT-FDNet
2.4.1. Overall Architecture

FFT-FDNet is designed to account for the short-term temporal continuity, high-
dimensional vertical profiles, long-tailed value distribution, and multiscale variability
of ABSC sequences. As shown in Figure 4, the model consists of three main modules:
FFT-based decomposition, branch-specific forecasting, and output fusion. Here, B denotes
the batch size, L the input sequence length, P the forecast horizon, and C the number of
height levels.

Historical ABSC
Profile Sequence

B×L×C
Reshape FFT

Decomposition

High-Frequency Branch
Shallow MLP

Mid-Frequency Branch
Patch-Based Convolution

Low-Frequency Branch
Linear Mapping and Pooling

Feature
Concatenation

Learnable
Fusion

Forecast ABSC
Profile Sequence

B×P×C

Figure 4. Overall architecture of FFT-FDNet. The historical ABSC profile sequence is separated
along the temporal dimension into three frequency band components using the FFT. The components
are processed by branch-specific predictors and subsequently fused to produce the future ABSC
profile sequence.

FFT-FDNet first transforms the historical ABSC profile sequence into the frequency
domain along the temporal dimension and separates it into low-, mid-, and high-frequency
components using predefined cutoffs [23,24]. The low-frequency branch employs linear
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mappings and average pooling, the mid-frequency branch combines temporal patching
with convolutional operations, and the high-frequency branch uses a shallow multi-layer
perceptron. The three branch outputs are then concatenated and passed through a learnable
fusion layer to generate complete ABSC profiles for the next P time steps.

2.4.2. FFT-Based Frequency Decomposition

Given a batch of historical observations X ∈ RB×L×C, a one-dimensional real-valued
FFT is independently applied to the temporal sequence at each height level. Because the
ABSC observations are real-valued, the Fourier coefficients exhibit conjugate symme-
try. Only the K = ⌊L/2⌋+ 1 non-negative-frequency coefficients are retained, yielding
Z ∈ CB×K×C:

Zb,k,c =
L−1

∑
n=0

Xb,n,c exp
(
−j

2πkn
L

)
, k = 0, 1, . . . ,

⌊
L
2

⌋
. (7)

Here, j is the imaginary unit, and Zb,k,c is the complex Fourier coefficient at frequency
index k for height level c of sample b. The normalized frequency corresponding to index
k is

νk =
k
L

, k = 0, 1, . . . ,
⌊

L
2

⌋
. (8)

Its unit is cycles/sample, and its range is [0, ⌊L/2⌋/L] ⊆ [0, 0.5]. When L is even,
νk = 0.5 corresponds to the Nyquist frequency.

To separate statistical components associated with different temporal scales, two
normalized-frequency cutoffs satisfying 0 < ν1 < ν2 < 0.5 are introduced [25]. The low-,
mid-, and high-frequency masks are defined as

Mlow[k] =

1, νk ≤ ν1,

0, otherwise,
(9)

Mmid[k] =

1, ν1 < νk ≤ ν2,

0, otherwise,
(10)

Mhigh[k] =

1, νk > ν2,

0, otherwise.
(11)

Each mask satisfies Mq ∈ {0, 1}K. The masks do not overlap and jointly cover all
non-negative frequencies. During computation, they are broadcast along the batch and
height dimensions. Frequency band selection is performed by

Zq = Z ⊙ Mq, q ∈ {low, mid, high}, (12)

where ⊙ denotes element-wise multiplication. Each frequency band component is then
reconstructed in the time domain using a one-dimensional inverse real FFT with output
length L:

Xq = F−1
r (Zq), q ∈ {low, mid, high}. (13)

The reconstructed sequences Xlow, Xmid, and Xhigh have the same dimensions as the
original input and satisfy

X = Xlow + Xmid + Xhigh (14)

up to numerical precision. These components mainly represent slowly varying background
signals, local structural variations, and rapid disturbances, respectively.
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The decomposition is applied independently to each finite historical input window of
length L, not to the full observation record. No additional tapering window is used before
the real FFT; the input window is therefore treated as a rectangular temporal segment. As a
result, the reconstructed band components may contain finite-window boundary effects,
especially near the first and last time steps of the input window. In this study, the same
deterministic decomposition rule and fixed cutoffs are used for all samples, and only the
historical input window is transformed. Therefore, the decomposition does not use future
target information, while the possible endpoint artifacts are treated as a limitation of the
finite-window frequency representation.

2.4.3. Branch-Specific Forecasting Network

After FFT-based decomposition, the original ABSC sequence is represented by three
components with different temporal-scale characteristics. Before branch-specific processing,
the height dimension is merged with the batch dimension:

X̃q = Reshape(Xq) ∈ RBC×L, q ∈ {low, mid, high}. (15)

The same branch parameters are therefore shared across height levels when forecasting
their temporal evolution.

The branch assignment follows the statistical temporal-scale characteristics described
in Section 2.2. The low-frequency component contains most of the spectral energy and
mainly describes slowly varying background changes, so it is processed by lightweight
linear mappings with pooling-based smoothing. The mid-frequency component contains
local structural variations over shorter temporal ranges, so patching and convolution are
used to preserve neighboring temporal context. The high-frequency component contains
rapid variations and possible measurement noise, so a shallow branch is used to limit
unnecessary model complexity. These assignments are intended to match the statistical
properties of the decomposed time-scale components and are not treated as one-to-one
mappings to specific atmospheric physical processes. The current branch-specific configura-
tion should be regarded as one reasonable implementation of the frequency decomposition
framework, rather than as a uniquely optimal design. Other branch designs, such as using
the same architecture with different hyperparameters for different frequency bands, were
not systematically explored in this study.

Low-Frequency Branch

The low-frequency component primarily represents the slowly varying background
state of the ABSC sequence. A lightweight branch consisting of three linear mappings is
used for this component because slowly varying components can often be represented by
smooth temporal transformations without a high-capacity nonlinear module. Average pool-
ing and layer normalization follow the first two mappings to form a smoothed bottleneck
representation and stabilize training:

H1 = LayerNorm
(

AvgPool
(

X̃lowW1 + b1

))
. (16)

Here, W1 ∈ RL×4P and b1 ∈ R4P. Average pooling reduces the last dimension to 2P,
giving H1 ∈ RBC×2P. The second stage is

H2 = LayerNorm(AvgPool(H1W2 + b2)), (17)
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https://doi.org/10.3390/rs18162663


Remote Sens. 2026, 18, 2663 10 of 29

where W2 ∈ R2P×P and b2 ∈ RP. After pooling, H2 ∈ RBC×(P/2). All forecast hori-
zons considered in this study contain an even number of time steps. The low-frequency
output is

Olow = H2W3 + b3, (18)

where W3 ∈ R(P/2)×P and b3 ∈ RP. Thus, Olow ∈ RBC×P.

Mid-Frequency Branch

The mid-frequency component mainly contains local temporal patterns and structural
variations. To preserve the local context between neighboring time steps, the mid-frequency
branch combines temporal patching with nonlinear convolutional processing. Given a
patch length Lpatch and stride S, the number of patches without end padding is

Npatch =

⌊ L − Lpatch

S

⌋
+ 1. (19)

The resulting patch tensor is Xpatch ∈ RBC×Npatch×Lpatch . Each patch is first projected
through a linear layer, followed by a GELU activation and batch normalization:

E1 = BatchNorm
(

GELU
(

XpatchWm1 + bm1

))
. (20)

Here, Wm1 ∈ RLpatch×L2
patch and bm1 ∈ RL2

patch , yielding E1 ∈ RBC×Npatch×L2
patch . A depth-

wise convolution is then used to extract local features:

Hconv = BatchNorm(GELU(DepthwiseConv(E1))). (21)

A residual projection is introduced to retain information from the input representation:

Hres = E1Wm2 + bm2, (22)

where Wm2 ∈ RL2
patch×Lpatch and bm2 ∈ RLpatch . Both paths produce tensors in

RBC×Npatch×Lpatch and are combined by element-wise addition:

E2 = Hconv + Hres. (23)

A pointwise convolution subsequently combines representations across patch positions:

E3 = BatchNorm(GELU(PointwiseConv(E2))), (24)

where E3 ∈ RBC×Npatch×Lpatch . The resulting features are flattened and mapped to the
forecast horizon:

Eflat = Flatten(E3) ∈ RBC×(NpatchLpatch), (25)

Hm = GELU(EflatWm3 + bm3), Omid = HmWm4 + bm4. (26)

Here, Wm3 ∈ R(NpatchLpatch)×2P, bm3 ∈ R2P, Wm4 ∈ R2P×P, and bm4 ∈ RP. Therefore,
Omid ∈ RBC×P.

High-Frequency Branch

The high-frequency component mainly contains rapid short-term variations and may
also include high-frequency noise introduced by the measurement process. To reduce the
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risk of fitting random fluctuations with an unnecessarily complex model, this branch uses
a shallow multi-layer perceptron composed of two fully connected layers:

Hhigh = LayerNorm
(

GELU
(

X̃highWh1 + bh1

))
. (27)

Here, Wh1 ∈ RL×2P and bh1 ∈ R2P, giving Hhigh ∈ RBC×2P. The activation and
normalization operations reduce the influence of extreme disturbances on the feature
distribution. The high-frequency output is then obtained as

Ohigh = HhighWh2 + bh2, (28)

where Wh2 ∈ R2P×P and bh2 ∈ RP. Therefore, Ohigh ∈ RBC×P.

2.4.4. Fusion and Output

The three branches produce Olow, Omid, and Ohigh. Their outputs are concatenated
along the forecast-representation dimension:

Oconcat = Concat
(

Olow, Omid, Ohigh

)
∈ RBC×3P. (29)

Compared with element-wise addition, concatenation preserves the representation
produced by each branch. A learnable linear mapping then combines information from the
three frequency bands:

Ofinal = OconcatWout + bout, (30)

where Wout ∈ R3P×P and bout ∈ RP. Thus, Ofinal ∈ RBC×P. The output is reshaped and
transposed to obtain Ŷ ∈ RB×P×C, which contains the forecast ABSC profiles for the next
P time steps. The fusion layer uses a fixed set of learned parameters and should not be
interpreted as input-dependent attention weights.

2.5. Experimental Setup
2.5.1. Baseline Methods and Evaluation Scale

To evaluate FFT-FDNet on the lidar ABSC profile forecasting task, we compare it
with Autoformer, FEDformer, NLinear, DLinear, PatchTST, LSTM, TCN, and CNN-LSTM.
These baselines cover representative forecasting paradigms, including recurrent modeling,
temporal convolution, linear prediction, series decomposition, autocorrelation mecha-
nisms, frequency-enhanced attention, and patch-based representations [9,10]. Autoformer
is implemented as an encoder–decoder model with series decomposition and the au-
tocorrelation mechanism. FEDformer is implemented using the Fourier version with
frequency-enhanced attention and series decomposition [23]. NLinear is included as a
simple last-value-normalized linear baseline. It subtracts the last observed profile from
the input sequence, applies a linear mapping from the input length to the forecast horizon,
and adds the last observed profile back to the prediction.

All methods use the same dataset partitions, continuity-filtering rules, training set
standardization parameters, input sequence lengths, forecast horizons, and random seeds.
Model-specific configurations are selected according to validation performance, without us-
ing the test set for model selection.

The original ABSC observations are standardized separately at each height level using
the mean and standard deviation calculated from the training set. Training, validation,
and testing are performed on this standardized scale. Unless otherwise stated, MAEstd,
MSEstd, and R2 are calculated on the training set-standardized scale. MAEstd and MSEstd
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are dimensionless and are used primarily for balanced relative comparisons among models
across height levels, rather than as direct measures of errors in the physical units of ABSC.

2.5.2. Task Configuration and Implementation Details

This study focuses on short-term forecasting of ABSC profiles. Given the 15 min
temporal resolution, forecast horizons of P = 8, 16, and 24 correspond to the next 2, 4, and
6 h, respectively. The 2 h task evaluates near-term profile evolution under strong short-term
continuity. The 4 h task examines forecasting during adjustments in layered structures and
local transport, while the 6 h task evaluates error accumulation and structural drift over an
extended short-term horizon. These settings reflect short-term forecasting requirements in
continuous lidar monitoring and avoid treating the rapidly varying ABSC task as long-term
time-series forecasting.

The input sequence length is fixed at L = 72, corresponding to 18 h of historical
observations. This window retains recent profile evolution while limiting the inclusion of
older observations that are less closely related to the current state. The same setting is used
in the main comparison, ablation study, and frequency cutoff experiments. Within each
experiment, the input length is not adjusted separately for individual forecast horizons or
test samples.

All models use the same dataset partition, standardization procedure, input/output
construction, batch size, maximum number of training epochs, learning rate schedule,
evaluation metrics, and training-loss type. Each experiment is independently repeated
with random seeds 2021, 2022, and 2023. The mean and standard deviation over the three
runs are reported. The common experimental settings are listed in Table 2.

Table 2. Common experimental settings for all models.

Parameter Value

Input sequence length 72
Forecast horizons 8, 16, and 24 steps, corresponding to 2, 4, and 6 h
Dataset partition Fixed training, validation, and test sets
Standardization Per-height standardization using training set statistics

Continuity filtering Input and forecast windows do not cross clear tempo-
ral discontinuities

Batch size 32
Initial learning rate 0.0005 for most models; 0.0001 for FEDformer
Learning rate schedule Sigmoid
Maximum number of epochs 500
Early-stopping patience 7

Optimizer AdamW for FFT-FDNet; Adam for the baseline imple-
mentations

Random seeds 2021, 2022, and 2023

The baseline configurations are fixed within each implementation and selected ac-
cording to validation performance. The test set is not used for hyperparameter selection.
The main baseline hyperparameters are listed in Table 3.

The model-specific configuration of FFT-FDNet is summarized in Table 4. The
normalized-frequency cutoffs (ν1, ν2) = (0.10, 0.45) are selected based on the spectral
characteristics of the training set and the sensitivity experiments on the validation set. They
remain fixed in all subsequent test set evaluations.
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Table 3. Main hyperparameters of the baseline models.

Model Main Hyperparameters

Autoformer Model dimension: 256; attention heads: 4; encoder layers: 2; decoder
layer: 1; feed-forward dimension: 1024; moving-average window: 4

FEDformer
Fourier version; model dimension: 256; attention heads: 4; encoder
layers: 2; decoder layer: 1; feed-forward dimension: 1024; moving-
average window: 4; Fourier modes: 32

NLinear Last-value normalization; shared linear projection from the input
length of 72 to the forecast horizon

DLinear Moving-average window: 25; shared linear prediction heads for the
trend and residual components

PatchTST
Model dimension: 256; encoder layers: 2; attention heads: 4; feed-
forward dimension: 1024; patch length: 16; stride: 8; reversible in-
stance normalization enabled

LSTM Hidden dimension: 256; recurrent layers: 2; dropout: 0.05

TCN Hidden channels: 256; residual blocks: 2; kernel size: 3; dilation rates:
1 and 2

CNN-LSTM Two one-dimensional convolutional layers; kernel size: 3; LSTM hid-
den dimension: 256; recurrent layers: 2

Table 4. Main architecture and training parameters of FFT-FDNet.

Parameter Value

Normalized-frequency cutoffs (ν1, ν2) (0.10, 0.45)
Number of frequency branches 3
Patch length 16
Patch stride 8
Within-branch normalization BatchNorm and LayerNorm
Activation function GELU

2.5.3. Computing Environment

The main software and hardware configurations are summarized in Table 5. All
methods use the same dataset partitions and training protocol, and their evaluation metrics
are calculated from predictions on the test set.

Table 5. Main computing environment used in the experiments.

Resource Configuration

Operating system Ubuntu 22.04
Programming language Python 3.11.15
Processor Intel Core i5-14600K
Memory 64 GB
Deep-learning framework PyTorch 2.7.0+cu128
GPU memory 16 GB
Storage 1 TB
GPU NVIDIA GeForce RTX 5080

To provide a complete comparison of computational cost, we also measure the number
of trainable parameters, the training time for one full epoch, and the inference time on the
complete test loader for FFT-FDNet and all evaluated baseline models. The benchmark
is conducted with L = 72, P ∈ {8, 16, 24}, and a batch size of 32 on the same GPU.
The runtime values in Table 6 are averaged over the three forecast horizons.
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Table 6. Computational cost of FFT-FDNet and all evaluated baseline models under the common setting.

Model Trainable Parameters Train/Epoch (s) Inference (s)

FFT-FDNet 15.8–32.6 K 2.57 0.12
PatchTST 1.60–1.64 M 18.08 2.52
DLinear 1.2–3.5 K 0.41 0.05
NLinear 0.6–1.8 K 0.38 0.05
Autoformer 3.31 M 2.22 0.27
FEDformer 4.06–4.45 M 6.03 0.38
LSTM 1.61–2.70 M 0.98 0.10
CNN-LSTM 2.00–3.09 M 1.13 0.11
TCN 1.41–2.50 M 11.54 3.22

Note: Runtime is measured on the complete training or test loader and averaged over P = 8, 16, and 24. The
parameter count is reported as a range when it changes with the forecast horizon.

The computational cost comparison is used only to describe the practical tradeoff
among the evaluated models. NLinear and DLinear have the lowest computational cost,
but their forecasting accuracy is lower than that of FFT-FDNet in the main comparison.
FFT-FDNet has more parameters and higher runtime than these two simple linear baselines.
However, it uses far fewer trainable parameters than PatchTST, Autoformer, FEDformer,
LSTM, CNN-LSTM, and TCN. Its training and inference times are also lower than those
of PatchTST, FEDformer, and TCN under the same benchmark setting. This indicates that
the accuracy improvement over PatchTST is not obtained at the cost of a larger model or
longer runtime in the present experiment.

2.6. Evaluation Metrics

Predictions and observations from the test set are flattened across samples, forecast
steps, and height levels. Let ŷi and yi denote the ith predicted and observed values,
respectively, and let N be the total number of scalar observations. The mean absolute error
(MAE) and mean squared error (MSE) are defined as

MAE =
1
N

N

∑
i=1

|yi − ŷi|, (31)

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2. (32)

The coefficient of determination (R2) is defined as

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − ȳ)2 , (33)

where ȳ = N−1 ∑N
i=1 yi denotes the mean of all observed values used in the calculation.

Lower MAE and MSE values indicate smaller forecasting errors, whereas an R2 value closer
to one indicates that the predictions explain a larger proportion of the observed variability.

When yi and ŷi are expressed on the scale standardized using the training set, the cor-
responding error metrics are denoted by MAEstd and MSEstd. These dimensionless metrics
are used for the main relative comparison because standardization reduces the domi-
nance of height levels with larger ABSC magnitudes. After inverse standardization to
the original physical scale of ABSC, the same definitions yield MAEphy and MSEphy,

with RMSEphy =
√

MSEphy. MAEphy and RMSEphy are reported to interpret the absolute

error magnitude in the original observational units.
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3. Results
3.1. Overall Quantitative Comparison

Following the task configuration described in Section 2.5, the main comparison uses
a fixed input sequence length of L = 72 and forecast horizons of P ∈ {8, 16, 24}. Each
model is independently trained using three random seeds. Table 7 reports the mean and
standard deviation of MAEstd, MSEstd, and R2 as standardized-scale metrics for relative
model comparison across the vertical profile.

Table 7. Comparison of forecasting performance at different forecast horizons.

Model Forecast Horizon MAEstd ↓ MSEstd ↓ R2 ↑

Autoformer
8 0.4523 ± 0.0017 1.5878 ± 0.0263 −2.6558 ± 0.1060
16 0.4862 ± 0.0019 1.9947 ± 0.0177 −1.8394 ± 0.0123
24 0.4989 ± 0.0016 2.0926 ± 0.0191 −1.5505 ± 0.0082

CNN-LSTM
8 0.2762 ± 0.0023 1.3611 ± 0.0381 0.3083 ± 0.0245
16 0.3185 ± 0.0014 1.7594 ± 0.0238 0.1056 ± 0.0083
24 0.3287 ± 0.0013 1.8758 ± 0.0328 0.0543 ± 0.0174

DLinear
8 0.1808 ± 0.0024 0.7159 ± 0.0112 0.6000 ± 0.0067
16 0.2605 ± 0.0026 1.2403 ± 0.0128 0.3456 ± 0.0084
24 0.2911 ± 0.0010 1.4597 ± 0.0054 0.2294 ± 0.0039

FEDformer
8 0.4730 ± 0.0038 1.9333 ± 0.0103 −2.7514 ± 0.1039
16 0.4908 ± 0.0027 2.0528 ± 0.0063 −1.8111 ± 0.0882
24 0.5000 ± 0.0018 2.1054 ± 0.0044 −1.5770 ± 0.0409

FFT-FDNet
8 0.1221 ± 0.0017 0.4116 ± 0.0057 0.7505 ± 0.0041
16 0.2108 ± 0.0011 1.0317 ± 0.0072 0.4844 ± 0.0028
24 0.2509 ± 0.0006 1.3112 ± 0.0051 0.3435 ± 0.0014

LSTM
8 0.2922 ± 0.0029 1.3797 ± 0.0160 0.2261 ± 0.0299
16 0.3218 ± 0.0016 1.7786 ± 0.0211 0.1086 ± 0.0046
24 0.3297 ± 0.0014 1.8920 ± 0.0158 0.0502 ± 0.0151

NLinear
8 0.1934 ± 0.0028 0.8453 ± 0.0217 0.4998 ± 0.0132
16 0.3070 ± 0.0026 1.5138 ± 0.0505 0.1004 ± 0.0219
24 0.3648 ± 0.0026 1.7962 ± 0.0621 −0.0929 ± 0.0224

PatchTST
8 0.1348 ± 0.0039 0.4740 ± 0.0212 0.7221 ± 0.0105
16 0.2224 ± 0.0035 1.1094 ± 0.0193 0.4468 ± 0.0083
24 0.2596 ± 0.0023 1.3841 ± 0.0159 0.3140 ± 0.0070

TCN
8 0.2455 ± 0.0032 0.9965 ± 0.0120 0.4806 ± 0.0084
16 0.2911 ± 0.0025 1.4115 ± 0.0151 0.3040 ± 0.0116
24 0.3082 ± 0.0016 1.5792 ± 0.0154 0.2179 ± 0.0103

Note: Values are reported as the mean ± standard deviation over three runs with different random seeds. Forecast
horizons of 8, 16, and 24 steps correspond to 2, 4, and 6 h, respectively. MAEstd and MSEstd are dimensionless
metrics calculated on the scale standardized using the training set statistics and are used for relative comparison
across height levels. Bold and underlined values indicate the best and second-best results, respectively, for the same
forecast horizon. Downward and upward arrows indicate that lower and higher values are better, respectively.

As shown in Table 7, FFT-FDNet achieves the lowest mean MAEstd and MSEstd and
the highest mean R2 at all three forecast horizons. For P = 8, FFT-FDNet obtains an
MAEstd of 0.1221, an MSEstd of 0.4116, and an R2 of 0.7505. The corresponding results of
the second-best method, PatchTST, are 0.1348, 0.4740, and 0.7221. Under the current Tokyo
single-station setting, these results indicate that explicit frequency-domain decomposition
can reduce forecasting errors in the 2-h task.

As P increases from 8 to 24, MAEstd and MSEstd generally increase for all methods,
while R2 decreases. This pattern indicates increasing forecasting uncertainty as the temporal
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range extends and is consistent with the combined effects of layered-structure adjustments,
local transport, and rapid disturbances on ABSC profiles. For P = 24, FFT-FDNet achieves
an MAEstd of 0.2509, an MSEstd of 1.3112, and an R2 of 0.3435, retaining the best mean values
among the evaluated methods. This result supports its relative performance on the current
6 h task but should not be interpreted as evidence of long-horizon forecasting capability.

PatchTST ranks second for all three forecast horizons, indicating that patch-based
representations are useful for capturing local continuity in ABSC sequences. Compared
with PatchTST, FFT-FDNet reduces MAEstd by approximately 9.42%, 5.22%, and 3.35% at
P = 8, 16, and 24, respectively. The corresponding MSEstd reductions are approximately
13.16%, 7.00%, and 5.27%. Thus, the advantage of FFT-FDNet is clearer for the 2 h task,
while the difference becomes smaller at the 4 and 6 h horizons. This narrowing gap suggests
that PatchTST remains a strong baseline and that forecasting uncertainty increases as the
horizon extends. However, PatchTST does not explicitly separate temporal components
from different frequency ranges, which may limit its ability to model mixed-scale dynamics
using different structures. DLinear and NLinear generally perform better than LSTM and
CNN-LSTM. This result suggests that part of the smooth variation in ABSC sequences can
be represented using linear mappings, although a purely linear structure remains limited
in its ability to capture local nonlinear disturbances.

The standard Autoformer and FEDformer obtain negative R2 values at all three
forecast horizons. This result does not indicate a problem with the ABSC data. It suggests a
mismatch between these standard long-term forecasting architectures and the present short-
term, high-dimensional ABSC profile forecasting task. Autoformer was mainly designed
for long-term forecasting with clearer trend and periodic components, while FEDformer
further introduces frequency-enhanced attention in a decomposed Transformer framework.
In the current data, rapid layer changes, local disturbances, cloud or aerosol variability,
and 265-dimensional profile outputs make stable trend, autocorrelation, and selected
Fourier-mode patterns harder to learn. Therefore, the poor results of Autoformer and
FEDformer are treated as evidence of model–task mismatch under the tested configuration,
not as a general conclusion about these models. TCN performs better than LSTM and
CNN-LSTM but remains less accurate than FFT-FDNet, PatchTST, and DLinear. Temporal
convolution can capture part of the local dynamics, but it does not explicitly organize
information from multiple frequency bands.

Overall, the performance of FFT-FDNet is consistent with the statistical structure
of the ABSC data. Each time step contains a high-dimensional vertical profile, while the
temporal sequence combines slowly varying background signals, local structural variations,
and rapid disturbances. Frequency-domain decomposition assigns these mixed-scale
components to separate forecasting branches, reducing interference that may arise when
they are processed by a single structure. This interpretation is further examined through
the subsequent ablation study rather than being based solely on the differences in the
overall metrics.

To examine whether the results on the standardized scale remain consistent at the
actual observational magnitude, we calculate MAEphy and RMSEphy after transforming
the predictions and observations back to the original ABSC scale. These physical-scale
metrics are used to interpret the absolute error magnitude in units of ABSC. As shown in
Table 8, FFT-FDNet achieves the lowest mean MAEphy and RMSEphy at all three forecast
horizons, while PatchTST remains the second-best method. The relative ranking is therefore
consistent between the standardized and original physical scales.
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Table 8. Forecasting errors of the evaluated models on the original physical scale of ABSC.

Model
P = 8 P = 16 P = 24

MAEphy ↓ RMSEphy ↓ MAEphy ↓ RMSEphy ↓ MAEphy ↓ RMSEphy ↓

Autoformer 3.188 ± 0.006 8.789 ± 0.062 3.400 ± 0.013 9.728 ± 0.057 3.480 ± 0.007 9.950 ± 0.029
CNN-LSTM 2.008 ± 0.028 8.266 ± 0.304 2.284 ± 0.015 9.329 ± 0.017 2.325 ± 0.010 9.478 ± 0.026
DLinear 1.283 ± 0.025 5.590 ± 0.070 1.851 ± 0.013 7.521 ± 0.030 2.074 ± 0.003 8.225 ± 0.019
FEDformer 3.306 ± 0.027 9.533 ± 0.020 3.435 ± 0.023 9.845 ± 0.012 3.503 ± 0.017 9.985 ± 0.003
LSTM 2.111 ± 0.045 8.232 ± 0.044 2.302 ± 0.003 9.326 ± 0.047 2.326 ± 0.006 9.485 ± 0.005
NLinear 1.378 ± 0.021 6.070 ± 0.088 2.172 ± 0.014 8.408 ± 0.038 2.585 ± 0.005 9.274 ± 0.132
PatchTST 0.954 ± 0.049 4.565 ± 0.205 1.558 ± 0.013 7.158 ± 0.027 1.826 ± 0.015 8.117 ± 0.038
TCN 1.753 ± 0.008 6.769 ± 0.017 2.086 ± 0.010 8.257 ± 0.066 2.184 ± 0.019 8.710 ± 0.034
FFT-FDNet 0.858 ± 0.011 4.194 ± 0.021 1.492 ± 0.007 6.858 ± 0.018 1.773 ± 0.003 7.829 ± 0.003

Note: Values are reported as the mean ± standard deviation over three runs with different random seeds.
The input sequence length is fixed at 72. MAEphy and RMSEphy are calculated after inverse standardization to the
original physical scale of ABSC. All values are expressed in units of 10−6 m−1sr−1. Bold and underlined values
indicate the best and second-best results, respectively, for the same forecast horizon and metric. The downward
arrow indicates that lower values are better.

For P = 8, FFT-FDNet obtains an MAEphy of 0.858 × 10−6 m−1sr−1 and an RMSEphy

of 4.194 × 10−6 m−1sr−1. These values are approximately 10.05% and 8.12% lower than
those of PatchTST, respectively. This agrees with the standardized-scale results, for which
FFT-FDNet reduces MAEstd and MSEstd by approximately 9.42% and 13.16%, respectively.
Thus, the lower errors at the 2 h horizon are observed on both evaluation scales.

Errors on the physical scale also increase as the forecast horizon extends. For FFT-
FDNet, MAEphy increases from 0.858 × 10−6 to 1.773 × 10−6 m−1sr−1, while RMSEphy

increases from 4.194 × 10−6 to 7.829 × 10−6 m−1sr−1. This trend is consistent with the
increase in MAEstd and MSEstd and the decrease in R2 as P increases.

The difference between FFT-FDNet and PatchTST becomes smaller at the longer
horizons. For P = 16, FFT-FDNet reduces MAEphy and RMSEphy by approximately 4.27%
and 4.19%, respectively. For P = 24, the corresponding reductions are approximately 2.89%
and 3.56%. A similar pattern appears on the standardized scale, where the reduction in
MAEstd relative to PatchTST decreases from approximately 9.42% at P = 8 to 3.35% at
P = 24. This narrowing difference indicates that uncertainty increases with the forecast
horizon, although FFT-FDNet retains lower mean errors in the evaluated settings.

FFT-FDNet also obtains lower mean physical-scale errors than DLinear. At P = 8, 16,
and 24, its MAEphy is approximately 33.15%, 19.39%, and 14.53% lower than that of DLinear,
respectively. The corresponding reductions in RMSEphy are approximately 24.97%, 8.82%,
and 4.82%. This direction of improvement is consistent with the standardized-scale results
and suggests that linear mappings alone remain limited in representing local structural
variations and nonlinear disturbances in the present task.

The physical-scale analysis complements the main quantitative comparison. Metrics
on the standardized scale describe the balanced forecasting performance across multiple
height levels, whereas metrics on the original physical scale quantify absolute errors at the
observed ABSC magnitude. Both sets of metrics show that FFT-FDNet achieves the lowest
mean errors at all three forecast horizons under the current data partition, indicating a
consistent relative improvement across the two evaluation scales.

To further examine whether the forecasting errors are concentrated only at a few
selected height levels, we calculate height-wise error profiles on the complete test set.
For each model, MAEphy and RMSEphy are first calculated at each height level by averaging
over all test samples and forecast steps, and the resulting profiles are then averaged
over the three random seeds. Figure 5 shows the vertical distribution of physical-scale
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errors for selected representative methods. In the Results Section, the tables provide the
complete comparison of all evaluated models, whereas the diagnostic figures use selected
representative methods for readability. Therefore, Figures 5–8 consistently show FFT-
FDNet, PatchTST, DLinear, and NLinear, whose error ranges are closer and allow detailed
differences to be observed more clearly.
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Figure 5. Height-wise MAEphy and RMSEphy profiles on the complete test set for P = 8, 16, and 24.
The plotted methods are FFT-FDNet, PatchTST, DLinear, and NLinear. Errors are calculated after
inverse standardization to the original ABSC scale and are reported in units of 10−6 m−1sr−1. Each
curve represents the mean profile over three random seeds.
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Figure 6. Forecasting performance at different input sequence lengths for P = 8 (2 h). The plotted
methods are FFT-FDNet, PatchTST, DLinear, and NLinear. The horizontal axis is the input sequence
length L, and the left, middle, and right panels show MAEstd, MSEstd, and R2, respectively.

As shown in Figure 5, the error magnitude varies with altitude for all models. Larger
errors appear mainly in the lower troposphere and around several elevated layers, where
ABSC values and structural changes are stronger. This pattern is consistent with the vertical
profile nature of the data and indicates that the forecasting difficulty is not uniform across
height. FFT-FDNet generally keeps lower height-wise MAEphy than the competing meth-
ods across most altitude levels and forecast horizons. For RMSEphy, the advantage is also
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visible across the three horizons, although the differences among FFT-FDNet, PatchTST,
and DLinear become smaller at some high-error layers, especially when the forecast hori-
zon increases. These results support the overall metric comparison and show that the
improvement of FFT-FDNet is not caused only by isolated height levels.
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Figure 7. Forecasting performance at different input sequence lengths for P = 16 (4 h). The plotted
methods are FFT-FDNet, PatchTST, DLinear, and NLinear. The horizontal axis is the input sequence
length L, and the left, middle, and right panels show MAEstd, MSEstd, and R2, respectively.
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Figure 8. Forecasting performance at different input sequence lengths for P = 24 (6 h). The plotted
methods are FFT-FDNet, PatchTST, DLinear, and NLinear. The horizontal axis is the input sequence
length L, and the left, middle, and right panels show MAEstd, MSEstd, and R2, respectively.

3.2. Ablation Study

To examine the effects of FFT-based frequency-domain decomposition and the individ-
ual frequency branches on ABSC profile forecasting, we conduct ablation experiments with
a fixed input sequence length of 72 and forecast horizons of P ∈ {8, 16, 24}. FFT-FDNet
denotes the complete model. FFT-FDNet w/o High, FFT-FDNet w/o Mid, and FFT-FDNet
w/o Low remove the high-, mid-, and low-frequency branches, respectively. FDNet w/o
FFT (same capacity) removes the FFT decomposition but keeps the same three-branch
prediction structure by feeding the original input sequence into all three branches. This
control is used to isolate the effect of the FFT decomposition from the effect of model
capacity. In addition, the original single-branch no-FFT implementation is treated only
as a time-domain single-branch baseline and is not used as the main evidence for the
same-capacity ablation.

Table 9 presents the results of the ablation variants at the three forecast horizons.
The complete FFT-FDNet and FFT-FDNet w/o High consistently occupy the top two po-
sitions. Removing the high-frequency branch produces the best mean values at P = 8,
whereas the complete model achieves the best mean MAEstd, MSEstd, and R2 at P = 16
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and P = 24. In contrast, removing the low-frequency branch, the mid-frequency branch,
or the FFT decomposition leads to a consistent deterioration in performance. These results
support the contribution of explicit frequency-domain decomposition and complementary
modeling of different frequency components.

Table 9. Ablation results at different forecast horizons.

Model Forecast Horizon MAEstd ↓ MSEstd ↓ R2 ↑

FFT-FDNet
8 0.1221 ± 0.0017 0.4116 ± 0.0057 0.7505 ± 0.0041
16 0.2108 ± 0.0011 1.0317 ± 0.0072 0.4844 ± 0.0028
24 0.2509 ± 0.0006 1.3112 ± 0.0051 0.3435 ± 0.0014

FFT-FDNet w/o Mid
8 0.1792 ± 0.0018 0.6393 ± 0.0072 0.5902 ± 0.0027
16 0.2487 ± 0.0014 1.1737 ± 0.0037 0.3747 ± 0.0052
24 0.2759 ± 0.0001 1.4011 ± 0.0018 0.2761 ± 0.0013

FFT-FDNet w/o High
8 0.1213 ± 0.0002 0.4092 ± 0.0034 0.7521 ± 0.0013
16 0.2115 ± 0.0017 1.0352 ± 0.0055 0.4819 ± 0.0051
24 0.2512 ± 0.0004 1.3122 ± 0.0029 0.3426 ± 0.0010

FFT-FDNet w/o Low
8 0.1895 ± 0.0033 0.5184 ± 0.0109 0.3295 ± 0.0292
16 0.2610 ± 0.0010 1.1172 ± 0.0048 0.2565 ± 0.0044
24 0.2898 ± 0.0006 1.3729 ± 0.0039 0.2028 ± 0.0056

FDNet w/o FFT
(same capacity)

8 0.1287 ± 0.0014 0.4619 ± 0.0090 0.7328 ± 0.0023
16 0.2184 ± 0.0010 1.0844 ± 0.0086 0.4594 ± 0.0044
24 0.2586 ± 0.0015 1.3656 ± 0.0126 0.3226 ± 0.0032

Note: Values are reported as the mean ± standard deviation over three runs with different random seeds. Forecast
horizons of 8, 16, and 24 steps correspond to 2, 4, and 6 h, respectively. MAEstd and MSEstd are calculated on the
scale standardized using the training set statistics. Bold and underlined values indicate the best and second-best
results, respectively, for the same forecast horizon. Downward and upward arrows indicate that lower and higher
values are better, respectively.

At P = 8, FFT-FDNet w/o High obtains an MAEstd of 0.1213, an MSEstd of 0.4092,
and an R2 of 0.7521. Relative to the complete model, MAEstd and MSEstd are reduced
by approximately 0.63% and 0.58%, while R2 increases by 0.0016. These differences are
small and do not establish a consistent advantage from removing the high-frequency
branch. For the 2 h task, the model appears to rely mainly on low-frequency background
information and mid-frequency structural variations, while the marginal contribution of
the high-frequency branch to the average metrics is limited.

At P = 16 and P = 24, the complete model achieves better mean values for all
three metrics. For example, at P = 24, the complete model obtains an MAEstd of 0.2509,
an MSEstd of 1.3112, and an R2 of 0.3435, compared with 0.2512, 1.3122, and 0.3426 for
FFT-FDNet w/o High. The high-frequency branch therefore provides a small additional
contribution at some forecast horizons but should not be regarded as the primary source
of the overall performance improvement. This interpretation is consistent with the cutoff
energy analysis in Section 3.3.2, where the selected cutoff pair assigns only a very small
fraction of the training-window energy to the high-frequency band.

The low- and mid-frequency branches have a larger effect on forecasting performance.
After removing the mid-frequency branch, MAEstd increases by 46.80%, 17.98%, and 9.95%
at P = 8, 16, and 24, respectively. The corresponding increases in MSEstd are 55.31%, 13.76%,
and 6.86%. These results support the interpretation that the mid-frequency component
contains useful information about local structural variations.

Removing the low-frequency branch increases MAEstd by 55.24%, 23.81%, and 15.51%
at P = 8, 16, and 24, respectively. The corresponding decreases in R2 are 0.4211, 0.2279,
and 0.1406. The low-frequency component therefore has a substantial influence on the
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representation of the background baseline and the dominant temporal variation in the
current task.

Removing the FFT decomposition also degrades all metrics at every forecast hori-
zon, even when the same three-branch capacity is retained. Compared with the complete
model, FDNet w/o FFT (same capacity) increases MAEstd by 3.04–5.42% and MSEstd by
4.15–12.21%, while reducing R2 by 0.0178–0.0250. This result indicates that the performance
gain is not only caused by using more branch capacity. Although the same-capacity time-
domain network can still extract useful patterns from the original sequence, processing
mixed-scale information without explicit frequency separation may increase interference
among slowly varying signals, local structural variations, and rapid disturbances. These
results support the role of explicit frequency-domain decomposition in separating compo-
nents associated with different temporal scales.

In summary, the low- and mid-frequency branches have a substantial influence on
the forecasting results, whereas the high-frequency branch provides a smaller contribution
at some forecast horizons. All variants are evaluated using the same dataset partition,
training protocol, and random seeds, allowing their relative effects to be compared under
consistent conditions. The complete model shows a consistent improvement across all three
metrics at P = 16 and P = 24, supporting the complementary roles of different frequency
components in ABSC profile forecasting.

3.3. Parameter Sensitivity Analysis

To examine the effects of key parameter choices on forecasting performance, we
analyze the input sequence length and the frequency band cutoffs used in the FFT decom-
position. The input length determines how much recent historical information is available
to the model, while the frequency cutoffs control how temporal components are assigned to
the low-, mid-, and high-frequency branches. All other training settings are kept unchanged
during the sensitivity experiments. The frequency cutoffs are selected using the spectral
characteristics of the training set and the validation results; after they are fixed, the test set
is used only for final performance evaluation.

3.3.1. Input Sequence Length

To evaluate sensitivity to the amount of historical context, we vary the input sequence
length L while keeping the model architecture, training strategy, and forecast horizon
unchanged. Performance is evaluated using MAEstd, MSEstd, and R2. A short input
window may not capture the continuous evolution of layered structures, whereas an
excessively long window may introduce historical information that is less closely related to
the current state.

Figures 6–8 show how FFT-FDNet, PatchTST, DLinear, and NLinear respond to
changes in input length at the three forecast horizons. Consistent with Figure 5, these diag-
nostic figures show selected representative methods with closer error ranges for readability.
The complete quantitative comparison of all evaluated models, including Autoformer, FED-
former, LSTM, CNN-LSTM, and TCN, is provided in Tables 7 and 8. This separation avoids
expanding the vertical axis in the diagnostic figures and keeps the detailed differences
among the main comparable methods visible. Increasing the amount of historical context
does not produce a monotonic improvement. Short windows may omit part of the recent
structural evolution, while long windows may include observations that are weakly related
to the current state. FFT-FDNet maintains relatively favorable performance across most
input lengths and forecast horizons, indicating a degree of robustness to changes in the
historical window.
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At P = 8, the overall errors are lower than those at the longer horizons, which is
consistent with the strong continuity of the dominant ABSC structures over 2 h. FFT-FDNet
achieves the lowest MAEstd and MSEstd and the highest R2 at every evaluated input length,
with particularly favorable results around L = 48 and L = 72. Its errors increase slightly
at L = 168 and L = 192, indicating that a longer historical window does not provide a
consistent additional benefit.

At P = 16, FFT-FDNet achieves the best mean values across the evaluated input
lengths. Its lowest MAEstd and MSEstd and highest R2 occur at L = 72. Under the current
data and experimental settings, 18 h of historical observations therefore provide an effective
representation of recent profile evolution. PatchTST, DLinear, and NLinear also perform
favorably at some input lengths, but their mean metrics remain less favorable overall than
those of FFT-FDNet.

At P = 24, the errors of the four plotted methods increase further and their R2

values generally decrease. FFT-FDNet achieves relatively favorable mean values at most
input lengths. At L = 72, it obtains an MAEstd of 0.2509, an MSEstd of 1.3112, and an
R2 of 0.3435. At L = 192, the differences between FFT-FDNet and PatchTST narrow for
some metrics, again showing that an excessively long input window does not yield a
consistent improvement.

Across the three forecast horizons, L = 72 provides a favorable balance, while further
increases in input length do not consistently improve performance. This pattern suggests
that short-term forecasting under the current setting depends more strongly on recent
profile states and their evolution. The input length sensitivity experiment is used to
characterize model behavior and is not treated as independent evidence of generalization.

3.3.2. Frequency Cutoff Selection and Sensitivity

FFT-FDNet uses two normalized-frequency cutoffs, ν1 and ν2, to separate the input
sequence into low-, mid-, and high-frequency components. The cutoff values directly affect
how information from different temporal scales is assigned to the forecasting branches.
To avoid selecting these values based on test performance, we use only the training and
validation sets. Candidate ranges are first identified from the mean spectral energy distribu-
tion of the training data. Different cutoff combinations are then evaluated on the validation
set, and the setting with favorable and relatively stable validation performance is selected.
The test set does not participate in this selection process.

Let ∆t denote the sampling interval and let ν denote normalized frequency in cy-
cles/sample. The corresponding physical frequency is

f (ν) =
ν

∆t
, (34)

and its approximate temporal period is

τ(ν) =
1

f (ν)
=

∆t
ν

. (35)

For the 15 min sampling interval, ∆t = 0.25 h. With ν1 = 0.10 and ν2 = 0.45,
the corresponding periods are

τ(0.10) =
0.25
0.10

= 2.5 h, (36)

τ(0.45) =
0.25
0.45

≈ 0.56 h. (37)
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The low-frequency component, ν ≤ 0.10, mainly represents slowly varying signals
with periods of at least 2.5 h. The mid-frequency component, 0.10 < ν ≤ 0.45, represents
local structural variations over approximately 0.56–2.5 h. The high-frequency component,
ν > 0.45, contains rapid variations near the Nyquist frequency and is more likely to reflect
local short-duration disturbances, brief strong-scattering changes, and observational noise.
These temporal ranges provide a statistical interpretation of the frequency components and
are not assumed to correspond one-to-one with specific atmospheric processes.

To evaluate sensitivity to the frequency cutoffs, we fix the input sequence length
at 72 and consider five combinations: (0.10, 0.45), (0.02, 0.10), (0.05, 0.20), (0.10, 0.30),
and (0.05, 0.40). Each combination is evaluated at P ∈ {8, 16, 24}. All other model and
training settings remain unchanged, and each result is calculated from three runs with
different random seeds.

Table 10 reports the corresponding band energy fractions calculated from the stan-
dardized training input windows. The values are obtained using the same one-dimensional
real FFT and the same frequency masks as those used in FFT-FDNet.

Table 10. Training set energy fractions under different frequency cutoff combinations.

(ν1, ν2) Low-Frequency (%) Mid-Frequency (%) High-Frequency (%)

(0.10, 0.45) 97.19 2.74 0.07
(0.02, 0.10) 54.81 42.38 2.81
(0.05, 0.20) 82.94 16.43 0.63
(0.10, 0.30) 97.19 2.48 0.33
(0.05, 0.40) 82.94 16.90 0.15

Note: Energy fractions are calculated from all valid standardized training input windows with L = 72. The one-
sided real FFT spectrum is weighted according to Parseval’s relation before summing the band energy.

As shown in Table 11, (ν1, ν2) = (0.10, 0.45) achieves the best mean values for all
metrics at the three forecast horizons. At P = 8, this setting obtains an MAEstd of 0.1225,
an MSEstd of 0.4125, and an R2 of 0.7499. At P = 24, the corresponding values are 0.2511,
1.3113, and 0.3434. As shown in Table 10, this setting assigns 97.19% of the training-window
energy to the low-frequency band, 2.74% to the mid-frequency band, and only 0.07% to the
high-frequency band, which is the smallest high-frequency fraction among the evaluated
cutoff pairs. This result indicates that most predictable information in the current ABSC
sequence is concentrated in slowly varying components, while the part near the Nyquist
frequency is very limited. Therefore, the selected cutoff pair gives a conservative high-
frequency allocation. It keeps most slowly varying and structurally meaningful energy in
the low-frequency branch, while leaving only a small residual part to the high-frequency
branch. This supports the interpretation that the high-frequency branch has a modest and
horizon-dependent role rather than being the main source of improvement.

The (0.10, 0.30) setting ranks second at all three forecast horizons. At P = 16, its
MAEstd and MSEstd are 0.2142 and 1.0508, approximately 1.61% and 1.83% higher than
those obtained with (0.10, 0.45), while R2 is lower by 0.0076. The two settings use the
same ν1, but reducing ν2 from 0.45 to 0.30 narrows the mid-frequency range and increases
the high-frequency energy fraction from 0.07% to 0.33%. This means that more compo-
nents with approximate temporal scales of 0.56–0.83 h are assigned to the high-frequency
branch. The resulting performance change suggests that this range still contains useful local
structural information and should not be assigned too early to the high-frequency branch.

The (0.02, 0.10) setting produces the least favorable results at all three forecast horizons.
At P = 8, its MAEstd and MSEstd are approximately 12.49% and 24.36% higher than those
of the best setting, while R2 is lower by 0.0382. In this configuration, ν1 = 0.02 corresponds
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to variations with periods of approximately 12.5 h or longer, and ν2 = 0.10 corresponds to
a period of approximately 2.5 h. The low-frequency energy fraction decreases from 97.19%
to 54.81%, while the mid-frequency and high-frequency fractions increase to 42.38% and
2.81%, respectively. This redistribution indicates that many slowly varying or structurally
meaningful components are no longer processed by the low-frequency branch. The in-
termediate results of (0.05, 0.20) and (0.05, 0.40) further show that the cutoffs affect the
information received by the individual branches.

Table 11. Validation set sensitivity results for different frequency cutoff combinations.

(ν1, ν2) Forecast Horizon MAEstd ↓ MSEstd ↓ R2 ↑

(0.10, 0.45)
8 0.1225 ± 0.0023 0.4125 ± 0.0084 0.7499 ± 0.0055

16 0.2108 ± 0.0010 1.0319 ± 0.0038 0.4841 ± 0.0073
24 0.2511 ± 0.0006 1.3113 ± 0.0051 0.3434 ± 0.0017

(0.02, 0.10)
8 0.1378 ± 0.0015 0.5130 ± 0.0073 0.7117 ± 0.0040

16 0.2240 ± 0.0002 1.0939 ± 0.0006 0.4469 ± 0.0008
24 0.2621 ± 0.0003 1.3618 ± 0.0016 0.3123 ± 0.0020

(0.05, 0.20)
8 0.1313 ± 0.0012 0.4821 ± 0.0093 0.7292 ± 0.0023

16 0.2192 ± 0.0003 1.0742 ± 0.0006 0.4629 ± 0.0025
24 0.2567 ± 0.0003 1.3393 ± 0.0027 0.3284 ± 0.0007

(0.10, 0.30)
8 0.1275 ± 0.0015 0.4456 ± 0.0047 0.7383 ± 0.0029

16 0.2142 ± 0.0001 1.0508 ± 0.0015 0.4765 ± 0.0005
24 0.2534 ± 0.0007 1.3222 ± 0.0025 0.3363 ± 0.0040

(0.05, 0.40)
8 0.1316 ± 0.0008 0.4621 ± 0.0054 0.7243 ± 0.0020

16 0.2172 ± 0.0003 1.0671 ± 0.0034 0.4642 ± 0.0005
24 0.2566 ± 0.0014 1.3447 ± 0.0072 0.3264 ± 0.0047

Note: Values are reported as the mean ± standard deviation over three runs with different random seeds. Forecast
horizons of 8, 16, and 24 steps correspond to 2, 4, and 6 h, respectively. MAEstd and MSEstd are calculated on the
scale standardized using the training set statistics. Bold and underlined values indicate the best and second-best
results, respectively, for the same forecast horizon. Downward and upward arrows indicate that lower and higher
values are better, respectively.

Based on the validation results across the three forecast horizons, we use
(ν1, ν2) = (0.10, 0.45) as the common frequency band configuration for FFT-FDNet. This
setting is kept unchanged in the main quantitative comparison, input length analysis,
and ablation study. The results in Table 11 are used only for cutoff selection and sensitivity
analysis on the validation set. After the model configuration is fixed, the test set is used
only to evaluate generalization performance. The cutoffs are therefore neither selected
retrospectively from test results nor adjusted separately for individual forecast horizons.

3.4. Qualitative Analysis

To complement the quantitative evaluation with an examination of vertical-layer
preservation and temporal continuity, we select the same test sample, sample_00952, and vi-
sualize the forecasts at P = 8, 16, and 24, corresponding to the next 2, 4, and 6 h, respectively.
This sample contains several clearly defined high-value layers whose intensity and struc-
ture change during the forecast period. It is therefore suitable for illustrating differences
among the evaluated methods, but it is not assumed to represent all test samples.

The three forecasting tasks use the same starting point for the historical input.
The ground-truth sequences for P = 8 and P = 16 correspond to the first 8 and 16 steps
of the P = 24 ground-truth sequence, respectively. This arrangement allows the forecast
deviations to be examined as the horizon increases. In Figures 9–11, the panels show
the ground-truth, FFT-FDNet, PatchTST, DLinear, and NLinear in that order. A common
color scale is used across the three figures. These qualitative examples illustrate structural
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differences for the selected sample and do not replace the overall quantitative evaluation
on the test set.

As shown in Figure 9, the ground-truth sequence contains clear high-value layers at
altitudes of approximately 1.8, 2.7, and 4.1 km. Weaker transient layers are also present at
higher altitudes. At the 2 h horizon, all methods identify the main layers, but differences
appear in their intensity, thickness, and rate of decay. FFT-FDNet reproduces the continuous
layered structures near 1.8 and 2.7 km and captures the gradual weakening of the high-
value region near 4.1 km as the forecast progresses. PatchTST preserves the locations of the
main layers, although their local boundaries are smoother and some horizontal banding is
visible. DLinear and NLinear tend to extend the initially strong layers into later forecast
steps, resulting in a slower decay than that observed in the ground-truth sequence.
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Figure 9. Standardized ABSC profile forecasts for sample_00952 at P = 8 (2 h) using random seed
2022. The horizontal axis is the prediction step, the vertical axis is height in km, and the colorbar
shows standardized ABSC. The same color limits are used for all panels in this figure and are set from
the 1st–99th percentiles of the ground-truth sample. Because standardization is applied separately at
each height level, the color-to-physical-scale conversion is height-dependent; physical-scale errors
are reported in Table 8 and Figure 5. Panel order: (a) ground-truth; (b) FFT-FDNet; (c) PatchTST;
(d) DLinear; and (e) NLinear.
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Figure 10. Standardized ABSC profile forecasts for sample_00952 at P = 16 (4 h) using random seed
2022. The horizontal axis is the prediction step, the vertical axis is height in km, and the colorbar
shows standardized ABSC. The same color limits are used for all panels in this figure and are set from
the 1st–99th percentiles of the ground-truth sample. Because standardization is applied separately at
each height level, the color-to-physical-scale conversion is height dependent; physical-scale errors
are reported in Table 8 and Figure 5. Panel order: (a) ground-truth; (b) FFT-FDNet; (c) PatchTST;
(d) DLinear; and (e) NLinear.
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Figure 11. Standardized ABSC profile forecasts for sample_00952 at P = 24 (6 h) using random seed
2022. The horizontal axis is the prediction step, the vertical axis is height in km, and the colorbar
shows standardized ABSC. The same color limits are used for all panels in this figure and are set from
the 1st–99th percentiles of the ground-truth sample. Because standardization is applied separately at
each height level, the color-to-physical-scale conversion is height dependent; physical-scale errors
are reported in Table 8 and Figure 5. Panel order: (a) ground-truth; (b) FFT-FDNet; (c) PatchTST;
(d) DLinear; and (e) NLinear.

At P = 16, the main high-value layers gradually weaken after the first several forecast
steps, while the weaker layers also change over time. As shown in Figure 10, FFT-FDNet
preserves the relative positions of the multiple layers and allows the high-value regions to
contract as the forecast progresses. PatchTST provides a reasonable reconstruction of the
main layers near 1.8 and 2.7 km but exhibits more pronounced smoothing and banding in
the middle and upper parts of the profile. DLinear and NLinear maintain the high-value
layer near 4.1 km for longer than observed in the ground-truth. For this sample, trend
extrapolation or a simple linear mapping alone does not fully capture the rapid decay of
the layered structure.

At the longer horizon of P = 24, the structural differences among the methods become
more apparent. Figure 11 shows that the high-value layers in the ground-truth sequence
are concentrated mainly in the early forecast steps and then weaken rapidly. FFT-FDNet
preserves the approximate altitude positions of the main layers and produces a temporal
decay pattern similar to the ground truth. PatchTST continues to recover the dominant
layers, but some structures are extended with stronger smoothing. The horizontal high-
value bands generated by DLinear and NLinear persist into later forecast steps, indicating
a weaker response to rapid structural changes. The behavior observed in this sample is
consistent with the intended role of explicit three-band decomposition and branch-specific
modeling. However, the qualitative results are used only to illustrate differences among
the methods for this particular sample.

LSTM, CNN-LSTM, TCN, the standard Autoformer, and FEDformer are not included
in the qualitative comparison because their overall quantitative performance is lower across
the three forecast horizons. The visualization focuses on PatchTST, DLinear, and NLinear,
whose quantitative results are closer to those of FFT-FDNet. This selection keeps the
color-scale comparison readable and avoids obscuring the structural differences among the
main comparable methods. The overall conclusions remain based on the test set statistics
obtained from three random seeds. All three visualizations use random seed 2022 to
maintain comparability across forecast horizons.
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4. Discussion
The results show that FFT-FDNet achieves favorable mean performance at the 2, 4,

and 6 h forecast horizons under the current Tokyo single-station dataset and chronological
data partition. The ablation results indicate that the low- and mid-frequency branches
account for most of the performance improvement, whereas the high-frequency branch
provides only a small contribution at some horizons. As the forecast horizon increases,
the errors of all models increase and their performance differences narrow, reflecting greater
uncertainty in future ABSC states. The height-wise error profiles further show that the
advantage of FFT-FDNet becomes modest at the longer horizon of P = 24 in several
layers, and the RMSE profiles of the representative methods tend to converge in the upper
troposphere. This suggests that the benefit of frequency decomposition may diminish when
the forecast horizon becomes longer and the backscatter signal is weaker.

Because the experiments are based on one AD-Net station and one observation period
from February to June 2023, the results should be interpreted as a single-site case study.
They should not be regarded as evidence of general performance across different lidar
stations, seasons, or aerosol regimes. Seasonal aerosol conditions, cloud occurrence, local
emissions, transport patterns, and site characteristics may affect the temporal-frequency
structure of ABSC sequences. Therefore, cross-season, cross-year, and multi-station valida-
tion is needed before the conclusions are extended to broader lidar forecasting applications.

5. Conclusions
This study proposed FFT-FDNet for short-term forecasting of lidar ABSC profiles and

evaluated it as a Tokyo single-station case study. The model separates the input sequence
along the temporal dimension into low-, mid-, and high-frequency components. These
components are processed using a lightweight linear structure, a patch-based convolutional
structure, and a shallow multi-layer perceptron, respectively. Their outputs are subse-
quently combined through a learnable linear fusion layer to produce future ABSC profiles.

Within this single-site Tokyo setting, FFT-FDNet achieved the best average perfor-
mance among the evaluated methods under the current data partition and the 2, 4, and 6 h
forecasting settings. The standardized-scale and physical-scale metrics exhibit a consistent
direction of relative improvement. The ablation results show consistent performance degra-
dation when the FFT decomposition, low-frequency branch, or mid-frequency branch is
removed. The high-frequency branch provides a smaller additional contribution at some
forecast horizons. The input length experiments characterize the response of the model to
different amounts of historical context, while the frequency cutoff experiments support the
use of (ν1, ν2) = (0.10, 0.45) within the evaluated candidate range.

These findings are limited to the current single-site dataset and experimental config-
uration. They should not be directly generalized to other lidar stations, seasons, climatic
regions, or aerosol conditions.

This study has two main limitations. First, the experiments use data from a single
station and a single observation period. The results may therefore be affected by the local
climatic conditions and sample distribution. Second, the model relies only on historical
ABSC profiles and does not explicitly incorporate external drivers such as wind fields,
temperature, humidity, or boundary-layer height. Future work will extend the evaluation
to cross-season, cross-year, and multi-station AD-Net observations. Leave-station-out or
cross-station tests will also be considered when suitable data are available. Reanalysis me-
teorological fields and spatial-neighborhood information will also be considered to assess
model generalization under different weather processes and regional transport conditions.
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