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Abstract
Accurate bus arrival time prediction supports
passenger information services and transit
dispatching, but irregular sampling and
time-varying traffic conditions make the task
strongly nonlinear. This paper proposes a
Spatial Attention Multi-Scale Traffic-State Gated
Long Short-Term Memory (SA-MS-TG-LSTM)
network. Seven trajectory features are constructed
from Global Positioning System (GPS) records,
including acceleration, congestion index, and
speed volatility. Scale-preserving Spatial Feature
Attention (SFA) first reweights the feature
dimensions, and three Traffic-State Gated Long
Short-Term Memory (TG-LSTM) branches
subsequently encode the latest 5, 10, and 15
time steps. Their outputs are concatenated and
mapped to the remaining travel time. Experiments
are conducted on 8,834 GPS records from 293
trips on a single bus route (Route 86). Under a
controlled setting in which all recurrent models
use a hidden size of 16, one recurrent layer, and
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at most 50 training epochs, SA-MS-TG-LSTM
achieves the best aggregate performance, with a
root mean square error (RMSE) of 1.056 min, mean
absolute error (MAE) of 0.762 min, mean absolute
percentage error (MAPE) of 12.06%, and coefficient
of determination (R2) of 0.9631. Compared
with the Convolutional Neural Network–Gated
Recurrent Unit (CNN-GRU), it reduces RMSE,
MAE, and MAPE by 6.30%, 5.57%, and 11.26%,
respectively. Trip-level analysis further confirms
statistically significant MAE improvements over
a standard Long Short-Term Memory (LSTM)
model and TG-LSTM. These results demonstrate
the effectiveness of the proposed method on
the evaluated route, while broader multi-route
validation remains an important direction for
future work.

Keywords: bus arrival time prediction, intelligent
transportation, LSTM, traffic-state gating, multi-scale
temporal modeling, feature attention.

1 Introduction
Bus arrival time prediction estimates the remaining
travel time from a vehicle’s current location to a
target stop. It supports passenger information
systems, operational dispatching, and service
reliability analysis. Automatic vehicle location and
passenger-counting data have therefore been widely
used for real-time transit arrival and departure
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prediction [1–3]. In practice, however, bus travel time
is affected by irregular sampling, stop-and-go behavior,
traffic congestion, signal delay, and route-specific
disturbances. These factors make the prediction
problem nonlinear and strongly time dependent.

Traditional approaches such as historical averages,
regression models, time-series forecasting, and
artificial neural networks are easy to deploy, but they
are weak at representing dynamic traffic variation [4–
7]. Conventional recurrent networks can also be
difficult to train over long temporal spans [8]. Long
short-term memory (LSTM) networks [9] improve
temporal modeling by learning dependencies from
previous trajectory observations. Nevertheless, a
standard LSTM still has three important limitations
for bus arrival time prediction. First, it usually treats
traffic-state variables only as ordinary input features,
so congestion or speed fluctuation cannot directly
regulate memory updating. Second, many models
operate on a single window length, which limits
their ability to jointly represent short-term vehicle
maneuvers and longer route-level trends. Third,
treating all input dimensions equally may weaken key
variables under complex traffic conditions.

This paper presents a Spatial Attention Multi-Scale
Traffic-State Gated Long Short-Term Memory
(SA-MS-TG-LSTM) network. Unlike attention-based
recurrent models that only reweight their inputs,
the proposed architecture transforms three explicit
traffic-state variables and injects them into the input,
forget, output, and candidate-memory computations.
It also encodes three nested temporal windows in
parallel and fuses the resulting representations by
concatenation. The main contributions are as follows:

1. A traffic-state feature construction scheme is
developed from raw bus GPS trajectories, including
acceleration, congestion index, and speed volatility.

2. A traffic-state gated LSTM unit is designed so
that traffic-state variables directly modulate input,
forget, output, and candidate memory gates.

3. Amulti-scale temporal architecture is used tomodel
short-, medium-, and long-range traffic dynamics
in parallel.

4. A feature-dimension attention module is
introduced to adaptively emphasize important
variables and suppress less relevant information.

The remainder of this paper is organized as follows.
Section 2 reviews bus arrival prediction and recent

deep spatiotemporal approaches. Section 3 presents
the proposed methodology. Section 4 reports the
experimental setting and results, Section 5 discusses
the study limitations, and Section 6 concludes the
paper.

2 Related Work
Bus arrival time prediction has been studied
with statistical and machine-learning methods.
A recent comprehensive review organizes this
literature around data acquisition, travel-time
patterns, route discretization, implementation
strategy, and performance evaluation [10]. Early
systems based on Automatic Vehicle Location
(AVL), Automatic Passenger Counter (APC), and
GPS data used historical travel times, dynamic
regression, filtering, and artificial neural networks
to estimate downstream arrival or departure
times [1–3, 5, 6]. Multi-route interactions were
subsequently considered in stop-level prediction [7],
while bus-specific time-series models remained useful
as interpretable references [4]. Such methods are
generally inexpensive and transparent, but fixed
functional assumptions can limit their response to
nonlinear congestion and rapidly changing operations.
Recent non-recurrent work has also examined
multiple extreme-learning machines with dynamic,
road, trajectory, signal, weather, and passenger
variables [11].

Recurrent deep networks provide greater capacity
for sequential representation. The difficulty of
learning long-term dependencies with conventional
gradient-based recurrent networks was established
in early work [8]. Long short-term memory
(LSTM) networks [9] and gated recurrent units
(GRUs) [12] address this difficulty through learned
gates, and convolutional LSTM models have
captured correlations across multiple bus travel-time
outputs [13]. Attention mechanisms provide a
general means of selecting informative input or
sequence components [14]. More recent bus-specific
studies have optimized LSTM hyperparameters [15],
used dual-stage attention with dynamic and static
factors [16], or combined LightGBM feature selection
with LSTM temporalmodeling [17]. These approaches
show the value of nonlinear temporal modeling and
feature selection, but attention-based recurrent models
typically reweight inputs or hidden states rather than
allowing a compact traffic-state vector to participate
explicitly in every recurrent gate.

Bus-specific spatial and Transformer architectures
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provide complementary alternatives. Lee and
Yoon encode short-term inbound and outbound
bus flows at individual stations and combine the
resulting flow-centrality representation with recurrent
predictors [18]. MetaSTNN combines graph and
temporal convolution with meta-learning to represent
segment-dependent bus dynamics [19], while
FEN-MRMGCN models multiple bus-network
relations and incorporates passenger flow,
congestion, and weather information [20]. These
bus-specific spatial models represent stop, route,
and passenger-related structure more directly than
generic road-sensor traffic-flow forecasting, but they
require reliable network context or synchronized
multi-route observations. BAT-Transformer uses
self-attention and positional encoding [21] to
learn longer dependencies from large-scale bus
operation records [22]. Transformers offer parallel
sequence modeling, although their data and
computational requirements can be disproportionate
for a single-route dataset.

The present study addresses a narrower setting in
which only trajectory-derived variables are available.
It combines feature-dimension attention, three nested
temporal windows, and a traffic-state gated recurrent
unit. The distinction from conventional attention
LSTMs is that acceleration, congestion index, and
speed volatility are first transformed and then
included in all four gate computations. Unlike the
temporal convolution and self-attention alternatives
discussed above, which learn their temporal receptive
fields implicitly, the proposed model makes the
three historical ranges explicit through fixed 5-, 10-,
and 15-step recurrent windows and concatenates
their outputs. The distinction from graph-based
methods is that no road-network adjacency matrix
or synchronized multi-route data are required.
External variables such as weather, signal timing, and
passenger demand remain complementary inputs for
future multi-route extensions rather than components
evaluated in the present experiment.

3 Methodology
3.1 Overall Architecture
The proposed model is named SA-MS-TG-LSTM. As
shown in Figure 1, the model takes a historical
trajectory sequence X as input and predicts the
remaining travel time to the target station. The
input sequence is first processed by a Spatial Feature
Attention module. The attended sequence is then
fed into a multi-scale TG-LSTM module composed

of three parallel temporal branches. These branches
model short-term, mid-term, and long-term temporal
dependencies with window lengths of 5, 10, and 15
time steps, respectively. Traffic state features, including
acceleration, congestion index, and speed volatility,
are used as auxiliary information for the TG-LSTM
branches. The outputs of the three branches are
combined by feature concatenation and then passed
through a fully connected layer to obtain the final
remaining travel time prediction.

3.2 Input Representation and Spatial Feature
Attention

For each GPS record, the implementation uses a
seven-dimensional feature vector

xt = [vt, θt, dt,∆τt, at, ρt, φt]
>, (1)

where xt ∈ R7, vt is speed (km/h), θt is heading
angle (degrees), dt is distance to the station (m), ∆τt
is the recorded time difference (min), at is acceleration
(km/h/s), ρt is a dimensionless congestion index,
and φt is speed volatility (km/h). This notation
distinguishes station distance dt from acceleration at.

The three traffic-state variables are calculated
separately within each trip. Let st denote the
timestamp in seconds. For two consecutive valid
records, the elapsed time and finite-difference
acceleration are

δt = max(st+1 − st, 10−6), (2)

at =
vt+1 − vt

δt
. (3)

The last record of a trip reuses the latest available
acceleration. In the implementation, a single-record
trip retains zero for all three derived traffic-state
variables and cannot generate a 15-step sample. For
trips containing at least two records, the congestion
index is normalized by the maximum observed speed
of trip q:

ρt = 1− vt

v
(q)
max

, v(q)max = max
j∈q

vj , (4)

where a fallback reference speed of 40 km/h is
used only when all recorded speeds in a trip are
non-positive. Speed volatility is the sample standard
deviation over the current and two preceding speed
records:

φt =


√

1

nt − 1

∑
j∈Wt

(vj − v̄t)2, nt > 1,

0, nt = 1,

(5)
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Figure 1. Overall architecture of SA-MS-TG-LSTM.

whereWt = {max(1, t − 2), . . . , t}, nt = |Wt|, and v̄t
is the corresponding mean speed. Missing values in
the four original numerical features are forward-filled
and then backward-filled within each trip before these
variables are calculated.

A supervised sample is formed from a 15-step
historical trajectory segment:

Xk = [xk,xk+1, . . . ,xk+14], yk = rk+15, (6)

where rk+15 is the remaining travel time at the next
recorded point after the input window.

In the architecture, Spatial Feature Attention is applied
before temporal modeling. For each time step, the
attentionmodule computes feature-dimensionweights
as

et = W a2 Dropout (tanh(W a1xt + ba1)) + ba2, (7)
αt = softmax(et), (8)
xa
t = Fxt �αt, (9)

where F = 7 is the feature dimension,W a1 ∈ R16×7,
ba1 ∈ R16,W a2 ∈ R7×16, and ba2 ∈ R7. Multiplication
by F preserves the input scale: uniform attention gives
Fαt,j = 1 for every feature, while nonuniform weights
still emphasize or suppress individual dimensions.
The softmax operation is performed over the seven
feature dimensions, and the attention multilayer
perceptron uses a dropout rate of 0.1. The attended
sequence

Xa
k = [xa

k,x
a
k+1, . . . ,x

a
k+14] (10)

is then used by the multi-scale TG-LSTM branches.

3.3 TG-LSTM Unit
The internal mechanism of a TG-LSTM unit is
illustrated in Figure 2. At time step t, the unit receives
the input vector from the current recurrent layer, the
previous hidden state ht−1, and the previous cell state
ct−1. The traffic state vector is selected from the branch
input and contains acceleration, congestion index, and
speed volatility:

T t =

atρt
φt

 ∈ R3. (11)

The traffic state vector is first transformed by a
Traffic State multilayer perceptron (MLP). In the
implementation, this MLP maps the three traffic-state
variables through an eight-dimensional hidden layer
and a rectified linear unit (ReLU) activation to a
hidden-size traffic representation:

zt = W T2 Dropout (ReLU(W T1T t + bT1)) + bT2,
(12)

whereW T1 ∈ R8×3, bT1 ∈ R8,W T2 ∈ RH×8, bT2 ∈
RH , zt ∈ RH , H is the TG-LSTM hidden dimension,
and the MLP dropout rate is 0.1. The unit diagram
indicates that the transformed traffic features, the
current input vector, and the previous hidden state
jointly determine the gate values. In the code, this
dependency is implemented through separate affine
projections for the three sources.

Following the gate computation shown in Figure 2,
the input gate, forget gate, output gate, and candidate
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Figure 2. Internal structure of the TG-LSTM unit.

memory are computed as

it = σ(W ixt +U iht−1 + V izt + bi), (13)
f t = σ(W fxt +U fht−1 + V fzt + bf ), (14)
ot = σ(W oxt +U oht−1 + V ozt + bo), (15)
c̃t = tanh(W cxt +U cht−1 + V czt + bc). (16)

The cell state and hidden state are then updated by

ct = f t � ct−1 + it � c̃t, (17)
ht = ot � tanh(ct), (18)

where σ(·) is the sigmoid activation and � denotes
element-wise multiplication. This formulation follows
the LSTM update logic in the unit diagram while
explicitly conditioning the gates on the transformed
traffic features.

For recurrent layer `, let its input dimension be D`,
where D1 = 7 and D2 = H . For each gate,
W ∗ ∈ RH×D` , U∗,V ∗ ∈ RH×H , and b∗ ∈ RH .
The hidden and cell states are also in RH . These
dimensions make the trajectory input, recurrent state,
and transformed traffic state compatible through
separate affine projections rather than through an
implicit addition of unlike variables.

3.4 Multi-Scale Temporal Window Construction
The multi-scale temporal construction is shown in
Figure 3. For each attended 15-step sequence, three
windows are extracted. The short-term branch uses
the latest 5 time steps, the mid-term branch uses the
latest 10 time steps, and the long-term branch uses the
full 15-step sequence:

Xshort
k = [xa

k+10,x
a
k+11, . . . ,x

a
k+14], (19)

Xmid
k = [xa

k+5,x
a
k+6, . . . ,x

a
k+14], (20)

X long
k = [xa

k,x
a
k+1, . . . ,x

a
k+14]. (21)

Eachwindow is encoded by a corresponding TG-LSTM
branch. The three branches are designed to capture
temporal dependencies at different historical ranges
rather than to duplicate the same sequence length.

The lengths 5, 10, and 15 are nested subdivisions of the
fixed 15-step input. They provide progressively
broader contexts while preserving the latest
observation as the common endpoint of all branches.
The selected values are an empirical, compact
multi-scale setting rather than a claim of globally
optimal window lengths; their interpretation in clock
time varies with the irregular GPS sampling interval.
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Figure 3. Multi-scale temporal window construction. The model uses the latest 5, 10, and 15 time steps to represent
short-term, mid-term, and long-term temporal dependencies, respectively.

3.5 Feature Concatenation and Prediction

Let hshort
k , hmid

k , and hlong
k denote the outputs of the

three TG-LSTMbranches. Consistentwith Figure 1 and
Figure 3, these outputs are fused by concatenation:

hcat
k = [hshort

k ;hmid
k ;hlong

k ]. (22)

Because each branch output is in RH , hcat
k ∈ R3H .

The concatenated representation is passed to a fully
connected layer to generate the remaining travel time
prediction:

ŷk = W ph
cat
k + bp. (23)

Here, W p ∈ R1×3H and bp ∈ R. Thus, the final
prediction is based on spatially attended trajectory
features, traffic-state-conditioned TG-LSTM encoding,
and multi-scale temporal feature concatenation. The
complete computational procedure is summarized in
Algorithm 1.

3.6 Training Objective
The model is trained by minimizing mean squared
error (MSE) on the standardized remaining-time

target:

L =
1

M

M∑
k=1

(ŷk − yk)2. (24)

The implementation uses dropout regularization [23]
and Adam with decoupled weight decay
(AdamW) [24, 25]. AdamW uses an initial learning
rate of 0.001, weight decay of 10−5, β1 = 0.9,
β2 = 0.999, ε = 10−8, and amsgrad=false. Gradient
clipping limits the maximum norm to 1.0. A
ReduceLROnPlateau scheduler monitors held-out
MSE in minimization mode and multiplies the
learning rate by 0.5 after five consecutive epochs
without improvement; the relative threshold is 10−4,
cooldown is zero, and minimum learning rate is zero.
Early stopping requires a strictly lower held-out MSE
and uses a patience of 10 epochs. Random seeds for
NumPy and PyTorch are both fixed at 42. For the
controlled comparison, every recurrent model uses a
hidden size of 16, one recurrent layer, and at most 50
epochs. A dropout rate of 0.3 is used where an explicit
dropout operation is present; the traffic-state and
feature-attention MLPs use dropout of 0.1. Because
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Algorithm 1: SA-MS-TG-LSTM Training Procedure
Data: Raw GPS records with timestamps and

destination times
Result: Predicted remaining travel time ŷk for each

sample k
// Stage 1: Feature Construction
Compute at, ρt, φt from consecutive GPS records;
Assemble seven-dimensional feature vectors
xt = [vt, θt, dt,∆τt, at, ρt, φt]

>;
Forward-fill then backward-fill missing values within
each trip;

Generate 15-step sliding-window samplesXk and
targets yk = rk+15;

Standardize feature and target arrays;
// Stage 2: Forward Pass
Apply Spatial Feature Attention: Xa

k ← SFA(Xk);
Extract nested windows of 5, 10, and 15 steps fromXa

k;
Encode each window with its TG-LSTM branch: hshort,
hmid, hlong;

Concatenate branch outputs:
hcat ← [hshort; hmid; hlong];

Predict remaining travel time: ŷk ←W ph
cat + bp;

// Stage 3: Optimization
Compute MSE loss: L ← 1

M

∑M
k=1(ŷk − yk)2;

Update parameters with AdamW and gradient
clipping (max norm = 1.0);

Reduce learning rate on plateau; apply early stopping
(patience = 10);

each recurrent stack has one layer, inter-layer recurrent
dropout is inactive.

4 Experiments
4.1 Data and Evaluation Metrics
The experiments use GPS trajectories collected from an
actual Route 86 bus service. After timestamp parsing
and invalid-record removal, the dataset contains
8,834 records from 293 trips. The implementation
reads the message time and destination time fields,
computes the remaining travel time in minutes, and
sorts the records by trip identifier and timestamp. The
original feature columns are speed, heading angle,
distance to station, and recorded time difference;
acceleration, congestion index, and speed volatility
are then added as traffic-state features, resulting in
seven input features. A 15-step sliding window is
used to construct sequence samples, and the target
is the remaining travel time at the next recorded
point. The train-test split is performed at the trip level,
producing 3,579 training samples and 889 test samples
from 57 held-out trips. All compared models use the
same preprocessing pipeline, feature standardization,

sliding-window sample construction, and evaluation
metrics.

Four metrics are used: mean absolute error (MAE),
root mean square error (RMSE), mean absolute
percentage error (MAPE), and coefficient of
determination (R2):

MAE =
1

M

M∑
i=1

|ŷi − yi|, (25)

RMSE =

√√√√ 1

M

M∑
i=1

(ŷi − yi)2, (26)

MAPE =
100%

M

M∑
i=1

∣∣∣∣ ŷi − yiyi

∣∣∣∣ , (27)

R2 = 1−
∑M

i=1(ŷi − yi)2∑M
i=1(yi − ȳ)2

. (28)

Here,M is the number of evaluated samples, yi and ŷi
are the observed and predicted remaining travel times,
respectively, and ȳ is the mean observed remaining
travel time. Lower MAE, RMSE, and MAPE indicate
smaller prediction errors, while a higher R2 indicates
stronger goodness of fit. The 889 held-out targets
range from approximately 1 to 21 min; the minimum
stored value is 0.9999997 min because of floating-point
conversion, so the evaluated set contains no zero or
near-zero target. The implementation adds 10−8 to the
MAPE denominator for numerical protection, but this
term does not materially affect the reported values at
the observed target range.

4.2 Experimental Protocol
The experimental protocol is designed to evaluate
prediction ability on trips that are not used for
parameter updates. Therefore, the data are divided
at the trip level rather than by randomly splitting
individual sequence samples. Adjacent samples from
one trip are highly correlated; placing them in both
subsets would create a less demanding evaluation.
All models use the same standardized feature and
target arrays, the same trip assignment, and the same
sequence samples.

All models are implemented in PyTorch and trained
with the same standardized input tensors. The
sequence length is fixed to 15, while the proposed
multi-scale branches internally select the latest 5, 10,
and 15 time steps. The training batch size is 256,
and the evaluation batch size is 512. To control
the recurrent configuration, LSTM, GRU, CNN-GRU,
TG-LSTM, MS-TG-LSTM, and SA-MS-TG-LSTM all
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Table 1. Controlled comparison with hidden size 16, one recurrent layer, and at most 50 epochs for every model.

Model Params Best epoch RMSE MAE MAPE R2

(min) (min) (%)

LSTM 1,617 48 1.238 0.897 16.76 0.9493
TG-LSTM 2,817 50 1.264 0.897 15.61 0.9472
MS-TG-LSTM 8,449 50 1.209 0.848 17.31 0.9517
SA-MS-TG-LSTM 8,696 49 1.056 0.762 12.06 0.9631
GRU 1,217 47 1.234 0.836 16.82 0.9496
CNN-GRU 2,001 48 1.127 0.807 13.59 0.9580

use a hidden dimension of 16, one recurrent layer,
and a maximum of 50 epochs. They also share
the same optimizer, learning rate, weight decay,
gradient clipping, scheduler, early-stopping patience,
and random seed. Total trainable parameters
remain architecture dependent because traffic-state
projections, parallel temporal branches, and SFA are
components of the evaluated models; these counts
are reported in Table 1 rather than hidden through
a common nominal budget.

The software environment is Python 3.11.9 with
PyTorch 2.4.1 and CUDA 11.8 on Windows.
Computation uses an NVIDIA GeForce RTX 4060
Laptop graphics processing unit (GPU) with 8 GB of
graphics memory.

4.3 Baselines
Six models are compared:

1. LSTM: a standard recurrent baseline using the
constructed feature sequence.

2. GRU: a lighter gated recurrent baseline.

3. CNN-GRU: a hybrid model that extracts local
feature patterns before recurrent modeling.

4. TG-LSTM: an LSTM variant with traffic-state gate
modulation.

5. MS-TG-LSTM: a multi-scale version of TG-LSTM.

6. SA-MS-TG-LSTM: the proposed complete model
with feature attention, multi-scale encoding, and
traffic-state gating.

Every model is trained for at most 50 epochs with
early-stopping patience 10. This controlled width,
depth, and training-budget setting removes the former
32-versus-16 hidden-size, two-versus-one-layer, and
50-versus-30-epoch differences.

4.4 Results and Discussion
Table 1 reports prediction performance under the
controlled recurrent configuration. SA-MS-TG-LSTM
obtains the lowest point estimates of RMSE, MAE, and
MAPE and the highestR2, with an RMSE of 1.056 min,
MAE of 0.762 min, MAPE of 12.06%, and R2 of 0.9631.
Compared with the standard LSTM, it reduces RMSE,
MAE, and MAPE by 14.70%, 15.05%, and 28.04%,
respectively. Compared with CNN-GRU, the strongest
non-traffic-gated reference, it reduces RMSE by 6.30%,
MAE by 5.57%, and MAPE by 11.26%, based on the
rounded values in Table 1.

To assess whether the observed error differences are
systematic across trips, absolute errors were averaged
within each of the 57 held-out trips. A two-sided
Wilcoxon signed-rank test compared trip-level
MAE with SA-MS-TG-LSTM, and a 10,000-resample
trip-level bootstrap estimated the 95% confidence
interval (CI) of ∆MAE = MAEreference − MAESA.
Holm correction was applied across the five
comparisons. Table 2 shows significant adjusted
differences relative to LSTM and TG-LSTM. The
differences relative to MS-TG-LSTM, GRU, and
CNN-GRU are not significant at the 0.05 level;
consequently, the aggregate ranking is reported
as a point-estimate result rather than conclusive
superiority over every reference.

Table 2. Paired trip-level MAE comparison with
SA-MS-TG-LSTM under the controlled configuration.

Reference ∆MAE (min) 95% CI Adjusted p

LSTM 0.139 [0.050, 0.251] 0.002
TG-LSTM 0.138 [0.062, 0.231] 0.003
MS-TG-LSTM 0.090 [0.023, 0.174] 0.243
GRU 0.079 [−0.033, 0.226] 0.615
CNN-GRU 0.044 [−0.027, 0.124] 0.615

Figure 4 visualizes the same metric comparison from
four perspectives. SA-MS-TG-LSTM has the lowest
point estimates of RMSE, MAE, and MAPE and
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(a) RMSE (b) MAE

(c) MAPE (d) R2

Figure 4. Metric comparison under the controlled hidden size, layer, and training-epoch setting.

the highest R2 under the evaluated configurations,
consistent with Table 1. Statistical qualification of the
trip-level MAE differences is provided in Table 2.

The component sequence gives a qualified ablation
view. TG-LSTM improves MAPE from 16.76%
to 15.61% relative to LSTM, but its RMSE and
MAE are not lower, so traffic-state gating alone
is not uniformly beneficial in the one-layer setting.
MS-TG-LSTM reduces RMSE and MAE to 1.209 and
0.848 min, respectively, but has a higher MAPE.
After scale-preserving SFA is added, SA-MS-TG-LSTM
reduces RMSE to 1.056 min, MAE to 0.762 min,
and MAPE to 12.06%, while adding only 247
parameters to MS-TG-LSTM. This pattern is consistent
with feature reweighting reducing redundant branch
inputs, but the adjusted trip-level difference between
MS-TG-LSTM and the full model is not statistically
significant.

Figure 5 shows that all models reduce training and
held-out loss during optimization. SA-MS-TG-LSTM
reaches the lowest best held-out MSE of 0.0347 at
epoch 49. CNN-GRU is the strongest non-traffic-gated

reference with a best held-out MSE of 0.0400, while the
remaining models settle at higher minima.

Figure 6 presents a representative 16-point test trip. All
models capture the overall decrease in remaining travel
time. SA-MS-TG-LSTM remains close to the observed
curve through the middle and later points, while the
reference predictions generally fall below the observed
values near the end of the trip. This case is illustrative
rather than a substitute for the aggregate comparison
in Table 1.

The station-level comparison in Figure 7 shows
that prediction difficulty varies across stops,
where S1–S10 identify the ten most frequent
test stations in decreasing order of sample frequency.
SA-MS-TG-LSTM has relatively low MAE at several
frequent stations but is not uniformly best; at S1, for
example, its error is the largest among the six models.
The full model therefore improves the aggregate
held-out metrics without eliminating stop-specific
variation.
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Figure 5. Training and held-out MSE loss curves under the controlled configuration.

Figure 6. Remaining travel time prediction on a representative test trip.

4.5 Discussion of Model Components
The comparison among LSTM, TG-LSTM,
MS-TG-LSTM, and SA-MS-TG-LSTM provides a
progressive view under the same hidden width,
recurrent depth, and maximum epoch count. In the
LSTM reference, acceleration, congestion index, and
speed volatility are only part of the input vector. In
TG-LSTM, the transformed traffic state contributes
to the input, forget, output, and candidate-memory
computations. TG-LSTM lowers MAPE but does not
lower RMSE or MAE relative to LSTM, indicating that
gate conditioning alone is insufficient in this setting.

MS-TG-LSTM improves RMSE and MAE relative
to TG-LSTM but increases MAPE, showing that
additional temporal branches do not improve every
criterion. The lowest aggregate errors are obtained
only after scale-preserving SFA is added. The factor
F prevents uniform attention from shrinking all
standardized inputs, while nonuniform weights still
reweight the feature dimensions before the three
temporal encoders. This mechanism is consistent with
the observed point estimates, but the non-significant
adjusted comparisons with MS-TG-LSTM, GRU, and
CNN-GRU mean that the ranking should be verified
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Figure 7. Station-level MAE comparison for the ten most frequent stations in the test set, denoted by S1–S10 in decreasing
order of sample frequency.

with repeated runs and additional routes.

From an operational perspective, the reduction in
MAE from 0.897 min for LSTM and 0.807 min
for CNN-GRU to 0.762 min for SA-MS-TG-LSTM
corresponds to smaller average deviations in the
displayed configuration. This aggregate advantage
does not eliminate station-level uncertainty, as shown
in Figure 7; future deployment should therefore
consider stop-specific calibration or additional route
context.

5 Limitations
This study has several limitations. First, the experiment
uses GPS trajectories from one bus route. Although the
trip-level split avoids sample leakage between training
and testing trips, the evaluation does not yet verify
cross-route generalization. Amodel trained on a single
route may learn route-specific speed patterns, stop
spacing, and signal-delay characteristics. Testing the
same architecture on multiple routes would provide
stronger evidence of robustness.

Second, the current feature set is derived from GPS
records and simple traffic-state variables. External
factors such as weather, incidents, road works, signal
timing, holidays, and passenger boarding demand are
not included. These factors may explain some of the
station-level error differences observed in Figure 7.
Incorporating such contextual variables may improve
prediction during abnormal operating conditions.

Third, the model is evaluated as a point predictor

of remaining travel time. In practical passenger
information systems, uncertainty estimates are also
important because two predictions with the same
expected value may have different reliability. Future
work can extend SA-MS-TG-LSTM to probabilistic
prediction, for example by predicting quantiles or
confidence intervals for remaining travel time.

Fourth, the controlled comparison aligns hidden
size, recurrent depth, maximum epochs, optimization
settings, and random seed, but total parameter
counts remain architecture dependent because the
proposed model contains traffic projections, three
recurrent branches, and SFA. Exact parameter-budget
matching would require architecture-specific hidden
widths and would answer a different capacity
question. The experiment also uses one fixed random
seed. Although the trip-level analysis quantifies
uncertainty across held-out trips, repeated training
and a separate validation split are still needed to
quantify optimization variance and model-selection
uncertainty.

6 Conclusion
This paper presented a multi-scale traffic-state gated
attention network for bus arrival time prediction.
The method constructs traffic-state features from GPS
records, applies scale-preserving feature-dimension
attention, divides the input into three nested temporal
windows, and uses traffic-state gated LSTM branches
to model recurrent dynamics. In the controlled
Route 86 comparison, every model uses hidden
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size 16, one recurrent layer, and at most 50 epochs.
SA-MS-TG-LSTM obtains the lowest aggregate point
errors, with an RMSE of 1.056 min, MAE of 0.762 min,
MAPE of 12.06%, andR2 of 0.9631. Adjusted trip-level
tests support significant MAE reductions relative to
LSTM and TG-LSTM, but not relative to MS-TG-LSTM,
GRU, or CNN-GRU. Together with station-level
heterogeneity and the single-route scope, these results
motivate repeated-seed evaluation, additional routes,
and external context such as weather, signal timing,
and passenger demand.
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