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Abstract

Short-term passenger-flow forecasting at integrated transport hubs requires accurate fore-
casts with explicit target semantics. This study evaluates long short-term memory (LSTM)
and temporal convolutional network (TCN) fusion models using two distinct 5 min targets
at Shenzhen North Station: a 2023–2026 regional population-mobility crowd-density proxy
and a 2025 automatic fare collection (AFC) exit-card throughput series. On the proxy
task, chronological 70/15/15 splits, a 12-step purge and full-epoch neural training showed
that the LSTM-only variant (M2) achieved the lowest neural mean absolute error (MAE)
at 5 min, while the fused LSTM–TCN variant (M4) achieved the lowest neural MAE at
15–60 min. Ridge was the strongest conventional proxy reference at 5 min and Random
Forest at 15–60 min. On AFC exits, Random Forest was strongest among the six conven-
tional references at all four horizons, while M4 remained better than ridge at 5–60 min.
The raw 5 min proxy–AFC Pearson correlation was 0.553; after weekday-by-clock de-
seasonalization it was 0.505 (95% day-block confidence interval 0.457–0.538). These values
support a shared-signal interpretation; calibration requires a separate mapping model. In
the observed-arrival pressure test, recovery at 21:10 reduced cumulative queueing by 67.3%;
delays of 10 and 15 min reduced the benefit to 63.4% and 61.7%. The workflow provides
5–60 min lead time for gate and queue preparation, staff rostering and feeder coordination.

Keywords: integrated transport hub; population-mobility proxy; long short-term memory–
temporal convolutional network (LSTM–TCN); random forest benchmark; queue-timing
sensitivity

1. Introduction
Integrated transport hubs couple railway, urban rail, bus, taxi and pedestrian sys-

tems within a limited space. Their passenger flow evolves under the joint influence of
urban activity rhythms, train timetables, holidays and facility conditions, and therefore
shows periodicity, short-term inertia, discrete pulses and capacity constraints. During
peak periods, concentrated train arrivals or local facility failures may shift the system from
stable operation to sustained accumulation within only several observation intervals. For
operations management, short-term forecasts combine point accuracy with actionable lead
time for flow restriction, diversion, standby corridor activation and transport-capacity rein-
forcement. Forecasts can be converted into staffing and operations decisions: 5 min alerts
support local gate and queue management, 15 min forecasts support staff repositioning and
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temporary-channel preparation, and 30–60 min forecasts support passenger information,
diversion and feeder–vehicle coordination.

Short-term passenger-flow forecasting methods can be broadly grouped into statistical
models, recurrent or convolutional neural networks, attention models and spatio-temporal
graph models. Statistical time-series models are compact and interpretable, and they pro-
vide useful lower-bound benchmarks before deployment. However, they are less able to
represent nonlinear state transitions when train pulses, holidays and facility disturbances
act together. LSTM mitigates gradient decay in long sequences through gated states [1],
which is suitable for cross-peak or cross-day memory. TCN uses causal convolution, dilated
convolution and residual connections for parallel local-dynamics encoding [2]. Atten-
tion mechanisms can dynamically allocate historical weights according to the forecast
horizon [3]. Recent models such as Informer, TimesNet, PatchTST and STAEformer have
further advanced long-sequence and traffic forecasting [4–7]. Their computational com-
plexity, data requirements and cross-source input interpretation require scenario-specific
evaluation in hub applications.

Existing rail-transit forecasting studies provide an important methodological ba-
sis, but model–data alignment remains unresolved. Recurrent networks and improved
LSTM models have achieved useful performance in short-term metro passenger-flow
forecasting [8–12]. Many studies rely on a single smart-card or station-flow sequence,
which obscures differences among rail feeder demand, regional crowd aggregation and
train-arrival pulses. Support vector regression (SVR)–LSTM and smart-card deep models
for abnormal passenger flow demonstrate the value of operational data [13,14]; linking
anomaly candidates to operational events still requires external logs. Sequence-to-sequence
attention and multi-source fusion models improve robustness [15,16], while spatio-temporal
graph convolution and graph multi-attention models strengthen network spatial depen-
dence [17–21]. Temporal isolation, proxy-variable boundaries, prediction-interval reliability
and post-capacity-exceedance consequences are rarely evaluated in one framework.

International case studies report different measurement, spatial and operating set-
tings. London work models station interactions and special events [22] or train-level
passenger load for rolling-stock and personnel planning [23]; Seoul studies preserve station
heterogeneity through functional clustering [24]; Singapore work links smart-card origin–
destination (OD) demand to fine-grained segment load [25]; and Toronto work explicitly
compares conventional and deep models using Wi-Fi as a population proxy [26]. These
cases demonstrate practical value and expose differences in transfer conditions.

This paper separates the forecasting targets, evaluation design and operational sce-
nario. Population-mobility counts are modelled as a regional crowd-density stock proxy,
whereas the 2025 AFC exit-card counts are evaluated independently as observed station
throughput. Both tasks use chronological 70/15/15 splits with a 12-step purge to prevent
adjacent windows from entering both training and test sets, and the final test period is re-
ported once. Observed train-arrival pulses drive a deterministic capacity scenario in which
recovery time is shifted to measure queue sensitivity. Table 1 summarizes the international
comparison, and transferability is assessed through local recalibration requirements.

The study evaluates an LSTM–TCN fusion framework through a proxy ablation,
an independent AFC passenger-flow validation and an observed-arrival queue-timing
experiment. It examines two hypotheses and one research question:

H1 (structural-support hypothesis). the proxy and AFC series contain strong short-term inertia
and daily periodicity, so local and periodic baselines must be retained when evaluating nonlinear
temporal models.
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H2 (horizon- and target-dependent model-selection hypothesis). under strict temporal
isolation, persistence, time-series ridge and same-slot-previous-day seasonal naive are competitive
baselines; the relative value of LSTM-TCN depends on the target variable and forecast horizon.

Table 1. Critical comparison of short-term passenger-flow forecasting evidence across transport systems.

Evidence/Context Data and Approach Practical Case Strength Boundary Relative to
This Study

China: smart-card
and station-flow

studies [8–16]

LSTM, SVR,
sequence-to-sequence

attention and
multi-source fusion

Station demand,
abnormal-flow
response and

service planning

Rich station-level
passenger

measurements and
nonlinear benchmarks

Usually one
station/network

measurement; regional
crowd proxy and AFC

semantics are not
separated in

one workflow

London
Underground Central

line [22]

Univariate state-space
plus clustered

dynamic-factor models
with event effects

Real-time
station-arrival
prediction and

special-event response

Explicit station
interactions and
event sensitivity

Station-arrival data and
event logs differ from a
hub-wide population-

mobility proxy

London Victoria
line [23]

Two-layer train-level
passenger-flow model

Rolling-stock,
personnel and

facility-capacity
planning

Connects forecasts to
train capacity and

passenger distribution

Train-load target is not a
regional stock proxy or
AFC exit throughput

Seoul Metro [24]

Functional clustering
followed by time-series

prediction using
smart-card data

Service-interval
adjustment, station

planning and regional
comparison

Preserves station
heterogeneity and
geographic context

Hourly station data and
clustering design are not
directly transferable to a

single hub footprint

Singapore MRT [25]

Smart-card OD and
travel-time

distributions for
fine-grained

segment load

Timetable and
segment-load
management

Links OD demand to
in-vehicle load

Requires network-wide
OD and route-choice data
unavailable in this project

Toronto subway [26]

Wi-Fi proxy compared
with linear regression,

exponential smoothing,
ARIMA, Random
Forest, N-BEATS

and T-GCN

System-level demand
monitoring and
transfer-station

calibration

Shows that
conventional baselines
can remain competitive

and proxy
quality matters

Wi-Fi penetration and
station-level calibration

differ from Tencent
regional heat estimates

This study: Shenzhen
North integrated hub

5 min
population-mobility
proxy + independent

AFC exit cards;
LSTM–TCN ablation

and conventional
baselines under

temporal isolation

Staff rostering,
queue/gate

preparation, passenger
information and feeder

coordination

Keeps target meanings
separate, adds

spatial-coverage
evidence, purged splits
and observed-arrival

queue timing

Single hub; local
recalibration and

multi-system validation
remain necessary

International evidence shows that model value depends on the measurement target, spatial scale,
event availability and operational decision. This study contributes an auditable comparison and
transfer protocol for identifying when LSTM–TCN adds predictive value.

Research question (queue-timing sensitivity): under the deterministic observed-arrival
scenario, how do recovery timing, peak queue, clearance time and cumulative queue
person-minutes change when capacity recovery is shifted around 21:10?

The contributions of this paper are fourfold. C1 (target semantics and external AFC
evidence): 105,120 timestamp-aligned AFC exit-card observations provide an external
passenger-flow target and a shared-signal check against the regional crowd-density proxy,
while the two measurement meanings remain separate. C2 (baseline-complete temporal-
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isolation evaluation): the proxy M0–M7 ablation is expanded with seasonal naive and five
conventional regressors; the AFC task includes the same conventional benchmark alongside
persistence, ridge, seasonal naive and M4. All tasks use chronological splits, and neural
comparisons use seed-specific loss series, Bartlett heteroskedasticity-and-autocorrelation-
consistent (HAC) tests and Holm correction. C3 (target- and horizon-dependent model
selection): M2 is strongest within the neural ablation at 5 min and M4 at 15–60 min for the
proxy; ridge leads the proxy conventional benchmark at 5 min, Random Forest leads it at
15–60 min, and Random Forest leads the AFC conventional benchmark at all horizons. C4
(observed-arrival timing sensitivity): the queue experiment recomputes cumulative queue
person-minutes from 481 observed train arrivals and reports peak time and queue-clearance
time for shifted recovery clocks.

2. Materials and Methods
2.1. Study Design and Forecasting Task

Given the previous L time steps, the model predicts the population-mobility proxy
count h steps ahead.

The main notation is as follows. Subscripts t or tau denote 5 min discrete times,
superscript (l) denotes the network-layer index, r denotes the forecast horizon, d denotes
the feature dimension, g denotes the gating vector, α denotes the temporal attention weight
for horizon r, and β denotes the attention weight of feature group k. Unless otherwise
stated, all standardization parameters, conditional quantiles and anomaly thresholds are
estimated from the training set only. Figure 1 summarizes the implemented forecasting
pipeline and its separate operational interfaces.

Figure 1. LSTM-TCN passenger-flow forecasting framework. Ellipses in the TCN branch indi-
cate omitted intermediate time positions within each dilation level. Solid boxes and paths show
implemented forecasting components; dashed boxes show separate diagnostic, operational, or future-
work interfaces.

The solid path shows the implemented M0–M7 forecast: aligned proxy/inflow, cal-
endar variables and the observation mask are standardized with training-set means and
standard deviations before parallel LSTM and TCN encoding, learned fusion and horizon-
specific prediction. The dashed boxes identify separate interfaces: train-arrival pulses and
facility capacity enter the queue scenario rather than M0–M7 forecast training; anomaly
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candidates are computed outside the point-forecast network; and prediction intervals
remain future calibration work.

2.2. Data Sources, Study Object and Preprocessing

The data sources are organized by measurement role. Daily rail data estimate long-
term magnitude, weekly structure and daily baselines. Five-minute population-mobility
data—aggregated Internet-based crowd heatmap estimates—characterize short-term re-
gional aggregation, forecasting baselines and anomaly candidates. They are treated as
crowd-density proxies around the hub rather than direct gate counts. Train-service data
provide railway-arrival pulses, while planning and event materials define capacity and
disturbance boundaries. All analyses use cleaned and checked aggregate data; sources from
different years or with different measurement definitions remain separate targets. Public in-
formation provides the urban rail operating background. Station-level rail entry/exit data,
population-mobility data and train alighting flow come from project data channels, with
definitions checked against public administrative sources and project documentation [27].
The population-mobility records are aggregated, desensitized regional counts with no
individual identifiers or trajectories and are processed under the data-use agreement and
standard privacy requirements. Table 2 summarizes the data sources, temporal resolutions,
valid scales, study uses, and measurement boundaries.

Table 2. Data sources, granularity, study use and measurement boundaries.

Data Source Time Range Granularity Valid Scale Study Use

Shenzhen North
Station rail
entry/exit

January 2023–
June 2025 Daily 894 valid days

Long-term pattern,
weekly periodicity and

daily baseline

Population-
mobility data

January
2023–May 2026 5 min

352,224 original records;
352,167 positive

observed records;
57 zero records treated

as unavailable

Intra-day pattern,
short-term baseline and

anomaly
candidate screening

Shenzhen North
Station AFC

exit-card counts

January–
December 2025 5 min 105,120 complete

records

External passenger-flow
association and

forecasting validation

Train-service
alighting flow May 2024 Service/5 min 481 valid services Railway-arrival pulses

and capacity scenarios

Planning and
event materials Multi-year Event/static Facility and

event parameters

Capacity boundaries
and exogenous

disturbance settings

2.2.1. Population-Mobility Proxy Acquisition and Spatial Coverage

The Tencent heat-data export provides 5 min aggregated crowd-density estimates for
the blue polygon shown in Figure 2. The polygon covers the Shenzhen North integrated
transport hub footprint, including the station core and adjacent east/west and coach-station
plazas. The provider aggregates anonymized device/network signals, while the sampling
frame, penetration rate and vendor-side smoothing are proprietary.

The blue boundary defines the source-data aggregation extent and documents its
spatial coverage. Reliability is evaluated as a shared-signal measure against timestamp-
aligned 2025 AFC exit counts.
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Figure 2. Tencent heat-data aggregation boundary used for the Shenzhen North integrated-hub proxy.
The blue polygon denotes the aggregation extent covering the station core and adjacent plazas.

2.2.2. Software Environment and Reproducibility

The calculations were executed with Python 3.12.10, NumPy 2.4.6, pandas 3.0.3,
Matplotlib 3.10.9, and PyTorch 2.13.0+cu130. Neural training used an NVIDIA RTX PRO
6000 graphics processing unit (NVIDIA Corporation, Santa Clara, CA, USA) when CUDA
was available. Reproducibility manifests record source SHA-256 hashes, split counts, purge
steps, seeds, model settings, GPU name and prediction outputs.

2.3. LSTM-TCN Forecasting Model with Attention Extensions

The model uses aligned proxy inputs, parallel LSTM and TCN encoders, learned
fusion, horizon-specific temporal attention and state-dependent feature-group attention.
M2–M7 add these modules sequentially so that long-range memory, local dynamics and
reweighting can be evaluated under the same temporal split.

2.3.1. Input Variables and Tensor Representation

With a 5 min basic interval, the model receives recent crowd count, proxy inflow, lags,
differences, rolling statistics, calendar encodings and a zero-record mask. Train arrivals,
delays, facility states and response logs remain operational interfaces because they are
not aligned with the full proxy series. The neural input uses the most recent 96 steps; the
288-step construction window is used for labels and rolling features.

∆t = 5 min, Xt ∈ R(L×D)

Xt =
[

X f low
t , Xcalendar

t , Xevent
t , X f acility

t

]
Continuous variables are standardized with training-set means and standard devia-

tions and clipped to [−8, 8]. The 57 zero-valued proxy records are forward-filled, with a
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leading-boundary backfill, and a zero-record mask is retained. Categorical variables use
embeddings. Future information unavailable at prediction time is excluded.

x′t,d =
xt,d mediand

1.4826·MADd + ε

2.3.2. LSTM Long-Sequence Encoding Module

The LSTM branch receives the full historical window and controls information reten-
tion through input, forget and output gates. For layer l and time tau, the state update is
defined as follows:

fτ = σ
(

W f xτ + U f hτ−1 + b f

)
, iτ = σ(Wixτ + Uihτ−1 + bi)

∼
c τ = tanh(Wcxτ + Uchτ−1 + bc), cτ = fτ ⊙ cτ−1 + iτ ⊙

∼
c τ

oτ = σ(Woxτ + Uohτ−1 + bo), hτ = oτ ⊙ tanh(cτ)

The two-layer unidirectional LSTM receives the full historical window and captures
cross-hour dependence using current and past observations only. Its hidden dimension is
32 and inter-layer dropout is 0.2.

2.3.3. TCN Local-Dynamics Encoding Module

The TCN runs in parallel with the LSTM and captures local slopes and peaks through
four residual blocks with kernel size 3 and dilation factors 1, 2, 4 and 8. Its receptive field
is 61 five-minute steps, approximately 5 h. The dilated-convolution and residual-block
choices follow established sequence-modelling patterns [28–30]; weight normalization is
not activated in the reported configuration [29].

Hl(τ) = φ
(

ΣK−1
k=0 W(l,k)H(l1)(τ−dl k)

+ bl

)
Zl = ReLU

(
Fl(Hl−1)

+ Pl(Hl1)

)
2.3.4. Dual-Branch Gated Fusion

After linear projection, the LSTM and TCN outputs have the same dimension. In M4
and M5, their sequence representations are concatenated and passed through a learned
linear fusion layer. Feature-dependent gating is introduced only in M6 and M7; M4 tests
dual-branch complementarity.

gτ = σ
(

Wg[HL
τ ;HT

τ ;Eτ ]
+ bg

)
HF

τ = gτ ⊙ HL
τ + (1 − gτ)⊙ HT

τ

For M6 and M7, the gating vector is computed along feature dimensions and performs
state-dependent fusion between LSTM cross-hour memory and TCN local dynamics. In
the current empirical setting, this gate and feature-group attention use only aligned proxy
counts, inflow, calendar variables and zero-record mask. Missing or unaligned event and
facility variables are not empirical inputs.

2.3.5. Temporal Attention and Feature Attention

The fused sequence first enters the temporal attention module. For each forecast
horizon r, the model uses additive attention [31] to compute the importance of historical
time step tau independently, avoiding one shared weight set across all forecast horizons.
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Five-minute prediction usually focuses on the most recent steps, whereas 30–60 min predic-
tion may assign higher weight to the same time on the previous day or to the beginning of
a peak period.

er,τ = vT
r tanh

(
Wr HF

τ + Urqr + br

)
αr,τ =

exp(er,τ)

Σjexp
(
er,j

) , ztime
r = Στα(r,τ)HF

τ

The full framework reserves a group-level attention interface for four feature groups:
passenger flow, periodicity, events and facilities. Encoded vectors are scored and normal-
ized by Softmax to form group weights and exogenous context. The reported M6 implemen-
tation evaluates aligned crowd-density proxy/inflow variables, calendar-periodic features
and zero-value indicators. Event and facility groups remain empty extension interfaces in
the current training.

βm
r = so f tmaxm(aTtanh(Wmum

r +bm)), zext
r = Σmβ

(m)um
r

r

Temporal and feature-group attention allocate weights among available historical
times and aligned-feature groups. They are treated as predictive reweighting mechanisms
rather than causal explanations.

2.3.6. Decoding and Loss Function

To avoid error accumulation caused by recursive prediction, the model uses direct
multi-step decoding. Each forecast horizon r has an independent output head while sharing
the encoder and attention context. The output head consists of two fully connected layers
and uses Softplus to ensure non-negative predictions:

ŷt+r = So f tplus
(

W2,r·ReLU
(

W1,r[ztime
r ;zext

r ;ht ]
+ b1,r

)
+ b2,r

)
The M0–M7 objective is the uniform mean of PyTorch SmoothL1 (Huber) losses [32]

over four standardized residual horizons. The final β is 0.5, selected from 0.5, 1.0 and 2.0
using validation data. M7 additionally applies the peak weight 1 + 2I(y ≥ P90), where
P90 is the 90th percentile of the training targets for each horizon.

L = Σrωr[Σtwt ·Huberδ(yt+r ŷt+r)
] + λcLcons + λ2||θ||22

wt = 1 + λp·I(yt > Q0.90) + λa·I
(∣∣∣zh

t

∣∣∣ > 3
)

2.3.7. Training, Complexity and Interpretability

Model training follows a strict temporal-causal process. Data are divided chronologi-
cally into 246,335 training, 52,776 validation and 52,790 test windows, with a 12-step purge.
Each neural epoch shuffles and visits all training windows once (121 batches of size 2048);
maximum training length is 30 epochs and early stopping patience is 5. Validation uses
all 52,776 windows. The locked run used PyTorch AdamW and cosine annealing [33,34],
β = 0.5, five seeds and an NVIDIA RTX PRO 6000 when CUDA was available.

Current M0–M7 training uses only aligned crowd-density proxy, inflow, calendar, and
zero-value features. Train plans and facility states enter only the separate queue scenario.
Table 3 summarizes the training procedure, Table 4 lists the main hyperparameters and
their rationale, and Table 5 presents the prespecified ablation scheme.
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Table 3. LSTM-TCN training and rolling-prediction procedure with attention extensions.

Step Processing Content

1 Data preparation Clean timestamps, construct observation masks, and split training, validation and test
sets chronologically

2 Feature construction
Generate lags, differences, rolling statistics, periodic encodings and zero-value indicators;

describe train pulses and facility states as scenario interfaces and extensible
exogenous variables

3 Window sampling Construct samples from historical windows of length L and directly generate labels for H
forecast horizons

4 Forward propagation Compute LSTM long-sequence encoding and TCN local encoding, then fuse them through
gating and dual attention

5 Loss calculation Compute a uniform multi-horizon SmoothL1 loss; apply P90 peak weighting only in M7.
No consistency regularization is active in the reported experiments.

6 Parameter update Apply backpropagation, gradient clipping, AdamW updates and learning-rate scheduling

7 Model selection Use validation-set composite loss and peak recall to trigger early stopping and restore the
best weights

8 Rolling prediction Update the window whenever a new 5 min observation is obtained, and output 5–60 min
forecasts and risk indicators

Table 4. Main model hyperparameters and rationale.

Parameter Value Rationale

Input window length L 288 steps for sample construction;
96 steps for neural input

The full 5 min series constructs labels, and neural
models use the most recent 96 steps as effective input

Forecast horizon H 1, 3, 6, 12 steps Corresponding to 5, 15, 30 and 60 min.

LSTM hidden dimension 32 Two-layer unidirectional LSTM with inter-layer
dropout = 0.2.

TCN channels 32 Four residual blocks with convolution kernel size 3.

Dilation factors 1, 2, 4, 8 Receptive field covers 61 time steps, about 5 h.

Attention dimension 32 Temporal attention and feature-group attention are
projected to the same hidden dimension.

Batch size 2048 Each full epoch shuffles all 246,335 training
windows; the final batch may be smaller.

Optimizer AdamW (learning rate = 1 × 10−3;
weight decay = 1 × 10−4)

AdamW (learning rate = 1 × 10−3; weight decay =
1 × 10−4). Optimizer settings fixed before the final

test evaluation.

Learning-rate schedule Cosine annealing (minimum learning
rate = 1 × 10−5)

Cosine annealing (minimum learning rate =
1 × 10−5) Applied after each epoch

Early-stopping patience 5 epochs Monitor MAE on all 52,776 validation windows.

Gradient clipping L2norm <= 5 Suppress gradient explosion caused by
abnormal peaks.

Multi-horizon weights Uniform mean over four horizons (0.25
each)

Task-specific weights were not activated in the
reported M0–M7 run.

Peak/anomaly weights M7 only: 1 + 2I(y >= trainingP90)
P90 is computed separately for each horizon from

the training targets; M0–M6 use unit weights.

Consistency/L2 regularization No explicit consistency penalty; AdamW
weight decay = 1 × 10−3

Adjacent-horizon regularization was not activated in
the reported run.
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Table 4. Cont.

Parameter Value Rationale

Huber threshold (β) PyTorch SmoothL1 β = 0.5 in
standardized residual space

Selected from β = 0.5, 1.0 and 2.0 using validation
data; the three-value M4 sensitivity check preserved

the longer-horizon conclusion.

Maximum training epochs 30 Full-epoch training with early stopping; five seeds
for the locked configuration.

Training batches per epoch 121 full-pass batches 246,335 training windows are visited once per epoch
(batch size 2048).

Validation early-stopping cap None; all 52,776 windows
A separate full-epoch run with a 10,000-window cap
was used as a sensitivity check; the final run uses all

validation windows.

GPU hardware NVIDIA RTX PRO 6000 CUDA execution; the run manifest records the
environment and source hashes.

Table 5. Prespecified model-ablation scheme.

ID Model Configuration Purpose

M0 Persistence model Test the most basic short-term inertia

M1 Time-series ridge regression Test the explanatory ability of linear lags and
periodic terms

M2 LSTM residual predictor Test long-sequence memory correction relative to the
persistence baseline

M3 TCN residual predictor Test local convolutional encoding gains

M4 LSTM + TCN with learned linear fusion Test dual-branch complementarity

M5 M4 + horizon-specific temporal attention Test horizon-dependent historical selection

M6 M5 + state-dependent fusion gate +
feature-group attention

Test gains from proxy-count, inflow, calendar and
missingness feature groups

M7 M6 + peak-weighted SmoothL1 loss Test error changes after weighting samples above P90

The model exposes temporal-attention, feature-group and gating coefficients for di-
agnostic inspection. Their interpretation is restricted to predictive allocation because the
current dataset lacks aligned event and facility labels; Shapley additive explanations (SHAP)
are not used [35].

2.4. Anomaly-Candidate and Capacity Stress-Test Interface

Anomaly candidates are identified using local conditional thresholds estimated from the
training set. The population-mobility series uses weekday–hour–minute conditional quantiles
and the interquartile range (IQR) [36]. Continuous exceedance of the local upper bound defines
an anomaly candidate. The yellow, orange and red labels form a proposed rule-based interface
for screening candidates and linking them to capacity stress tests. If regional data are available,
density-based spatial clustering of applications with noise (DBSCAN) can identify spatio-
temporally continuous density clusters [37]. Complete early-warning evaluation requires
verified operational event labels; the current analysis uses forecast quantiles, growth slopes
and capacity load ratios for candidate screening and capacity-stress linkage.

• Yellow risk level: the forecast exceeds the conditional P90, or the 15 min growth rate is
substantially higher than its historical distribution.
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• Orange risk level: the forecast exceeds the conditional 95th percentile (P95) and is
expected to persist for more than 10 min, or demand approaches effective service
capacity.

• Red risk level: forecast demand continues to exceed effective capacity, and queue
recursion indicates that accumulation cannot dissipate within the target time.

2.5. Experimental Design and Statistical Analysis

Model experiments use 5 min as the basic step. The 288-step construction window
yields 351,925 supervised samples, divided into 246,335 training, 52,776 validation and
52,790 test samples after the 12-step purge. Standardization, conditional quantiles and
anomaly thresholds use training data only. Hyperparameters are selected from validation
data, and the held-out test period is evaluated after configuration lock.

The ablation uses the same purged split, input window, horizons and metrics for M2–
M7. To test the effect of model-specific settings, M4–M7 were each rerun at one lower-rate
alternative in addition to the shared base setting (learning rate 0.001, dropout 0.2): (0.0003,
0.1) for M4 and (0.0003, 0.2) for M5–M7. These bounded sensitivity runs did not overturn
the M4-versus-M5–M7 ordering. The final five-seed table uses the shared base setting; this
two-setting check is not an exhaustive hyperparameter search. M2 and M3 are retained as
neural component baselines at the locked base setting.

M0 and M1 are deterministic baselines. Neural results are means and standard
deviations over five seeds; all inferential comparisons use seed-specific loss series rather
than a prediction averaged across seeds.

The primary run visits all 246,335 training windows once per epoch. In a post hoc
matched M4 sensitivity control with the same 10,000-window validation cap, 12 randomly
sampled batches per epoch changed test MAE by −1.3%, +9.4%, +17.2% and +32.3% at 5,
15, 30 and 60 min relative to full-epoch training. The partial-epoch budget under-trained
the longer-horizon forecasts.

The main metrics are mean absolute error (MAE), root mean square error (RMSE),
weighted absolute percentage error (WAPE) and symmetric mean absolute percentage
error (sMAPE). The classical Diebold–Mariano framework is a reference point for fore-
cast comparison [38], but the present analysis uses paired loss differences with a Bartlett
heteroskedasticity-and-autocorrelation-consistent (HAC) estimator and a 288-step band-
width. The five seed-specific p values are summarized with a Cauchy combination [39];
Holm correction is applied separately to the M4-versus-M1 and M4-versus-M5–M7 compar-
ison families. This procedure retains seed variability while accounting for serial correlation
in rolling windows.

Recallpeak =
TPpeak

TPpeak + FNpeak
, ∆tpeak = |argmax(y)− argmax(ŷ)|

For reproducibility, this study retains scripts for data cleaning, feature construction,
proxy M0–M7 training, the seasonal-naive baseline, AFC validation, HAC-Holm compar-
isons and observed-arrival queue-timing sensitivity. The reproducibility archive records
source-file SHA-256 hashes, split sizes, random seeds, model settings and derived tables.

We compare the LSTM–TCN models with established machine-learning regressors
using a parallel 47-feature design from the same 5 min history: current flow, proxy inflow
when available, lags (1–288 steps), rolling means, recent differences, periodic encodings
and the missing-record mask. The benchmark includes ridge regression, linear support
vector regression (SVR), Random Forest, an extreme-gradient-boosting (XGBoost) residual
booster and a squared-error Gradient Boosting model. Each model predicts the same four
horizons directly, uses the same chronological split and 12-step purge, and leaves the test
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set untouched. The fixed reference settings are: ridge λ = 100; linear SVR C = 1 and ε = 0.1
for 30 epochs; Random Forest 16 trees, depth 8, eight randomly selected features per split
and a 20,000-row bootstrap sample; XGBoost boosting 40 rounds, depth 5 and learning rate
0.05; and Gradient Boosting 40 rounds, depth 3 and learning rate 0.05.

The benchmark is reported separately for each target because their units and meanings
differ. The benchmark identifies the strongest model for each target and horizon and shows
when a deep architecture adds value. No pilot experiments were conducted with Informer,
PatchTST or STAEformer; a fair comparison requires model-specific tuning and an equal
compute budget.

2.6. External AFC Passenger-Flow Validation Design

The automatic fare collection (AFC) experiment uses 105,120 complete 5 min exit-
card observations from 1 January to 31 December 2025 as an actual passenger-throughput
target. The series is divided chronologically into 73,374 training, 15,723 validation and
15,724 test samples after window construction. M0 persistence, M1 time-series ridge, M4
LSTM + TCN and a same-slot-previous-day seasonal-naive baseline are compared. M4
uses the same 32-unit LSTM and 32-channel TCN structure, five seeds, 12 maximum epochs
and 48 randomly sampled batches per epoch; no population-mobility or train-arrival values
enter the AFC model. Pairwise absolute-loss tests use a Bartlett-HAC estimator with lag
288 and Holm correction across eight M4-versus-baseline horizon comparisons.

2.7. Capacity Scenario and Queueing Model

The capacity scenario uses a deterministic fluid-queue approximation and recursively
updates bottleneck accumulation at a 5 min step: Qt = max

(
0, Q(t−1) + λt − µt

)
, with

cumulative queue person-minutes calculated as 5 times the sum of Qt. Here λt is the 5 min
aggregation of 481 observed train arrivals from 05:50 on 5 May 2024 through 05:55 the
next day (290 bins; 275,478 alighting passengers). Baseline capacity is 3384 persons per
5 min, about 90% of the observed maximum 5 min arrival volume (3760 at 20:40). Capacity
reductions of 30% and 55% set µt to 2368.8 and 1522.8 persons per 5 min. In the recovery
case, the 55% reduction remains through 21:05 and µt is restored to 2876.4 persons per
5 min from 21:10. Timing sensitivity shifts this recovery clock from −30 to +30 min in 5 min
increments while keeping the observed arrival sequence and capacities fixed.

3. Results
3.1. Dataset Characteristics

The queue experiment uses 481 valid train-service records from 5 May 2024, represent-
ing 275,478 alighting passengers. Tables 6 and 7 and Figure 3 describe the separate rail and
proxy data sources.

Table 6. Statistical summary of Shenzhen North Station rail feeder passenger flow.

Indicator Value

Valid daily samples 894 days

Mean daily entry/exit volume 113,856 passenger trips

Median 110,892 passenger trips

Standard deviation 33,230 passenger trips

95th percentile 170,208 passenger trips

Maximum 348,544 passenger trips

Mean entry volume 57,684 passenger trips
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Table 6. Cont.

Indicator Value

Mean exit volume 56,173 passenger trips

Mean directional imbalance 0.117

Table 7. Rail feeder passenger flow statistics by day of week.

Day of Week Samples Mean
(Passenger Trips)

Median
(Passenger Trips)

Standard
Deviation

(Passenger Trips)

Monday 128 111,230 99,945 29,268

Tuesday 127 99,171 89,632 26,458

Wednesday 127 99,294 89,845 27,061

Thursday 128 100,057 90,664 29,912

Friday 128 132,700 127,123 32,926

Saturday 128 121,318 113,443 32,305

Sunday 128 132,995 129,446 32,472

Figure 3. Daily rail passenger flow and conditional anomaly candidates at Shenzhen North Station.

3.2. Passenger-Flow Sensing Proxy and Descriptive Cross-Source Context

Rail feeder passenger flow shows clear day-of-week differences. Mean weekday flow
is 108,500 passenger trips per day, and mean weekend flow is 127,200 passenger trips per
day, giving a weekday–weekend ratio of 0.853. Mean Friday and Sunday flows are 132,700
and 133,000 passenger trips, respectively, both higher than Tuesday to Thursday.

Rail feeder statistics provide descriptive magnitude and day-of-week context, whereas
the population-mobility proxy is the forecasting target in Section 3.3. The sources cover
different periods and measure daily gate throughput versus 5 min regional crowd den-
sity, so their 894-day overlap supports only a feasibility check. The proxy is used as a
regional-aggregation early-warning signal. Figure 4 shows the corresponding day-of-
week distribution.

For valid non-zero population-mobility records, the mean real-time count is 30,600
persons, the median is 33,700 persons, the 95th percentile is 64,400 persons and the maxi-
mum is 128,200 persons. The mean real-time counts at 18:00 and 19:00 are 59,000 and 60,500
persons, respectively, and the P95 at 19:00 reaches 90,700 persons. The 19:00 interval is
therefore a key window for evening-peak risk monitoring (Table 8; Figures 5 and 6).
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Figure 4. Distribution of rail feeder passenger flow by day of week. Blue boxes denote weekdays and
orange boxes denote weekend days; orange horizontal lines mark medians, and whiskers show the
non-outlier range.

Table 8. Real-time crowd count statistics for typical hours.

Hour Mean
(Proxy Count)

Median
(Proxy Count)

P90
(Proxy Count)

P95
(Proxy Count)

7 23,876 22,404 33,747 38,147

8 47,539 45,392 64,336 72,464

9 46,671 44,248 62,690 70,584

12 43,897 41,698 57,738 65,518

18 58,991 55,940 78,476 88,509

19 60,470 57,320 80,202 90,661

21 35,852 33,980 47,261 53,674

Figure 5. Hourly distribution and quantile interval of population-mobility crowd-density proxy counts.
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Figure 6. Day-of-week and hourly heat map of real-time crowd counts.

During the 2025 overlap, all 105,120 population-mobility observations aligned with
AFC exit-card counts. The raw 5 min association was Pearson r = 0.553 (95% day-block
bootstrap confidence interval (CI): 0.551–0.556) and Spearman rho = 0.877. After removing
the mean for each weekday and 5 min time slot from each series, the residual Pearson r
was 0.505 (95% day-block CI: 0.457–0.538), and the residual Spearman ρ was 0.545. Raw
Pearson r increased modestly to 0.568 at 60 min and to 0.872 at the daily scale (Table 9
and Figure 7). The residual association indicates shared temporal variation beyond the
weekday/time-of-day pattern.

Table 9. Multi-scale external association between the population-mobility proxy and AFC exit-card
passenger counts in 2025.

Aggregation Paired Observations Pearson r 95% Day-Block CI Spearman ρ

5 min 105,120 0.553 [0.551, 0.556] 0.877

15 min 35,040 0.557 [0.554, 0.560] 0.880

30 min 17,520 0.560 [0.558, 0.563] 0.887

60 min 8760 0.568 [0.566, 0.571] 0.865

1 day 365 0.872 [0.832, 0.905] 0.840

5 min residual
(de-seasonalized) 105,120 0.505 [0.457, 0.538] 0.545

Figure 7. Multi-scale external association between the population-mobility proxy and AFC exit-card
passenger counts in 2025. Error bars show 95% day-block bootstrap intervals for Pearson r.
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Figure 8 compares the standardized daily trajectories over the full 2025 overlap and
the raw 5 min series during the prespecified ordinary week.

Figure 8. Side-by-side visualization of the population-mobility proxy and AFC exit-card series. Panel
(a) shows standardized daily trajectories over the complete 2025 overlap; panels (b) and (c) show raw
5 min values during the same prespecified ordinary week (3–9 March 2025). The separate axes avoid
implying equal units.

3.3. Forecasting Accuracy Comparison

Persistence (M0) and regularized time-series ridge regression (M1) [40] provide re-
producible baselines; M2–M7 neural residual models are trained end to end on the same
pipeline. Features include recent lags, short-term slopes, hour, day of week, annual cycle,
month, weekend, Labour Day holiday and zero-value indicators. Training and testing are
separated chronologically. Table 10 reports the full-test-set ablation results for persistence,
time-series ridge regression, LSTM, TCN, LSTM + TCN, temporal attention, feature-group
attention and peak-weighted loss (n = 52,790). All models use the same data split, input
window and evaluation metrics.

At 5 min, M2 LSTM has the lowest neural MAE (1135 ± 1 proxy-count units), slightly
below M5 (1150 ± 5), M4 (1155 ± 41) and ridge (1176). At 15, 30 and 60 min, M4 LSTM–
TCN has the lowest neural MAE: 1321 ± 49, 1536 ± 41 and 1634 ± 24. These results identify
a short-horizon LSTM advantage and a longer-horizon LSTM–TCN advantage within the
neural ablation.

The 5 min sMAPE remains sensitive to low-count periods because small denominators
amplify relative errors. MAE, RMSE and WAPE are therefore the primary accuracy criteria;
sMAPE is retained as a scale-free diagnostic. The final full-epoch run reports the same
metrics on the complete held-out period for every model and horizon.
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Table 10. Temporally isolated proxy test results for M0–M7 and seasonal-naive baselines across
forecast horizons.

Horizon (min) Model Seeds MAE
(Proxy Count)

RMSE
(Proxy Count) WAPE (%) sMAPE (%)

5 M0 Persistence 1 1326 1963 4.33 5.23

5 M1 Time-series ridge regression 1 1176 1710 3.84 7.62

5 M-SN Seasonal naive 1 4191 6718 13.68 14.46

5 M2 LSTM 5 1135 ± 1 1752 ± 1 3.70 ± 0.00 4.36 ± 0.07

5 M3 TCN 5 1403 ± 63 3514 ± 288 4.58 ± 0.20 6.60 ± 0.06

5 M4 LSTM + TCN 5 1155 ± 41 1833 ± 187 3.77 ± 0.13 6.12 ± 0.12

5 M5 LSTM + TCN +
temporal attention 5 1150 ± 5 1763 ± 4 3.75 ± 0.02 5.48 ± 0.63

5 M6 M5 + gate +
feature-group attention 5 1801 ± 154 4688 ± 616 5.88 ± 0.50 7.67 ± 0.30

5 M7 M6 +
peak-weighted SmoothL1 5 1717 ± 165 4362 ± 624 5.60 ± 0.54 7.90 ± 0.31

15 M0 Persistence 1 2333 3299 7.61 10.46

15 M1 Time-series ridge regression 1 1761 2476 5.75 12.10

15 M-SN Seasonal naive 1 4190 6718 13.68 14.46

15 M2 LSTM 5 1317 ± 6 1958 ± 9 4.30 ± 0.02 5.85 ± 0.18

15 M3 TCN 5 1536 ± 67 3593 ± 275 5.01 ± 0.22 7.79 ± 0.12

15 M4 LSTM + TCN 5 1321 ± 49 2309 ± 217 4.31 ± 0.16 7.24 ± 0.11

15 M5 LSTM + TCN +
temporal attention 5 1388 ± 19 2055 ± 30 4.53 ± 0.06 7.56 ± 0.68

15 M6 M5 + gate +
feature-group attention 5 1912 ± 187 4656 ± 746 6.24 ± 0.61 8.98 ± 0.55

15 M7 M6 +
peak-weighted SmoothL1 5 1821 ± 115 4340 ± 427 5.94 ± 0.38 9.29 ± 0.56

30 M0 Persistence 1 4005 5669 13.07 18.21

30 M1 Time-series ridge regression 1 2829 3918 9.23 19.09

30 M-SN Seasonal naive 1 4191 6718 13.68 14.46

30 M2 LSTM 5 1501 ± 15 2316 ± 26 4.90 ± 0.05 7.36 ± 0.30

30 M3 TCN 5 1708 ± 69 3831 ± 277 5.57 ± 0.23 9.02 ± 0.17

30 M4 LSTM + TCN 5 1536 ± 41 2917 ± 171 5.01 ± 0.13 8.50 ± 0.15

30 M5 LSTM + TCN +
temporal attention 5 1658 ± 53 2579 ± 80 5.41 ± 0.17 9.56 ± 0.97

30 M6 M5 + gate +
feature-group attention 5 2092 ± 157 4929 ± 604 6.83 ± 0.51 10.39 ± 1.00

30 M7 M6 +
peak-weighted SmoothL1 5 2056 ± 152 4800 ± 495 6.71 ± 0.50 10.52 ± 0.66

60 M0 Persistence 1 7025 9905 22.93 31.49

60 M1 Time-series ridge regression 1 4491 6293 14.66 28.29

60 M-SN Seasonal naive 1 4190 6718 13.67 14.46

60 M2 LSTM 5 1683 ± 6 2865 ± 18 5.49 ± 0.02 9.10 ± 0.19

60 M3 TCN 5 1842 ± 47 4016 ± 169 6.01 ± 0.15 10.24 ± 0.25

60 M4 LSTM + TCN 5 1634 ± 24 3192 ± 110 5.33 ± 0.08 9.70 ± 0.28
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Table 10. Cont.

Horizon (min) Model Seeds MAE
(Proxy Count)

RMSE
(Proxy Count) WAPE (%) sMAPE (%)

60 M5 LSTM + TCN +
temporal attention 5 1913 ± 67 3378 ± 136 6.24 ± 0.22 12.17 ± 0.77

60 M6 M5 + gate +
feature-group attention 5 2279 ± 119 5254 ± 422 7.44 ± 0.39 12.27 ± 0.77

60 M7 M6 +
peak-weighted SmoothL1 5 2309 ± 127 5370 ± 355 7.54 ± 0.41 12.25 ± 0.84

Note: Lower values indicate better performance. M-SN predicts each target from the same 5 min slot
one day earlier. MAE and RMSE are in population-mobility proxy-count units, not AFC trips. WAPE
and sMAPE are percentages; mean ± standard deviation is shown for M2–M7 over five seeds.

At the 60 min horizon, M4 LSTM–TCN has a proxy MAE of 1634 ± 24, 63.62% lower
than M1 and 76.73% lower than M0. M2 LSTM and M3 TCN have MAEs of 1683 ± 6
and 1842 ± 47, respectively. Bartlett-HAC paired absolute-loss comparisons remain the
inferential comparison for the neural ablation.

The marginal return of added modules is not monotonic. M5 is close to M4 at 5 min
but has higher MAE at 15–60 min; M6 and M7 have higher MAE than M4 at every horizon.
Holm-adjusted p values for M4 versus M1 at 5, 15, 30 and 60 min are 1.000, 1.35 × 10−14,
1.10 × 10−59 and 1.08 × 10−246; the corresponding M4-versus-M5 values are 0.914, 0.368,
0.093 and 2.81 × 10−12. M4 versus M6 and M7 is significant at every horizon after Holm
correction (p < 0.001). Under the aligned proxy feature set and matched training budget,
M5–M7 did not provide additional predictive value over M4.

In the held-out period, M2 is the strongest neural model at 5 min and M4 is the
strongest neural model at 15–60 min. Relative to ridge, M2 reduces 5 min MAE by 3.46%,
while M4 reduces MAE by 24.97%, 45.69% and 63.62% at 15, 30 and 60 min. Random Forest
remains the strongest conventional reference, but full-epoch M4 is lower than the reported
Random Forest MAE at 15–60 min. Model ranking is target- and horizon-dependent.

The seasonal-naive baseline has an MAE of approximately 4190 proxy-count units at
every horizon and is weaker than the final neural models at all four horizons. It retains a
direct periodic reference and shows how full-epoch training changes the relative ranking
of the nonlinear models. Figure 9 summarizes the horizon-specific MAE and WAPE values
for all proxy-target models.

Figure 9. Model-error comparison across forecast horizons (full test set n = 52,790; M2–M7 are means
over five random seeds). (a) MAE and (b) WAPE across forecast horizons. Dashed lines denote
deterministic single-run baselines, whereas solid lines denote five-seed neural-model means. M2 is
best among the neural models at 5 min; M4 is best at 15–60 min. M5–M7 do not improve on M4 at the
longer horizons.
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Figure 10 shows the M4 15 min point forecast, an empirical P90 residual band and
signed residuals on a representative 48 h test segment. The band is a descriptive error
diagnostic. A calibrated prediction interval would require a separate conformal calibration
protocol [41,42]. The point-forecast analysis uses the full M0–M7 ablation and seed-aware
HAC comparisons.

Figure 10. M4 15 min prediction trajectory and signed-residual diagnostic on a representative 48 h
test segment. The black line shows observations, the red line shows the M4 point forecast, the shaded
band shows the empirical P90 residual band, and the lower panel shows signed residuals.

Table 11 and Figure 11 compare the models with conventional regressors. On the proxy
target, ridge remains best at 5 min, while Random Forest is the strongest conventional
model at 15–60 min (MAE 1573.85, 2004.15 and 2490.56). On the independent AFC target,
Random Forest is the strongest of the six conventional references at all horizons (MAE
22.27, 25.42, 30.17 and 38.26 exits per 5 min). The benchmark shows that M4 is useful at
selected horizons, while Random Forest leads at the other target–horizon combinations.

Figure 11. Conventional-regressor MAE comparison on the proxy and AFC targets.
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Table 11. Conventional-regressor MAE by target and forecast horizon.

Target Model 5 min 15 min 30 min 60 min

Proxy Persistence 1325.57 2333.23 4004.59 7024.87

Proxy Ridge 1175.89 1760.65 2828.93 4490.88

Proxy Linear SVR 1387.56 2029.72 3084.37 4761.73

Proxy Random Forest 1283.48 1573.85 2004.15 2490.56

Proxy XGBoost 2802.24 3034.66 3436.42 3945.64

Proxy Gradient Boosting 3106.46 3468.19 4136.39 5233.71

AFC Persistence 32.14 69.91 129.08 230.19

AFC Ridge 26.60 46.77 84.92 150.69

AFC Linear SVR 44.44 73.85 106.28 153.74

AFC Random Forest 22.27 25.42 30.17 38.26

AFC XGBoost 46.24 49.13 56.16 69.39

AFC Gradient Boosting 53.58 59.63 76.02 115.47
Note: MAE is in proxy-count units for the proxy target and AFC exits per 5 min for the AFC target.
The XGBoost row is the self-contained XGBoost residual booster described in Section 2.5.

Full metrics and implementation settings are available from the corresponding author
upon reasonable request, subject to the Data Availability Statement.

3.4. Overall Multi-Model Statistical Comparison

Across the reported candidate set, M2 has the lowest 5 min MAE and M4 has the
lowest MAE at 15, 30 and 60 min. Figure 12 shows the descriptive M4-to-M1 ratio. HAC
comparisons use seed-specific losses with Holm correction.

Figure 12. Horizon-specific M4-to-M1 MAE ratio in the held-out test period. The dashed horizontal
line marks parity (ratio = 1); ratios above 1 favor M1 and ratios below 1 favor M4. The comparison is
descriptive and does not imply rank-based inference.
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M2 is the efficient neural choice at 5 min, whereas M4 is the efficient neural choice
at 15–60 min. M5–M7 add parameters and training time without improving the aligned-
feature forecast under the reported proxy feature set and training design.

3.5. Temporal Structure and Anomaly Candidates

The autocorrelation coefficients of the high-frequency series at 5, 15, 30 and 60 min
lags are 0.995, 0.987, 0.963 and 0.888, respectively. They decrease to 0.714 after 2 h and
−0.029 after 6 h. The 12 h lag is −0.440, while the 24 h lag rises to 0.953 and the 7-day
lag remains 0.919. This dual-scale pattern of strong short-term inertia and pronounced
daily periodicity supports parallel modelling of long-range memory and local convolution
(Figure 13).

Figure 13. Autocorrelation of population-mobility real-time crowd counts at Shenzhen North Station
(January 2023–May 2026, 5 min intervals).

Weekday–hour–minute conditional IQR scores identify 7173 statistical outliers. Event-
level classification requires labelled operational logs, so these points are treated as
anomaly candidates.

Two examples characterize different anomaly patterns in the multi-year series. The
largest single-point deviation reached 128,167 persons at 19:10 on 30 April 2023, during
the evening peak before the Labour Day holiday. The longest continuous exceedance ran
from 23:10 on 30 April 2026 to 00:45 on 1 May 2026, with the series remaining above the
local conditional baseline despite zero real-time inflow at some time points. Potential
explanations include holiday retention, acquisition-definition changes and unrecorded
events; operational logs are required to determine the cause. The 2026 interval lies in the
held-out test period and was used only for post hoc description, not for model selection,
parameter tuning or threshold estimation (Figure 14).

Anomaly scores are calculated using weekday–hour–minute conditional quantiles
and IQR local thresholds. Candidate points indicate statistical deviations relative to com-
parable periods and require interpretation together with holidays, train operations and
operational logs.
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Figure 14. Conditional anomaly candidates and local baseline in population-mobility data.

3.6. Train Pulses, Capacity Scenarios, and Timing Sensitivity
3.6.1. Observed-Arrival Capacity Scenarios

Train-service data show that railway-arrival demand forms discrete pulses rather than
a smooth flow. The capacity-scenario results use 5 May 2024 (481 valid services) as a high-
demand pressure-test day with the peak-day arrival parameters specified in Section 2.7.
Train-service records cover only May 2024, whereas the forecasting proxy spans 2023–2026,
so the two sources do not overlap in the test period. This single-day experiment quantifies
queue sensitivity to recovery timing under the specified deterministic capacity scenario
(Table 12, Figure 15).

Table 12. Facility-capacity reduction scenario results for a peak-day pressure test based on single-day
train-arrival data (5 May 2024).

Scenario Service Capacity
(Persons per 5 min)

Maximum
Queue (Persons)

Cumulative Queue
(Person-Minutes)

Baseline capacity 3384 376 3005

Capacity reduced
by 30% 2369 1391 57,795

Capacity reduced
by 55% 1523 9181 1,884,985

55% reduction;
recovery at 21:10 1523 to 2876 6651 617,207

Note: The recurrence covers the complete observed arrival sequence from 05:50 on 5 May through
05:55 on 6 May (290 five-minute bins). The recovery row uses 1523 persons/5 min through 21:05 and
2876 persons/5 min from 21:10. Values are recomputed directly from the observed service records.

The train-service data contain 481 valid records; the 5 min bins are shown here to
make the discrete input to the capacity recurrence explicit.

Under baseline capacity, the maximum queue is 376 persons and cumulative queueing
is 3005 person-minutes. A 30% capacity reduction increases these values to 1391 persons
and 57,795 person-minutes. Under a 55% reduction, maximum queueing reaches
9181 persons and cumulative queueing reaches 1,884,985 person-minutes. Restoring capac-
ity to 85% of baseline at 21:10 reduces cumulative queueing to 617,207 person-minutes, a
67.3% reduction relative to no recovery (Figure 16).

When service capacity is reduced by 55%, the maximum queue is amplified from 376
to 9181 persons. Capacity recovery at 21:10 lowers cumulative queue person-minutes from
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1,884,985 to 617,207, a 67.3% reduction. The experiment is driven by observed train-arrival
pulses and a specified capacity path.

Figure 15. Observed train-arrival pulses aggregated to 5 min for the 5 May 2024 pressure-test day.

Figure 16. Capacity-reduction scenarios calibrated by observed train-arrival pulses.

3.6.2. Sensitivity of Queue Relief to Capacity-Recovery Timing

Using the same observed arrivals and capacities, moving the 21:10 recovery clock by
−15, −10, +10 and +15 min changes the reduction in cumulative queue person-minutes
from 67.3% to 72.8%, 71.3%, 63.4% and 61.7%, respectively (Table 13 and Figure 17). The
maximum queue is 6651 persons at 20:45 for all five shifts. The queue clears at 21:15, 21:20,
21:35, 21:40 and 21:45, respectively; recovery timing changes queue duration rather than
peak height in this scenario.

Table 13. Observed-arrival queue sensitivity to capacity-recovery timing.

Timing
Shift (min) Recovery Time Maximum

Queue
Cumulative Queue

Person-Minutes
Reduction vs. No

Recovery (%) Peak Time Queue-Clear Time

−15 20:55 6651 511,800 72.8 20:45 21:15

−10 21:00 6651 540,729 71.3 20:45 21:20

+0 21:10 6651 617,207 67.3 20:45 21:35
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Table 13. Cont.

Timing
Shift (min) Recovery Time Maximum

Queue
Cumulative Queue

Person-Minutes
Reduction vs. No

Recovery (%) Peak Time Queue-Clear Time

+10 21:20 6651 690,390 63.4 20:45 21:40

+15 21:25 6651 722,594 61.7 20:45 21:45

Note: Negative shifts denote earlier recovery and positive shifts denote delay relative to 21:10. The
observed sequence contains 481 valid services aggregated into 290 five-minute bins. The no-recovery
comparator is 1,884,985 queue person-minutes; the peak occurs at 20:45 before every recovery clock
in Table 13.

Figure 17. Queue-relief sensitivity to capacity-recovery timing and queue trajectories around the
20:45 peak. The vertical dashed line marks the 20:45 peak time.

3.7. External AFC Passenger-Flow Validation Results

On 15,724 temporally held-out AFC samples, M4 reduces MAE relative to M1 by 6.8%,
31.6%, 47.1% and 41.0% at 5, 15, 30 and 60 min (Table 14 and Figure 18). Bartlett-HAC
comparisons favour M4 over M1 at every horizon after Holm correction (all adjusted
p < 0.001). The seasonal-naive baseline changes the interpretation: M4 is better at 5 and
15 min, but seasonal naive is better at 30 and 60 min; all four directional differences remain
significant after Holm correction, with the least decisive comparison at 15 min (adjusted
p = 0.029). The AFC analysis compares M0, M1, M4 and seasonal naive, the key competitive
models identified in the proxy ablation (Table 10); full M0–M7 AFC replication remains
future work.

Table 14. Temporally isolated AFC exit-card passenger-flow validation.

Horizon Model Seeds MAE RMSE WAPE (%)

5 M0 Persistence 1 32.14 78.84 14.89

5 M1 Time-series ridge 1 26.44 59.11 12.24

5 M4 LSTM + TCN 5 24.63 ± 0.11 62.71 ± 0.15 11.41 ± 0.05

5 Seasonal naive 1 35.22 97.09 16.31

15 M0 Persistence 1 69.91 159.33 32.40

15 M1 Time-series ridge 1 46.61 88.41 21.60

15 M4 LSTM + TCN 5 31.90 ± 0.74 72.18 ± 1.08 14.79 ± 0.34

15 Seasonal naive 1 35.15 96.91 16.29
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Table 14. Cont.

Horizon Model Seeds MAE RMSE WAPE (%)

30 M0 Persistence 1 129.08 288.74 59.88

30 M1 Time-series ridge 1 84.65 147.49 39.27

30 M4 LSTM + TCN 5 44.79 ± 1.85 97.35 ± 2.76 20.78 ± 0.86

30 Seasonal naive 1 35.08 96.77 16.28

60 M0 Persistence 1 230.19 492.71 106.89

60 M1 Time-series ridge 1 149.90 250.98 69.60

60 M4 LSTM + TCN 5 88.42 ± 3.15 218.00 ± 2.23 41.06 ± 1.46

60 Seasonal naive 1 35.00 96.66 16.25
Note: AFC values are exit-card counts per 5 min. M4 reports mean ± standard deviation over
five seeds. Seasonal naive uses the same 5 min slot one day earlier.

Figure 18. MAE comparison on the independent AFC exit-card passenger-flow target.

The AFC experiment confirms that model ranking depends jointly on the passenger-flow
target, forecast horizon and benchmark family: M4 improves on ridge at 5–60 min, seasonal
naive remains strongest at 30 and 60 min among the four models, and the added Random
Forest reference is strongest among the six conventional models at all four horizons.

4. Discussion
4.1. Main Findings

The study yields three main findings. First, the population-mobility proxy and AFC
exit-card passenger flow share temporal information: across 105,120 aligned 5 min observa-
tions, raw Pearson correlation was 0.553 and the weekday-by-clock de-seasonalized Pearson
correlation was 0.505 (95% day-block CI 0.457–0.538). The proxy represents regional crowd
stock and AFC represents station-exit throughput.

Second, model performance depends on target, forecast horizon and benchmark
family. For the proxy target, ridge is best at 5 min, M4 is best among the neural ablation at
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15–60 min, and Random Forest is the strongest conventional reference at 15–60 min. For
the AFC target, Random Forest is strongest among the conventional references at all four
horizons, while M4 remains better than ridge. These results demonstrate why learned,
periodic and tree baselines should be retained together.

Third, queue relief was sensitive to capacity-recovery timing in the deterministic
observed-arrival scenario. Recovery at 21:10 reduced cumulative queue person-minutes by
67.3%, whereas delays of 10 and 15 min reduced the benefit to 63.4% and 61.7%, respectively.

4.2. Relationship to Existing Methods

LSTM was originally proposed to alleviate long-term dependency learning difficulties
in recurrent networks [1], and TCN studies show that causal dilated convolution can obtain
long effective memory across sequence tasks [2]. The M6–M7 extensions use a gating
mechanism to vary the LSTM and TCN contributions with the encoded state. Compared
with global self-attention models [3] and Informer [4], the framework avoids comput-
ing a quadratic-length attention matrix over the full historical window. Compared with
newer time-series models such as TimesNet, PatchTST and STAEformer [5–7], and with
2024 developments that emphasize long-short Transformer traffic representation, explicit
exogenous-variable forecasting and large-language-model-based metro passenger-flow
prediction under delay conditions [43–45], the study focuses on multi-source measurement
constraints and a capacity interface.

Recent passenger-flow studies have largely pursued richer architectures and exoge-
nous information. Hu et al. [46] combined a Graph Transformer with multi-gate mixture-
of-experts learning and external operational variables; Wang et al. [47] integrated hybrid
spatio-temporal extraction with multi-feature fusion; and Fernandez-Lobo et al. [48] used
heterogeneous real-time data and LSTM-based occupancy forecasting for a multimodal
transport interchange. The present study focuses on a bounded proxy feature set and asks
when added temporal complexity improves accuracy and when it does not. It also links
each forecast horizon to an operational action.

The M5–M7 results indicate an information-limited complexity penalty. M5 reweights
the same history without adding exogenous observations; M6 applies its gate and feature-
group attention only to proxy count, inflow, calendar and missingness because event and
facility groups are unavailable; M7 changes the loss weighting but not the input information.
Full-epoch training and the lower-rate sensitivity runs did not reverse the ordering, while
M6–M7 showed larger seed variation than M4. The added modules therefore increased
optimization variance without adding predictive signal in this feature set.

The population-mobility proxy and AFC exit-card counts remain separate targets and
are compared only through timestamp-aligned association statistics. The external AFC
experiment validates forecasting on actual passenger throughput, while the proxy ablation
retains the longer multi-year regional series. Train arrivals and facility capacity enter the
queue module as operational inputs and are excluded from both forecast models.

Transferability Across Countries and Transport Systems

The workflow transfers through its data roles and evaluation logic. A city needs
(i) a clearly defined regional proxy or station-throughput target, (ii) a documented spatial
footprint and sampling process, (iii) a 5 min or otherwise harmonized clock, (iv) a minimum
persistence/seasonal/linear/tree benchmark set, and (v) operational logs for recalibrating
thresholds and capacity responses. London station-arrival data, Seoul smart-card station
clusters, Singapore OD/segment loads and Toronto Wi-Fi proxies can fill these roles,
but their penetration, transfer-station topology, timetable regularity and fare-collection
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definitions differ. Model weights, proxy-to-AFC mapping, anomaly quantiles, service-
capacity parameters and horizon-to-action thresholds therefore require local estimation.

Local validation can use 5–15 min forecasts to stage staff, open or close gates, prepare
temporary channels and issue targeted passenger information; 30–60 min forecasts can sup-
port train–platform coordination, diversion, bus/taxi reinforcement and cross-department
rostering. Field deployment should keep a human-in-the-loop, log forecast errors and
queue outcomes, and calibrate uncertainty before capacity changes.

4.3. Operational and Methodological Implications

Because the 60 min sMAPE values of M1 and M4 are 28.29% and 9.70%, respectively,
the neural result is more suitable for trend-oriented proxy-risk indication than for precise
gate-flow counting. For deep models to become practically useful, future work should
reduce WAPE, improve peak recall, calibrate upper-risk intervals and inject proxy forecast-
error distributions into the queue model.

The four forecast horizons map to progressively broader actions. A 5 min warning
supports immediate on-site flow restriction and local guidance; 15 min supports staff
repositioning and preparation of temporary passages; 30 min supports diversion, one-way
concourse organization and feeder reinforcement; and 60 min supports cross-department
staffing and bus/taxi capacity coordination. This mapping can be tested against response
logs and labelled events.

Methodologically, strict temporal isolation, multiple random seeds and minimum
baselines change how model complexity is judged. Proxy Table 10 shows a horizon-
dependent M1-to-M4 crossover, whereas AFC Table 14 shows that seasonal naive can
dominate nonlinear and linear learned models at 30–60 min. Model choice should follow
target semantics, periodicity, horizon and operational cost; M4 is useful at selected proxy
horizons and improves on ridge for AFC.

4.4. Limitations and Future Priorities

This study has five main limitations.
First, M5–M7 did not provide additional predictive value over M4 under the aligned

proxy feature set and full-epoch training protocol. The bounded two-setting sensitivity
check reduces, but does not eliminate, hyperparameter-selection uncertainty. Richer aligned
exogenous inputs, a broader model-specific search and multiple temporal origins are
required to test whether this ranking changes.

Second, the capacity analysis uses observed train arrivals from one high-demand day,
5 May 2024, and a deterministic fluid-queue model. Validation requires ordinary weekdays,
weekends and additional holiday periods, together with facility-level simulation and
operational response records.

Third, no pilot experiments with Informer, PatchTST or STAEformer were conducted
on the proxy and AFC datasets. These models require a separate model-specific tuning
study with equalized computational budgets and repeated temporal origins.

Fourth, the proposed anomaly-candidate and multi-level warning rules have not been
evaluated against labelled operational events. Their thresholds should be calibrated and
assessed using event-level precision, recall, false-alarm rates, missed-detection rates and
warning lead time before operational deployment.

Fifth, Table 9 measures shared temporal signal between regional proxy counts and
AFC exit throughput. A calibrated proxy-to-AFC conversion requires a separate mapping
model across operating conditions and event types.

Future research should repeat both forecasting tasks across multiple rolling temporal
origins, compare modern forecasting models under equal computational budgets, develop
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a calibrated proxy-to-AFC mapping, extend the queue analysis to a wider range of op-
erating days, and validate the warning and capacity-response interfaces against labelled
operational records.

5. Conclusions
This study evaluates short-term hub passenger-flow forecasting through complemen-

tary proxy and AFC evidence. The multi-year population-mobility task supports a full
M0–M7 ablation, the independent 2025 AFC task tests actual exit-card throughput, and the
conventional benchmark compares ridge, linear SVR, Random Forest, XGBoost boosting
and Gradient Boosting under the same temporal isolation.

For the proxy, M2 is best within the neural ablation at 5 min and M4 is best within the
neural ablation at 15–60 min; ridge is the strongest conventional reference at 5 min and
Random Forest at 15–60 min. For AFC, Random Forest is strongest among the conventional
references at 5–60 min and M4 improves on ridge. Model selection should therefore be
conditioned on target semantics, periodicity, horizon and the operational cost of errors.

For high-inertia proxy data, nonlinear fusion becomes useful at longer horizons. The
AFC results show that a tree ensemble can outperform both linear and neural models, while
daily periodic repetition remains a strong comparator at 30–60 min. Minimum baselines
should follow the operational meaning and periodicity of each target.

In the observed-arrival queue scenario, recovery at 21:10 reduced cumulative queue
person-minutes by 67.3%, while delays of 10 and 15 min reduced the benefit to 63.4% and 61.7%.
Multi-day operational data are required to evaluate the transferability of this timing effect.

Future research should prioritize repeated-origin AFC and proxy validation, calibrated
cross-source mapping, modern-model comparisons, probabilistic interval calibration, multi-
day arrival scenarios and field verification of capacity-response timing.
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