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Abstract

Heterogeneity in route activity and the need to clearly distinguish among observations,
scenario assumptions, and operational requirements pose challenges for the short-horizon
forecasting of railway coal origin–destination (OD) flows. SCOUT implements overlapping
design objectives for longer-term tendencies, periodic variation, and short-term changes
through 15 explicitly defined temporal and constructed-proxy reference components. Their
construction provides temporal meaning, while a context-dependent simplex gate adapts
their combination. Validation-based calibration is followed by separate scenario adjustment
and route-level lower-bound projection. The case study concerns one railway system
and 210 routes retained after training-period screening of inactive and rare-activation
routes, covering 98.42% of held-out network flow. Across 171 held-out forecast origins
under a purged chronological split, the lower-bound-compliant forecast reduces RMSE
relative to Recent-4 by 6.34%, 3.21%, and 2.89% in the intermittent, regular active-flow, and
backbone strata. The directional comparison with Recent-4 persists under the reported
temporal-boundary and threshold checks, while the modern benchmarks and architectural
diagnostics show cluster-dependent trade-offs rather than a uniform benefit from every
module. Projection eliminates violations of the specified lower bounds, but does not
establish network-capacity feasibility. For intermittent routes, positive-event coverage of
the descriptive residual band is only 4.73%. The evidence supports a structurally organized
forecasting representation and an auditable adjustment interface; transfer to other systems
and downstream operational benefits remain to be evaluated.

Keywords: railway coal transportation; origin–destination forecasting; context-gated
mixture; multi-horizon forecasting; scenario stress test; lower-bound projection

1. Introduction
1.1. Background and Motivation

Railway coal flows connect mines, industrial users, power plants, interchange yards,
and ports. Accurate short-horizon origin–destination (OD) forecasts support train-plan
preparation, loading and unloading coordination, corridor-capacity allocation, rolling-stock
use, and priority energy supply. Coal demand and trade respond to electricity demand,
fuel substitution, regional policy, and supply conditions [1]. Freight movements are further
shaped by service-network design, intermodal opportunities, shipment-size decisions,
transport-chain choice, and physical capacity [2–4]. An OD forecast is therefore both a
statistical estimate and an input to network operations.
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1.2. Problem Statement and Challenges

Three characteristics make this task materially different from forecasting a single dense
series. First, route activity is strongly heterogeneous: many nominal OD cells are inactive,
intermittent routes contain long zero spells and pulses, and a small backbone carries very
large continuous volumes. Second, observed history, assumed future market inputs, and
mandatory operating rules have different epistemic status. Combining them inside one
opaque predictor makes it difficult to distinguish a data-driven estimate from a planner-
specified stress test or a policy-enforced adjustment. Third, a model can appear favorable
when route screening, temporal splits, percentage-error denominators, policy violations, or
prediction intervals are defined ambiguously. A useful method must consequently control
leakage, preserve interpretable decision interfaces, and expose the complete path from
training state to published forecast. SCOUT’s temporal design covers longer-term ten-
dencies, periodic variation, and short-term jumps through inspectable reference forecasts.
These are complementary design objectives, not mutually exclusive latent factors or an
assumed causal decomposition.

1.3. Contributions

This study proposes SCOUT, a scenario-oriented context-gated forecasting architecture
with explicit lower-bound projection. The study makes the following contributions.

1. It constructs route eligibility and three physically interpretable forecasting strata
exclusively from the training period, separating intermittent, regular active-flow, and
backbone routes.

2. It organizes forecasting information around overlapping objectives for longer-
term tendencies, periodic variation, and short-term changes, implemented through
15 explicit reference components. The four functional groups index the implemented
functions and ablation diagnostics rather than independent temporal submodels. A
context-dependent simplex gate adaptively combines the components, whose tempo-
ral meaning comes from their construction.

3. It separates the statistical predictor, scenario operator, and lower-bound projection.
This distinction permits stress testing without presenting assumed inputs as measured
causal effects and guarantees only the stated route-level lower bounds.

4. It evaluates every eligible route under a chronological holdout and adds five rolling-origin
folds, two shifted temporal boundaries, five random seeds, one-factor threshold sensitivity,
component and architectural ablations, and moving-block bootstrap sensitivity.

The remainder of the paper reviews the relevant literature, develops the SCOUT
model, specifies the training and inference algorithm, and presents a railway coal OD case
study followed by discussion and conclusions.

2. Literature Review
2.1. Railway Freight and Coal OD Modeling

Freight OD analysis has long combined partial observations, assignment structure, and
regional production–consumption relationships. Commodity-flow estimation, rail-freight
assignment, and coal-specific OD reconstruction provide the direct domain foundation for
the present study [5–7]. Recent railway-demand studies also demonstrate the explanatory
value of economic, industrial, and operational variables [8]. This literature clarifies the
network and commodity context, but much of it emphasizes matrix estimation, long-range
demand, or assignment rather than transparent multi-step daily prediction under explicit
scenario and operating rules.
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2.2. OD Estimation and Dynamic Prediction

Classical OD inference includes entropy, likelihood, and generalized least-squares
formulations [9–11]. Dynamic state-space methods model time-varying OD demand,
while later neural formulations learn nonlinear temporal and network dependence [12–14].
Urban-rail studies show that recurrent, convolutional, and partial-observation structures
can recover dynamic OD patterns [15,16]. However, passenger OD matrices are usually
denser and more periodic than railway coal flows. Their methods do not directly resolve the
combination of extreme route sparsity, order-of-magnitude scale differences, and route-level
policy requirements considered here.

2.3. Spatiotemporal and Deep Traffic Forecasting

Short-term traffic forecasting has progressed from statistical models to recurrent, con-
volutional, attention-based, and graph neural networks [17–19]. DCRNN, STGCN, Graph
WaveNet, GMAN, and AGCRN illustrate increasingly flexible representations of temporal
dependence and network structure [20–24]; broader surveys document the resulting graph-
forecasting design space [25]. Mixture-of-experts models provide another route to adaptive
specialization. MoLE jointly trains linear forecasting experts and a router [26], whereas
SCOUT mixes predefined statistical reference functions before separately applying scenario
and lower-bound operators. This is a difference in model construction, not evidence that
SCOUT outperforms MoLE. Contextual traffic forecasting also combines LSTM histories
with weather and calendar features [27]; SCOUT’s constructed profiles must not be treated
as equivalent to such observed contextual measurements. For intermittent series, temporal-
structure and modified TSB studies emphasize that zero spells and event timing require
diagnostics different from dense-series forecasting [28,29]. Their expressiveness is valuable,
but latent representations do not automatically reveal how recent level, seasonal recurrence,
assumed future pressure, and an operating lower bound contribute to a particular forecast.
For decision support, accuracy must be accompanied by an interface whose assumptions
and adjustments can be inspected.

2.4. Structured and Constrained Forecasting

Forecast reconciliation explicitly distinguishes base statistical forecasts from outputs
that satisfy aggregation, sign, or structural constraints. Optimal-combination, minimum-
trace, and non-negative reconciliation methods establish this principle in hierarchical
forecasting [30–33]. A priority-route minimum is a route-level analogue: policy context can
inform the predictor, but a projection is still required when compliance must be guaranteed.
At the same time, a projected value should not be reported as if it were an unconstrained
statistical estimate.

2.5. Research Gap and Positioning of SCOUT

The reviewed streams leave a combined, rather than individually unprecedented, gap.
Representative freight OD models supply network meaning but do not jointly provide
short-horizon sparse-route learning, an explicit planner-controlled scenario map, and an
auditable rule-compliance operator. Graph and attention models supply flexible depen-
dence representations but usually embed mechanisms in latent states. Intermittent-demand
methods address zero spells but not railway OD scenario authority or route-level policy
rules. Reconciliation methods guarantee specified structural relations but do not prescribe
how a heterogeneous railway OD base forecast should be learned. SCOUT addresses this
intersection by using train-only route morphology, an auditable context-dependent mixture,
and separate downstream scenario and lower-bound mappings. The contribution is not
that any one ingredient is unprecedented, nor that component families identify unique
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physical causes; it is the explicit composition and evaluation of these roles under a common
leakage-controlled protocol. Within this composition, SCOUT specifies statistical reference
functions with explicit temporal roles and learns their combination, rather than learning
all expert forecasting functions jointly with the router. The construction-level distinction
discussed in Section 2.3 clarifies the representation used here; it does not, by itself, establish
superior accuracy over the cited methods.

Table 1 summarizes the positioning of these method streams.

Table 1. Positioning of representative method streams relative to the joint problem addressed here.
A check mark denotes an explicit primary capability in the cited stream, not universal coverage by
every paper. Dashes indicate that the stated joint interface is not the focus of the cited examples,
rather than a systematic proof of absence across a whole literature.

Method Stream Sparse/Heterogeneous Routes Learned Predictor Explicit Scenario Map Guaranteed Stated Rule

Freight OD estimation/assignment ✓ – – –
Graph/attention traffic forecasting partial ✓ – –
Intermittent-demand forecasting ✓ ✓ – –
Forecast reconciliation partial – – ✓
SCOUT ✓ ✓ ✓ ✓

3. SCOUT: Scenario-Oriented Context-Gated Forecasting and
Decision Operators
3.1. Notation and Forecasting Problem

Let i = (o, d) index an OD route, t denote the last observed day, and h ∈ {1, . . . , H}
denote a direct forecast horizon. The observed non-negative flow is yi,t, the lookback
length is L, and c(i) is the train-period forecasting stratum. Table 2 summarizes the
principal notation.

Table 2. Principal symbols used in the SCOUT formulation.

Symbol Meaning

i = (o, d), t, h, k Route, forecast origin, direct horizon, and component indices
yi,t; L, H Observed daily flow; lookback and forecast-horizon lengths
zi,t,h Standardized route–time–horizon context vector
bi,t,h,k Non-negative value of forecast component k
gc,h; Gc(·) Cluster–horizon global logits; context-gate network
ai,t,h,k; γc Simplex component weight; bounded gate-logit amplitude
ŷraw, ŷ0, ŷ f inal Neural mixture, calibrated forecast, and lower-bound-compliant forecast
sc,h, s̄i,h Validation-selected cluster and route-shrunk scales
b̄i,h, ξh Route-shrunk residual bias and selected bias strength
Sδ,PL Scenario and route-level lower-bound operators
τ0, τ1, qB Activity-screening, regular-route, and backbone thresholds
ρL, KL,M Policy-bound ratio, number of priority routes, and active months

Given the history yi,t−L+1:t, route descriptors ri, historical and known future inputs,
and an available lower-bound reference, SCOUT defines the forecasts in Equations (1) and
(2):

ŷ 0
i,t+1:t+H = Gc(i)(y, xhist, xknown, ri, Li), (1)

ŷ f inal
i,t+1:t+H = PLi

[
Sδ

(
ŷ 0

i,t+1:t+H

)]
. (2)

The ordering is intentional: observations determine G, a documented assumption deter-
mines Sδ, and an operating rule determines PL.
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3.2. Modeling Rationale and Structural Component Bank

The bank operationalizes the temporal design in the Introduction: longer-window lev-
els and slope references represent slower tendencies; weekday, lagged, and previous-year
references represent recurrence; and last-value, short-window, momentum, and quantile
references allow adaptation to recent changes. Here, longer-term is relative to the short
forecast horizon and the available reference windows, not a claim to estimate a uniquely
defined long-run trend. Several components serve more than one objective. The external-
proxy component supplies a separate assumed-input adjustment. The following functional
grouping is therefore an implementation and ablation index, not a replacement for the
temporal design rationale. Four functional bookkeeping groups are used: seven recent-level
components (Recent-4, Recent-7, Recent-14, Recent-28, Last Value, Recency Smooth, and
Recent-75Q); five seasonal-reference components (Last-Year, Week Avg., Seasonal Momen-
tum, Lag-7, and Lag-14); two trend/momentum components (Slope and Momentum); and
one external-proxy adjustment. This grouping records implemented function rather than a
uniquely identified physical or causal decomposition, and the set is not claimed to be the
only valid 15-component design.

For example, if ȳ(4)i,t and ȳ(14)
i,t are recent means, ȳwk

i,t,h and ȳwk−
i,t,h are current and preceding

four-week references, and xD
t+h is the known demand-pressure input, three parameterized

components are given in Equations (3)–(5):

bmom
i,t,h =

[
ȳ(4)i,t + h ∆(4)

i,t

]
+

, (3)

bsm
i,t,h =

[
ȳwk

i,t,h + βsm(ȳwk
i,t,h − ȳwk−

i,t,h )
]
+

, (4)

bext
i,t,h =

[
ȳ(14)

i,t (1 + βxxD
t+h)

]
+

. (5)

The four functional groups have overlapping temporal roles. The overlapping moving
windows trade responsiveness against smoothing, while Last Value and the upper-quartile
reference retain different responses to recent pulses. Seasonal references supply recurrence
at different lags, and slope/momentum terms allow local extrapolation. These choices
emphasize complementary temporal coverage and explicit component roles, without
establishing the optimality of the 15-component bank. The recency-smooth component uses
linearly increasing weights from rmin to rmax. The remaining components are direct moving,
lagged, quantile, or slope references and contain no learned coefficients. Figure 1 provides
a system-level view of the four-horizon component bank, the 65-dimensional context gate,
validation-only affine calibration, and the downstream scenario and lower-bound stages;
the exact implemented gate, stratum-specific fitting, residual bands, and parameterization
are specified in the following subsections.

3.3. Leakage-Controlled Route Stratification

For the training-date set Ttr, define route mean µi and non-zero ratio πi using Equa-
tion (6):

µi = |Ttr|−1 ∑
t∈Ttr

yi,t, πi = |Ttr|−1 ∑
t∈Ttr

I(yi,t > 0). (6)

Routes never active in training are excluded. Routes with 0 < πi < τ0 form a screened
rare-activation group. Among the remaining routes, backbone Cluster 3 is assigned first
when µi is at or above the qB training quantile; non-backbone routes with τ0 ≤ πi < τ1

form intermittent Cluster 1, and those with πi ≥ τ1 form regular Cluster 2. Every statistic
and threshold is estimated before validation and test, preventing future route activity or
scale from influencing membership.
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The baseline thresholds have operationally readable roles: τ0 removes routes with
too few training activations for a continuous volume model, τ1 separates intermittent
from regularly active service, and qB isolates the high-volume tail. They are case-study
assignments rather than universal constants. One-factor perturbations τ0 ∈ {0.005, 0.020},
τ1 ∈ {0.15, 0.25}, and qB ∈ {0.92, 0.96} are reported in Section 5.7 under both configuration-
local and Base-common-route evaluation.

Figure 1. SCOUT context-gated forecasting and post-prediction decision pipeline. Observed history
and constructed known-input proxies generate 15 candidate components over four direct horizons
and a 65-dimensional context vector. The component bank comprises recent-level (7), seasonal-
reference (5), trend/momentum (2), and external-proxy (1) functions. A 65–64–15 gate applies
bounded adjustments to cluster–horizon global logits; softmax then yields simplex weights for the
direct H1–H4 forecast. Validation-only affine calibration precedes the optional scenario operator
and route-level lower-bound projection. Blue boxes identify component/context inputs, the global
prior, and calibration; purple boxes show the learned mixture; yellow denotes the optional scenario
operator; green denotes lower-bound projection and its output.

3.4. Context-Gated Simplex Mixture

The context zi,t,h ∈ R65 concatenates L log-transformed history values, 19 history-
summary, train-only route-profile, and calendar terms, eight documented known inputs for
the target day, and 10 horizon-reference terms. Training-set means and standard deviations
normalize the context. A two-layer network with hidden width dh and cluster-specific
dropout probability pc produces a bounded adjustment to cluster–horizon global logits,
yielding the weights and forecast in Equations (7) and (8):

ai,t,h = softmax
[
gc(i),h + γc tanh{Gc(i)(zi,t,h)}

]
, (7)

ŷraw
i,t,h =

K

∑
k=1

ai,t,h,kbi,t,h,k, ai,t,h,k ≥ 0,
K

∑
k=1

ai,t,h,k = 1. (8)

The simplex combination preserves the units of the reference forecasts and permits their
weighted contributions to be inspected. Their temporal meaning is specified by the com-
ponent construction in Section 3.2; the gate implements adaptive combination rather than
creating that meaning. The global logits are initialized from inverse training component

https://doi.org/10.3390/app162010051

https://doi.org/10.3390/app162010051


Appl. Sci. 2026, 16, 10051 7 of 30

error and are then optimized jointly with the gate. Dropout is disabled during validation,
calibration, and inference.

3.5. Neural Tensor Flow, Parameterization, and Initialization

For a cluster-specific full batch of N route–window samples, let B ∈ RN×H×K be the
component tensor and Z ∈ RN×H×dz the context tensor, where (H, K, dz) = (4, 15, 65).
The sample and horizon dimensions of Z are merged to form an (NH)× 65 matrix for
application of the shared gate in Equations (9)–(11):

U = ZWT
1 + b1, W1 ∈ R64×65, b1 ∈ R64, (9)

V = Dropout(GELU(U); pc), (10)

R = VWT
2 + b2, W2 ∈ R15×64, b2 ∈ R15. (11)

After reshaping R to N × 4 × 15, the model computes A = softmax(gc + γc tanh R) on
the component axis and returns Ŷraw = ∑k A ⊙ B. The reported predictor consists of this
context-gated mixture and does not add route embeddings, recurrent encoders, graph
layers, attention blocks, or an alternative neural head.

Table 3 lists the trainable parameters of each cluster model.

Table 3. Trainable parameterization of one independently fitted cluster model. Horizon-specific
states contain the same parameterization and are not additional jointly trained parameters.

Trainable Object Shape Parameter Count

Global logits gc 4 × 15 60
First-layer weights W1 64 × 65 4160
First-layer bias b1 64 64
Second-layer weights W2 15 × 64 960
Second-layer bias b2 15 15

Total per cluster – 5259
Total across three independent clusters – 15,777

The first-layer weights use Xavier-uniform initialization and all biases start at zero.
The second-layer weights are then explicitly reset to zero, so the initial context adjustment
is exactly zero. The global logits do not remain at zero. With sh = max{mediann |yn,h|, 1},
their training-only component error and prior are defined in Equations (12) and (13):

eh,k = N−1 ∑
n

[
αr
|bn,h,k − yn,h|

sh
+ αℓ| log(1 + bn,h,k)− log(1 + yn,h)|

]
, (12)

g(0)c,h,k = clip

(
− log max(eh,k, 10−4)− K−1 ∑

j
[− log max(eh,j, 10−4)],−gmax, gmax

)
. (13)

Consequently, optimization starts from a transparent component prior and learns both its
global logits and context-dependent departures. Context means and standard deviations
are fitted only on the flattened training tensor; any standard deviation below 10−6 is
replaced by one.

Dropout is active during optimization and disabled during validation, calibra-
tion, component analysis, and prediction. For output horizon h, inference restores
the complete validation-selected state for that horizon—both gc and the two-layer gate
parameters—which performs the forward pass, retains column h, and concatenates the
four retained columns. Validation-fitted scale, residual-bias, and interval quantities are
applied only after this neural forward pass and do not alter the trained parameters.
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3.6. Validation Calibration and Residual Bands

Let sc,h be a cluster scale selected on validation data and s̃i,h a route candidate. With
nval

i route-validation samples and shrinkage constant κs, the shrunk scale is given by
Equation (14):

s̄i,h = (1 − ωi)sc,h + ωi s̃i,h, ωi =
nval

i

nval
i + κs

. (14)

Route mean residuals are capped at ρb times the median absolute scaled forecast and
shrunk toward the cluster residual mean using νi = nval

i /(nval
i + κb). A horizon-specific

strength ξh gives the calibrated forecast in Equation (15):

ŷ0
i,t,h =

[
s̄i,hŷraw

i,t,h + ξh b̄i,h

]
+

. (15)

The qlo and qhi validation-residual quantiles define marginal descriptive bands around ŷ0.
They are not presented as conditional or conformal guarantees.

3.7. Scenario and Route-Level Lower-Bound Operators

A market scenario uses a horizon-dependent multiplier mh = m1 + (h − 1)(mH −
m1)/(H − 1). The illustrative supply-security bound is defined in Equation (16):

Bi,t = max
{

max
h

Li,t,h, ρF max
h

ŷ0
i,t,h, ρR mean(yi,t−WS+1:t)

}
. (16)

The combined scenario applies mh first and then projects onto [Bi,t, ∞). These quantities
are controlled stress-test inputs rather than estimated elasticities.

For standard evaluation, the first KL routes within each stratum are selected by
training-period mean. For a selected route, the standard rule is activated for an entire
four-day forecast window when the month of its first target day, t + 1, belongs to M. The
history-based bound is then the same at all four horizons, as specified in Equation (17):

Li,t,h = ρL max
{

mean(yi,t−WL+1:t), QqL(yi,t−WL+1:t)
}

. (17)

Otherwise, Li,t,h = 0 for the entire window. The activation condition is based on
month(t + 1), not separately on month(t + h). All observed-flow references end at the
forecast origin t; earlier held-out observations can enter later forecasts only after they have
been observed. The settings KL = 3, ρL = 0.58, WL = 14, qL = 0.75, and the active-month
set are fixed illustrative case-study assignments, not universal operating rules. Feasibil-
ity projection is instantiated here as Euclidean projection onto the specified route-level
lower-bound set. Its output is therefore termed a lower-bound-compliant forecast. With
CL = {z : zh ≥ Lh}, the projection is given by Equation (18):

PL(u) = arg min
z∈CL

∥z − u∥2
2 = max(u, L). (18)

The projection is unique, idempotent, and non-expansive, and makes the minimum Eu-
clidean adjustment required by the stated route-wise lower bound. It does not enforce
shared corridor, terminal, or rolling-stock capacities.

4. Training and Inference Algorithm
4.1. Chronological Learning Protocol

The full pipeline separates parameter estimation, model selection, and final assess-
ment. Route profiles, strata, component-prior initialization, context normalization, and
gradient updates use training dates only. Validation dates determine early stopping, one
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validation-selected parameter state per horizon, affine calibration, residual quantiles, and
any comparator hyperparameter or blend. Test observations are reserved for final eval-
uation. This protocol also fixes the meaning of a forecast origin: it is the last observed
day, while the forecast-window start is the first target day. Figure 2 summarizes this
chronological separation and the distinct authority of estimation, decision, and held-out
evaluation operations.

Figure 2. Chronological separation of SCOUT estimation, decision operations, and held-out evalu-
ation. The 1157 daily OD matrices contain 46 origins and 40 destinations. Route stratification and
predictor fitting use training data, while early stopping, horizon-state selection, affine calibration,
and residual bands use validation data only. The documented scenario operator and route-level
lower-bound projection are applied after calibration; held-out test data support predictive-accuracy,
scenario-response, and rule-compliance evidence.

4.2. Objective Function and Optimization

Let ϵ+ define a positive target, ω+ its additional weight, !H the horizon weights,
and sc the cluster root-mean-square training target. The optimized objective is given in
Equation (19):

L(θ) = 1
Z ∑

i,t,h
w+

i,t,hωH
h

[
λr

|ŷraw
i,t,h − yi,t,h|

max(yi,t,h, 1)
+ λℓ Huber

(
log(1 + ŷraw

i,t,h)− log(1 + yi,t,h)
)

+ λs

(
ŷraw

i,t,h − yi,t,h

sc

)2]
, (19)

where w+ = ω+ when y > ϵ+ and w+ = 1 otherwise, and Z = ∑i,t,h w+
i,t,hωH

h is the total
batch weight. AdamW jointly updates the global logits and gate parameters. The gate
learning rate is ρg times the cluster logit rate, and gradient norm is limited by Gmax.

The loss weights were fixed as a design compromise before held-out evaluation: the
relative and log-Huber terms reduce domination by route scale and the squared term
preserves sensitivity to large absolute misses. They are not physical constants. Local
alternative weight triples produced cluster RMSE changes of at most approximately 0.01%
in the local sensitivity diagnostic (Appendix B), indicating numerical insensitivity near the
reported setting; transfer to another railway system should nevertheless revalidate the loss,
horizon, and positive-target weights.
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The validation selection score is expressed symbolically in Equation (20):

Jval = ηR RMSEnorm +ηP MAPEnorm +ηA MAEnorm, (20)

where each metric is normalized by the Recent-4 validation reference. The Recent-4 valida-
tion reference is stored independently of the candidate component tensor and is retained
unchanged in every component-family diagnostic. Removing or reordering candidate out-
puts therefore does not alter the reference used to normalize the validation selection score.
This reference is used for model selection only and is not reintroduced as a candidate in an
ablation that removes it. Early stopping retains a minimum-Jval parameter state for every
direct horizon. Test horizon h is generated by its corresponding validation-selected state.

4.3. Validation-Only Hyperparameter Refinement

Hyperparameter refinement compares the base gate with two alternatives using val-
idation data only: a balanced gate (γc, ρg,c, pc) = (0.35, 0.10, 0.03) and a higher-capacity
gate (0.50, 0.20, 0.03). Candidate fits use at most 120 epochs and a patience of 35 epochs. An
alternative is selected only when it reduces Jval by at least 2 × 10−4. Under the purged split,
C1 and C3 retain the initial setting, whereas C2 selects the higher-capacity gate, reducing its
validation score from 0.939099 to 0.938725. All settings are fixed before held-out evaluation,
and test outcomes do not enter the comparison.

4.4. Training and Inference Procedure

Algorithm 1 summarizes the training, calibration, and inference procedure.

Algorithm 1: Train, calibrate, and apply SCOUT

1. Split dates chronologically; purge every sample whose complete four-day
target window crosses a boundary; compute µi, πi, eligibility, and c(i) from
training targets only.

2. Materialize K component forecasts and the 65-dimensional contexts; fit context
normalization on training samples.

3. Initialize gc,h from the inverse weighted component error, using relative- and
log-error coefficients αr and αℓ and clipping bound gmax.

4. For each epoch, perform one full-batch AdamW update of θ = {g, G}, evaluate
validation Jval , save global and horizon-specific improved states, and stop after
P non-improving epochs.

5. Restore the selected horizon states. On validation data, select cluster and route-
shrunk scales, capped residual biases, bias strengths, and residual quantiles.

6. For each held-out sample, compute ŷraw from the corresponding validation-
selected model parameters and then ŷ0 from validation calibration. Retain this
value as the unconstrained point forecast before any policy projection.

7. When requested, apply the documented scenario operator and then PL. Report
unconstrained and lower-bound-compliant forecasts separately.

4.5. Parameter Assignment and Implementation Settings

Tables 4 and 5 assign every substantive coefficient appearing above. These case-study
values were fixed before held-out evaluation and are not inferred from test outcomes.
They document this case study rather than universal recommendations: calendar and
component windows encode the present forecasting task, optimization settings are im-
plementation choices, calibration quantities are validation-derived, and scenario/lower-
bound values are planner-defined examples that require local re-estimation or authorization
when transferred.

https://doi.org/10.3390/app162010051

https://doi.org/10.3390/app162010051


Appl. Sci. 2026, 16, 10051 11 of 30

Cluster logit learning rates are denoted αc. The gate rate is ρg,cαc, while γc, pc, Emax,c,
and Pc denote the gate amplitude, dropout, epoch limit, and patience for stratum c. Table 6
gives the final validation-selected assignments.

The primary run uses random seed s0 = 42. Each epoch uses one full-batch update
because a route–window sample contains all four direct horizons. PyTorch is used for
optimization, automatic differentiation, and state restoration. The seed controls parameter
initialization and dropout sampling. Training stability is assessed separately over seeds 11,
23, 42, 67, and 101.

Table 4. Cluster-independent SCOUT model, loss, and optimization assignments.

Symbol Assigned Value Role

L, H, K, dz, dh 28, 4, 15, 65, 64 Lookback, horizons, components, context, and hidden width
αr, αℓ, gmax 0.65, 0.35, 1.80 Component-prior error weights and logit clip
rmin, rmax, βsm, βx 0.35, 1.00, 0.45, 0.08 Parameterized component coefficients
ϵ+, ω+ 0.10, 4.0 Positive-target threshold and loss weight
λr, λℓ, λs 0.58, 0.32, 0.10 Relative, log-Huber, and squared loss weights
!H (0.85, 1.15, 1.70, 2.45) Horizon loss weights H1–H4
ηR, ηP, ηA 0.50, 0.35, 0.15 Validation score weights
Gmax, ∆min, λwd 5.0, 10−5, 5 × 10−5 Gradient clip, minimum improvement, and weight decay

Table 5. Stratification, calibration, scenario, and lower-bound parameter assignments.

Symbol Assigned Value Role

τ0, τ1, qB 0.01, 0.20, 0.94 Route activity and backbone thresholds
[s−g , s+g ], Ng [0.96, 1.04], 9 Cluster calibration grid
δs, [s−r , s+r ], Nr 0.02, [0.92, 1.08], 13 Route scale band, bounds, and grid size
κs, ρb, κb 128, 0.12, 32 Scale shrinkage, bias cap, and bias shrinkage
Ξ {0, 0.25, 0.50, 0.75, 1} Candidate bias strengths ξh
qlo, qhi 0.10, 0.90 Validation-residual quantiles
m1, mH 0.97, 0.90 Market-shock endpoint multipliers
ρF, ρR, WS 1.06, 1.03, 7 Scenario-bound forecast and recent-history references
KL, ρL, WL, qL 3, 0.58, 14, 0.75 Priority routes and standard lower-bound reference
M {11, 12, 1, 2, 3} Months with an active standard policy rule

Table 6. Cluster-specific optimization settings and validation-only selection outcome.

c αc γc ρg,c pc Emax,c Pc Selected Setting

1 0.015 0.25 0.05 0.05 240 45 base gate
2 0.015 0.50 0.20 0.03 120 35 higher-capacity gate
3 0.030 0.25 0.05 0.05 240 45 base gate

Table 7 reports the training and validation sample counts and the selected epochs.

Table 7. Training samples and validation-selected epochs. H1–H4 are the states used for their
respective test horizons.

Cluster Routes Train Samples Val. Samples αc H1 H2 H3 H4

1 126 52,038 21,546 0.015 13 7 1 6
2 71 29,323 12,141 0.015 13 8 2 1
3 13 5369 2223 0.030 17 1 8 1

5. Numerical Case Study
5.1. Case Description and Data

The case study contains 1157 consecutive daily railway coal-weight matrices from
1 November 2021 to 31 December 2024. The matrices contain 46 origins and 40 destinations,

https://doi.org/10.3390/app162010051

https://doi.org/10.3390/app162010051


Appl. Sci. 2026, 16, 10051 12 of 30

yielding 1840 nominal OD cells. Across the full period, 379 cells are positive at least once;
345 are positive during training. Total observed weight is 1,465,364,505 in the provider-
specific source unit. The available metadata do not support a defensible conversion to
tonnes, wagons, trainloads, cost, or capacity, so no such conversion is applied in the
analysis or figures. The first 70% of dates, ending 18 January 2024, define route eligibility
and clustering. A forecast sample is assigned to a split only when its complete four-day
target window lies inside that split. Training target windows therefore end no later than
18 January; validation windows start from 19 January through 7 July and end no later than
10 July; and windows starting 11 July–28 December are held out for testing, with targets
extending through 31 December. The three forecast-window starts crossing each boundary
are purged, so no route–target-date label is shared by training, validation, or test. This gives
413 training, 171 validation, and 171 test forecast windows per route; held-out forecast
origins run from 10 July–27 December 2024. At each successive origin, lagged observations
already available by that origin may include earlier validation or test dates; this is rolling
forecasting with frozen fitted parameters, not forecasting the whole test period using only
the initial training history. No target later than the current origin is available to that forecast.

Complete timestamped coal-market, energy, weather, and congestion measurements
were not available. Deterministic proxy indices were therefore constructed for international
and domestic coal prices, import pressure, power demand, heating degree, policy priority,
port congestion, and composite demand pressure, and were supplied to the model as
assumed known inputs. They are deterministic calendar profiles, not observations. In
particular, coal_import_pressure_index is not computed from, smoothed from, or fitted
to Gangqimaodu-origin OD flows. The indices make the experimental interface executable
but do not support causal attribution or estimation of coal-price elasticity.

For reproducibility, let d = 0, . . . , 1156 be the day index, m the calendar month, and
u = d/1156. Define w = max{0, cos[2π(m − 1)/12]}, s = max{0, cos[2π(m − 7)/12]},
r = sin(2πd/7), and a = sin(2πd/365.25). Before rounding to three decimals, the
seven elementary proxies are defined in Equations (21)–(26):

xint = 112 + 12 sin
2π(d − 50)

365.25
+ 7 sin

2πd
180

− 9u, (21)

xdom = 104 + 9 sin
2π(d + 22)

365.25
+ 5w − 3u, (22)

ximp = 96 + 8 sin
2π(d + 90)

365.25
+ 14 exp[−((m − 8.5)/2.2)2], (23)

xpow = 100 + 8w + 7s + 4u + 1.5r, xheat = 100w, (24)

xpol = 40 + 55I(m ∈ {11, 12, 1, 2, 3}) + 10 sin
2πd

365.25
, (25)

xport = 50 + 10 sin
2π(d + 40)

90
+ 6 max(0, a). (26)

The seven elementary profiles are first rounded to three decimals. Standardization z(·) then
uses their means and population standard deviations (ddof = 0) over the fixed 1157-day
calendar domain, after which the eighth proxy is given by Equation (27):

xD = 0.30z(xpow) + 0.28z(xheat) + 0.16z(xdom) + 0.18z(xpol)

− 0.22z(ximp)− 0.10z(xint)− 0.06z(xport). (27)

The composite is also rounded to three decimals. This calendar-domain normalization
defines the synthetic scenario profiles; it does not use OD targets and is distinct from the
subsequent context normalization fitted on training samples only. All temporal experiments
reuse this documented calendar domain rather than re-estimating proxy profiles from their
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test outcomes. Extending the deployment calendar would require an explicit reference-
domain convention and is not validated here. Because these profiles depend only on the
calendar and fixed formulas, their target-date values are available at each forecast origin
by construction. This availability property is not evidence that they measure the named
market quantities.

Table 8 summarizes the training-period route strata.

Table 8. Training-period route strata. Mean flow and non-zero ratio are computed before validation
and test.

Cluster Operational Morphology Routes Train-Period Mean Flow Mean Non-Zero Ratio

0 Screened rare-activation routes 135 16.80 0.0038
1 Intermittent pulse routes 126 329.49 0.0597
2 Regular active-flow routes 71 6993.24 0.6067
3 Backbone routes 13 55,760.96 0.9969

The train-period qB threshold corresponding to Cluster 3 is 27,041.05. The 210 eligible
routes account for 99.82%, 99.31%, and 98.42% of total observed network flow in the
training, validation, and test phases, respectively. During the test phase, 42 of 135 screened
rare routes activate and contribute 1.22% of flow; 22 of 1495 training-never-active routes
activate and contribute 0.36%. Thus, the main evaluation covers most volume but does not
evaluate network-wide route activation.

5.2. Experimental Design and Comparators

Four evaluation variants distinguish predictive and rule-compliance effects: Recent-4;
Recent-4 followed by lower-bound projection; calibrated SCOUT before projection; and
calibrated SCOUT followed by lower-bound projection. All reported eligible test routes are
included; displayed routes are selected only by training-period criteria.

The external pre-projection suite uses identical routes, forecast origins, horizons, and
chronological boundaries, with the method-specific inputs described below. It includes
last value, lag-7 seasonal naive, Recent-4, direct Ridge, quantile gradient boosting (GBDT),
a direct GRU, and SCOUT. Let AR denote the Ridge penalties and BR its Recent-4 blend
grid; they are assigned AR = {0.1, 1, 10, 100} and BR = {0, 0.125, . . . , 1}. Ridge and GRU
blend selection uses Jval . GBDT uses quantiles QG = {0.1, 0.5, 0.9}, iterations EG = 100,
maximum leaves MG = 24, learning rate αG = 0.045, and regularization λG = 0.05. Its
median blend is selected from an NBG = 11 point grid by JG = RMSEnorm +λGP MAPEnorm

with λGP = 0.35. The direct GRU uses hidden width dG = 32, head width dhead = 64,
dropout pG = 0.05, AdamW rate αGRU = 0.003, weight decay λGRU = 10−4, batch
size BG = 1024, maximum epochs EGRU = 36, and patience PGRU = 8. Every fitted
comparator and blend weight is selected on validation data only. Both GRU and SCOUT
are implemented in PyTorch and follow the same chronological model-selection protocol.

Two GRU protocols must be distinguished. The original benchmark uses a 36-epoch
maximum; the additional comparison runs use a 48-epoch maximum. Both use patience
8, hidden width 32, head width 64, and seed 42 for single-seed comparisons. They are
separate fitted runs, not interchangeable estimates of one checkpoint. The original paired
comparator intervals below refer only to the 36-epoch run. Different stopping budgets and
stochastic optimization can produce different selected predictions; no exact attribution of
their difference to one factor is claimed.

The Patch Transformer is a custom patch-based comparator, not an official PatchTST
replication: it embeds four non-overlapping seven-day history patches into width 64, uses
two four-head encoder layers (feed-forward width 128, dropout 0.1), and combines the
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flattened encoding with static/context features in a 128-unit direct-output head. GRU and
Patch Transformer receive 28 log-history values plus history summaries, route/calendar
descriptors, and the four horizons’ proxy/reference inputs. Their training-only scaling
and validation-only Recent-4 blending follow the same additional-comparison protocol;
maximum epochs are 48, patience 8, and batch size 1024, with AdamW rates 0.003 and
0.001, respectively. These are declared method-specific budgets, not equal computation or
an exhaustive architecture search.

The two-stage intermittent comparator fits a histogram gradient-boosting activation
classifier and a positive-volume regressor on log-transformed targets separately at each
horizon. Both use 100 iterations, 24 maximum leaves, learning rate 0.05, and L2 regular-
ization 0.05. A validation-selected probability threshold from 0.20 to 0.80 in steps of 0.05
determines whether the positive-volume prediction is emitted; this is a thresholded output,
not probability times conditional mean, and it is not an implementation of TSB. The OD-
graph comparator is a validation-tuned diffusion reference over routes sharing an origin
or destination, not a graph neural network; peer forecasts use the median of neighboring
Recent-4/Recent-14 ratios rescaled by the focal route’s Recent-14 level. For each horizon,
the relation (shared origin, destination, or either) and Recent-4 blend coefficient (0 to 0.5
in steps of 0.05) are selected on validation data. Algorithm 2 summarizes the common
evaluation workflow; the model-specific inputs and tuning budgets are specified above.

Algorithm 2: Common comparator workflow

1. Fix the same eligible routes, four-day targets, and purged chronological split
used by SCOUT; fit every scaler or route statistic on training data only.

2. Supply persistence methods only their defining lags; supply Ridge, GBDT,
GRU, Patch Transformer, two-stage intermittent, and OD-graph diffusion
implementations the documented historical inputs and their method-specific
structure. No comparator receives targets later than the current forecast origin
or unavailable future observations; earlier held-out observations may enter
lagged inputs once observed.

3. Fit each candidate configuration on training data and select regularization,
blend, stopping epoch, or method configuration on validation data under its
stated score and budget.

4. Freeze the selected state, predict the identical route–origin–horizon keys, and
report pre-projection point metrics. Apply the same lower-bound operator
where specified, and explicitly label post-projection results.

5.3. Evaluation and Statistical Inference

Point accuracy is evaluated with MAE, RMSE, positive-target MAPE, WAPE, and
sMAPE. Positive-target MAPE uses cells with y > 0.1 and an absolute numerator. This
fixed numerical cutoff excludes zero and very small denominators; it is not a physical
operating threshold. Policy violation is reported conditionally over cells with Li,t,h > 0; the
active-cell share is reported separately. Quantile outputs use pinball loss and empirical
coverage. Paired uncertainty uses 2000 seven-day moving-block bootstrap replicates over
forecast-origin dates, retaining route and horizon alignment within each sampled date.
All methods use the same chronological boundaries, forecast origins, eligible routes, and
horizon alignment. Reported statistics are computed from the corresponding validation-
selected parameter states, with scenario operations applied before lower-bound projection.
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5.4. Route Heterogeneity

Of 1840 nominal OD cells, 1495 were never active during training, and 135 addi-
tional routes were screened as rare-activation cases. The remaining 210 routes comprise
126 intermittent, 71 regular active-flow, and 13 backbone routes. Their mean train-period
flows are 329.49, 6993.24, and 55,760.96, respectively, while mean non-zero ratios are 0.0597,
0.6067, and 0.9969. The resulting scale and activity differences justify cluster-specific op-
timization and metric interpretation: C1 is primarily an activation-and-volume problem,
whereas C3 is a nearly continuous large-volume problem.

Figure 3 illustrates these differences in route activity and scale.
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Figure 3. Distinct training-period route morphologies. Panels (a–c) show the final 120 training
days for representative C1–C3 routes selected by distance to their stratum medians; each trace is
normalized by its own maximum to expose temporal shape. Panel (d) includes all 210 eligible routes
using unnormalized training statistics. Selection and axes do not use validation or test errors.

The shapes imply different physical tasks. C1 consists of long zero spells and isolated
loading pulses, so a useful model must first anticipate activation and then estimate positive
volume. C2 represents recurring but variable service flows, for which level, weekly recur-
rence, and short-run adjustment all matter. C3 is nearly continuously active and carries
an order-of-magnitude larger mean, consistent with a trunk or backbone function whose
main risk is a large absolute deviation. These interpretations follow directly from activity
frequency and scale; they do not assign unobserved causes to individual routes.

5.5. Held-Out Accuracy and Lower-Bound Compliance

Table 9 reports all four evaluation variants. The lower-bound-compliant SCOUT
forecast reduces RMSE from 1849.58 to 1732.25 in C1, from 5217.19 to 5049.90 in C2, and
from 14938.40 to 14506.00 in C3. The corresponding reductions are 6.34%, 3.21%, and
2.89%. Positive-target MAPE improves by 2.03 and 3.18 percentage points in C1 and C2, but
worsens by 0.30 points in C3. C2 WAPE is 0.13 points higher than Recent-4, C1 is essentially
unchanged, and C3 improves. The principal cross-cluster finding is therefore control of
large absolute errors, not universal dominance on every metric.
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The projection has an operational rather than uniformly accuracy-improving role.
Relative to SCOUT, SCOUT + projection slightly lowers C1 RMSE, slightly raises C2 MAE
and RMSE, and changes C3 point errors negligibly. It nevertheless moves conditional
violation from 13.58%, 6.68%, and 0.14% to zero. Policy-active cells account for only 0.54%,
0.96%, and 7.83% of all C1–C3 test cells, respectively; the conditional denominator is
therefore essential. Of 464, 464, and 696 policy-active cells, the SCOUT projection changes
63, 31, and 1 cells, with mean adjustments among changed cells of 1490.64, 4361.38, and
113.55 source units. This is route-level rule compliance, not proof of corridor, terminal, fleet,
or flow-conservation feasibility.

Table 9. Held-out test metrics. MAE and RMSE are in source weight units. Conditional violation
uses active lower-bound cells only; active share is the percentage of all test cells with a positive
lower bound.

Cluster Variant MAE RMSE MAPE (%) WAPE (%) Cond. Violation (%) Active Share (%)

1 Recent-4 623.38 1849.58 63.64 101.76 30.17 0.54
1 Recent-4 + projection 622.24 1841.36 63.53 101.58 0.00 0.54
1 SCOUT 623.45 1733.89 61.61 101.77 13.58 0.54
1 SCOUT + projection 623.36 1732.25 61.61 101.76 0.00 0.54
2 Recent-4 3124.11 5217.19 46.66 48.37 24.14 0.96
2 Recent-4 + projection 3127.14 5207.15 46.74 48.41 0.00 0.96
2 SCOUT 3131.03 5047.18 43.47 48.47 6.68 0.96
2 SCOUT + projection 3132.20 5049.90 43.48 48.49 0.00 0.96
3 Recent-4 10,773.35 14,938.40 28.09 20.37 6.90 7.83
3 Recent-4 + projection 10,762.87 14,921.27 28.07 20.35 0.00 7.83
3 SCOUT 10,484.30 14,505.98 28.39 19.82 0.14 7.83
3 SCOUT + projection 10,484.31 14,506.00 28.39 19.82 0.00 7.83

5.6. External Benchmark Comparison

Table 10 compares pre-projection forecasts; SCOUT here is already affine-calibrated,
not the uncalibrated neural mixture. SCOUT has the lowest RMSE and positive-target
MAPE in C1 and C2. Its C1 RMSE is 4.27% below GBDT and 3.59% below GRU; the paired
intervals are [3.00%, 5.50%] and [2.43%, 4.73%]. In C2, the RMSE gains are 4.51% over GBDT
and 1.51% over GRU, while the GRU interval includes zero at [−0.54%, 4.01%]. C3 remains
a near tie: SCOUT RMSE is 0.69% higher than GRU and the interval [−2.38%, 1.52%]
includes zero, while SCOUT has lower MAE, MAPE, and WAPE than GRU. Relative to
GBDT in C3, SCOUT’s 0.53% RMSE advantage is also uncertain. The expanded benchmark
therefore supports strong C1 evidence, a C2 large-error advantage with metric dependence,
and no statistically resolved RMSE difference from the strongest comparator in C3 under
this analysis. A confidence interval containing zero is not a test of equivalence.

Table 10. Held-out pre-projection benchmark; SCOUT includes affine calibration, and GRU uses the
original 36-epoch budget. Each method uses identical test samples. RMSE is in source weight units;
MAPE uses positive targets only. Bold values are the best within each cluster and metric.

C1 Intermittent C2 Regular C3 Backbone

Method RMSE MAPE (%) RMSE MAPE (%) RMSE MAPE (%)

Last value 2238.93 70.54 5948.59 53.51 16,918.11 31.12
Seasonal naive 2315.93 73.01 6840.95 59.81 19,203.47 35.61
Recent-4 1849.58 63.64 5217.19 46.66 14,938.40 28.09
Ridge direct 1806.01 65.60 5157.20 47.09 15,076.33 29.55
GBDT quantile 1811.30 64.83 5285.32 47.07 14,583.00 30.62
GRU direct (36 epochs) 1798.54 65.11 5124.55 46.92 14,406.85 28.60
SCOUT 1733.89 61.61 5047.18 43.47 14,505.98 28.39
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5.7. Robustness, Stability, and Ablation Evidence

The expanded modern comparison in Table 11 compares pre-projection outputs. Later
robustness and ablation tables explicitly identify their output stages; Appendix B docu-
ments the correction and diagnostic scope alongside the results reported in this section.
SCOUT has lower RMSE than the Patch Transformer, two-stage intermittent model, and
OD-graph diffusion baseline in C1 and C2. In C3, the Patch Transformer and GRU have
lower RMSE, while the graph and two-stage methods do not. The result therefore does not
establish superiority over all modern architectures.

Table 11. Modern and targeted pre-projection RMSE under the official split (seed 42 where stochastic).
SCOUT includes affine calibration; GRU uses the additional-comparison 48-epoch budget.

Method C1 Intermittent C2 Regular C3 Backbone

Recent-4 1849.58 5217.19 14,938.40
Two-stage intermittent 1935.90 5756.13 15,643.96
OD-graph diffusion 1777.34 5191.95 14,724.70
Patch Transformer 1827.62 5133.13 14,412.13
GRU direct (48 epochs) 1801.04 5150.21 14,389.36
SCOUT (calibrated) 1733.89 5047.18 14,505.98

Bold values indicate the lowest RMSE within each cluster.

Five independent training seeds show small SCOUT variation relative to GRU and
Patch Transformer (Table 12). Across five chronological rolling-origin folds, the calibrated
and projected SCOUT output has the lowest mean RMSE in all clusters, but these folds
come from the same railway system and do not constitute external validation. Fold dates,
sample counts, and individual RMSE values are detailed in Appendix B.

Table 12. Training-seed stability on the official split and mean RMSE over five rolling-origin folds.
Seed entries are mean ± sample standard deviation over seeds 11, 23, 42, 67, and 101. SCOUT includes
validation-based affine calibration and lower-bound projection, whereas comparator forecasts are
reported before projection. These comparisons evaluate the reported pipelines and do not isolate
forecasting-architecture effects.

Protocol Method C1 C2 C3

Five seeds SCOUT 1731.74 ± 0.49 5050.60 ± 2.25 14, 506.33 ± 1.71
Five seeds GRU direct 1802.99 ± 2.32 5147.12 ± 11.79 14, 436.43 ± 69.27
Five seeds Patch Transformer 1818.21 ± 8.66 5113.51 ± 12.46 14, 450.14 ± 23.75
Five rolling folds Recent-4 1600.52 5338.40 14,809.15
Five rolling folds GRU direct 1559.89 5247.71 14,430.70
Five rolling folds SCOUT 1518.07 5056.36 14,234.41

Bold values indicate the lowest mean RMSE within each cluster in the five-rolling-fold comparison.

The complete pipeline was also refitted after shifting the train/validation/test bound-
aries by 56 and 28 days (Table 13). The calibrated and projected SCOUT output remains
below Recent-4 in every cluster and window, with reductions from 2.56% to 6.91%. Its
relation to GRU is not uniform: SCOUT is lower in seven of nine displayed cluster–window
comparisons. In C3 at W-28 and W0, SCOUT exceeds GRU by 0.77% and 0.81%, respec-
tively, using GRU as the denominator. Because the shifted windows overlap, this is a
boundary-sensitivity test rather than three independent experiments.
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Table 13. RMSE under shifted chronological boundaries. Profiles and models are refitted; GRU
uses a 48-epoch budget. SCOUT includes validation-based affine calibration and lower-bound
projection, whereas comparator forecasts are reported before projection. These comparisons evaluate
the reported pipelines and do not isolate forecasting-architecture effects.

Window Cluster Recent-4 GRU Direct SCOUT

W-56 C1 1728.16 1684.71 1608.83
W-56 C2 5227.95 5126.90 4979.82
W-56 C3 15,078.45 14,476.36 14,424.99
W-28 C1 1792.36 1742.02 1683.88
W-28 C2 5089.08 5027.59 4959.02
W-28 C3 14,701.73 14,202.22 14,311.24
W0 C1 1849.58 1801.04 1732.25
W0 C2 5217.19 5150.21 5049.90
W0 C3 14,938.40 14,389.36 14,506.00

Bold values indicate the lowest RMSE within each window and cluster.

One-factor threshold perturbations produce different route counts, so two views were
retained. On each configuration’s local route sets, SCOUT improves over its local Recent-4
reference in all 21 cluster–configuration cells: 5.59–6.82% in C1, 2.91–3.91% in C2, and
1.56–3.81% in C3. For Base-common routes, the reported relative change is defined as
100(RMSEBase − RMSEVariant)/RMSEBase; a positive value denotes lower RMSE for the
variant. On Base-common routes with Base labels fixed, relative SCOUT RMSE reductions
remain within −0.18 to +0.07% in C1, −0.04 to +0.27% in C2, and −0.78 to +0.78% in C3.
Thus, the qualitative Recent-4 comparison is locally robust, but the default thresholds are
not uniquely optimal.

Table 14 reports single-seed diagnostic comparisons under the original split. Each
variant is fitted and calibrated under its stated specification and evaluated with the same
standard lower-bound rule; the scenario map is the identity. After fixing the validation
reference independently of the candidate bank, removal of the recent-level family yields
RMSE values of 1772.27, 5138.76, and 14,874.62 in C1–C3, respectively, all higher than the
full-model values. The global-weight and pooled-fit results remain competitive with the full
model in some strata, and seasonal and trend/momentum removals have cluster-dependent
effects. The two proxy-free variants both zero the eight proxy inputs: the 15-component
variant replaces External with its Recent-14 reference, while the 14-component variant
removes that candidate. Their difference concerns candidate representation and dimension-
ality under proxy-free inputs, not the isolated effect of removing External while retaining
the proxy inputs. These diagnostics do not establish an independent accuracy gain from
every module or identify unique temporal mechanisms.

Table 14. Diagnostic RMSE on the official split (seed 42). Variants are refitted, recalibrated, and
evaluated after the same standard lower-bound rule, with no scenario adjustment. The validation
reference is Recent-4 independently of candidate deletion. Both proxy-free variants zero eight proxy
inputs; K = 15 replaces External with Recent-14 and K = 14 removes that candidate. The learned
global mixture has no context adaptation.

Variant C1 C2 C3

Full SCOUT + projection 1732.25 5049.90 14,506.00
Learned global simplex (no gate) 1732.07 5054.54 14,470.85
Proxy-free SCOUT (K = 15) 1731.99 5046.74 14,497.23
Unstratified pooled SCOUT 1732.12 5044.55 14,387.58
Without recent-level family 1772.27 5138.76 14,874.62
Without seasonal family 1748.33 5019.47 14,405.92
Without trend/momentum family 1731.84 5097.76 14,845.86
Proxy-free, External removed (K = 14) 1735.55 5044.63 14,471.74
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5.8. Bootstrap Evidence and Multi-Horizon Behavior

All three RMSE bootstrap intervals exclude zero, although the C3 lower endpoint
is close to zero (Table 15). The fractions of replicates with positive RMSE improvement
are 1.000, 0.992, and 0.984 for C1–C3; these are resampling frequencies, not posterior
probabilities. WAPE uncertainty includes zero for C1 and C2 but excludes zero for C3.
MAPE uncertainty supports improvement in C1 and C2 but includes zero in C3. These
differences reinforce the need to distinguish an RMSE result from a blanket performance
claim. The date-block resampling preserves all routes and four horizons attached to
each sampled forecast origin, thereby retaining within-date cross-route and cross-horizon
dependence; it does not model dependence between separate route histories beyond their
shared sampled dates.

Table 15. Paired seven-day moving-block bootstrap for SCOUT + projection relative to Recent-4
(2000 replicates). Positive WAPE and MAPE changes indicate improvement. The positive-
improvement fraction is the proportion of bootstrap replicates with a positive RMSE reduction,
not a posterior probability.

Cluster RMSE Reduction (%) 95% Low 95% High P(∆RMSE > 0) WAPE Change (pp) MAPE Change (pp)

1 6.34 5.06 7.55 1.000 +0.00 +2.03
2 3.21 0.59 6.02 0.992 −0.13 +3.18
3 2.89 0.22 6.07 0.984 +0.55 −0.30

Alternative block lengths of 4, 7, and 14 days leave the RMSE conclusion unchanged.
Across these choices, the 95% lower bounds for RMSE reduction are 5.06–5.12% in C1,
0.59–0.82% in C2, and 0.18–1.11% in C3; all nine intervals exclude zero. The seven-day value
is retained because it spans a complete weekly operating cycle, not because it maximizes
significance. Appendix B lists all nine intervals. All entries in those block-length intervals,
Table 15, Figure 4, and the horizon intervals in Appendix B now use one canonical reanalysis
(seed 20260923; clusters 1–3 and block lengths 4, 7, 14 processed in that order). Each replicate
samples contiguous forecast-origin blocks with replacement and retains every route and
horizon within each sampled date; the final concatenated draw is truncated to 171 origins.
This preserves contemporaneous dependence and within-block temporal dependence,
not dependence across artificial block joins or uncertainty from refitting the model. The
intervals are percentile intervals conditional on the fitted predictions.
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Figure 4. Accuracy and lower-bound-compliance evidence. Panel (a) gives paired seven-day moving-
block bootstrap estimates and 95% intervals from 2000 replicates for the projected SCOUT forecast’s
RMSE reduction relative to Recent-4. Panel (b) reports policy violations conditional on a positive
lower bound. The red SCOUT + projection series equals zero in every cluster; its bars therefore have
zero height.
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The lower-bound-compliant SCOUT forecast reduces RMSE at every horizon in all
three clusters (Figure 5). The reduction ranges are 6.26–6.50% in C1, 2.29–4.32% in C2, and
1.56–3.50% in C3. MAPE improves at every horizon in C1 and C2, whereas C3 is modestly
worse by at most 0.55 percentage points. The RMSE benefit persists through H4, but these
results alone do not attribute that pattern to the horizon weights. The C3 relative-error
trade-off remains. The pooled metrics use 21,546, 12,141, and 2223 route–origin cases
(86,184, 48,564, and 8892 route–origin–horizon cells) in C1–C3, respectively; positive-target
MAPE uses 8159, 26,653, and 8649 cells with y > 0.1.
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Figure 5. Horizon-specific changes of the lower-bound-compliant SCOUT forecast relative to Recent-4.
Panel (a) reports RMSE reduction in percent; panel (b) reports MAPE improvement in percentage
points. Positive entries indicate improvement. Differences use unrounded predictions, so subtraction
of rounded table entries can differ by 0.01 percentage points.

5.9. Learned Component Contributions

Figure 6 reports contributions rather than raw gate weights. For each positive-
component training context, a component’s weighted forecast is divided by the sum of
all weighted components and then averaged over horizons. Positive-component contexts
cover 46.28% of C1 training cases, 95.94% of C2, and 100.00% of C3. In C1, Recent-28 is
largest at 24.71%, consistent with longer-window stabilization under intermittent activity.
C2 is more distributed, with Last-Year largest at 8.05%. C3 places the largest share on
Last Value (8.95%), followed by recent-level and momentum terms. These shares come
from the actual horizon-specific prediction states; they do not imply a uniquely identified
physical decomposition.
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Figure 6. Mean weighted-output contribution shares, not raw simplex weights, for all 15 components,
evaluated with horizon-specific validation-selected states. Row labels report the fraction of training
contexts with a positive total component forecast. Shares are conditional on those contexts and sum
to 100% within each cluster.

The contribution ordering is numerically stable across the five seeds: Spearman rank
correlations against seed 42 are generally near 0.99 and the observed minima remain
between 0.95 and 0.97 across clusters and horizons. Stability does not imply uniqueness,
however. Same-route, same-horizon Spearman diagnostics show median absolute pair
correlations of 0.38–0.42 in C1, 0.54–0.56 in C2, and 0.57–0.60 in C3, with maxima of 0.98 or
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higher. Correlated candidates can substitute for one another, so Figure 6 is an auditable
record of model use, not a causal decomposition or evidence that human users interpret
SCOUT better than another model.

5.10. Representative Route Behavior

One route per cluster was selected before examining test errors: the route closest to its
cluster medians in standardized train-period log mean and non-zero ratio. This rule avoids
choosing visually favorable examples. Figure 7 displays observed test flows, H1 and H4
SCOUT + projection forecasts, and the H4 validation-residual band. C1 remains difficult
because the model often predicts a smoothed positive level while actual activations are
sparse and spiky. C2 tracks the operating level more consistently but does not reproduce
every abrupt change. C3 follows the broad level of a continuously active route; its large
scale makes absolute error relevant, but realized operational benefit has not been measured.
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Figure 7. Held-out forecasts for routes selected from training-period profile medians independently
of test error: C1: Shi Ge Tai–Wang Zuo; C2: Se Lian–Guan Nian Fang; C3: Yin Ta–Huang Hua Gang.
Vertical scales are cluster-specific and use the source weight unit. The H4 band uses pooled validation
residual quantiles and is descriptive rather than a conditional coverage guarantee.

5.11. Scenario Stress Test and Interval Diagnostics

The market-shock setting lowers the selected backbone mean forecast by 6.50%. The
supply-security setting raises it by 10.69%. In the combined case, the scenario lower
bound dominates the downward market multiplier, producing the same lower-bound-
compliant mean as the supply-security case. This is the intended operator precedence, but
the magnitude is illustrative because the input indices and response schedule are designed
rather than estimated from observed markets.

Table 16 summarizes the scenario outcomes, and Figure 8 shows the corresponding
four-horizon paths.
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Table 16. Illustrative scenario stress test for the highest-training-mean backbone route. Mean
forecasts are in source weight units. S0 is the calibrated forecast before either standard-policy or
scenario projection.

Scenario Mean Forecast Change from S0 (%)

S0 Baseline 110,631.35 +0.00
S1 Market Shock 103,439.92 −6.50
S2 Supply Security 122,455.23 +10.69
S3 Combined 122,455.23 +10.69
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Figure 8. Illustrative four-horizon response for the highest-training-mean backbone route, Wu Lan
Mu Lun–Huang Hua Gang, at forecast origin 31 October 2024. Panel (a) shows the 28-day observed
context, held-out truth, and forecast paths in source weight units; panel (b) shows the designed
horizon-specific change from S0. S0 is the calibrated forecast before projection; the scenario multiplier
and lower bound are documented stress-test inputs rather than causal market estimates.

The nominal residual band is marginally close to 80% overall in every cluster
(Table 17), but this aggregate result is misleading for C1: zero targets dominate, and
coverage conditional on positive targets is only 4.73%. C2 positive-target coverage is
74.14%, while C3 reaches 80.09%. The C1 interval should therefore not be used as a reliable
uncertainty estimate for rare activations. A two-stage activation/volume model and suit-
able conditional calibration are directions for improvement, not guarantees established here.
Adaptive conformal inference offers a relevant approach to changing distributions [34],
but its long-run coverage goal does not by itself guarantee positive-event coverage
for C1.

Table 17. Validation-residual interval diagnostics on the held-out test. The nominal marginal level
is 80%.

Cluster Positive Targets (%) Overall Coverage (%) Positive-Target Coverage (%) Mean Width Width/Positive Mean (%)

1 9.47 80.36 4.73 188.28 2.91
2 54.88 81.72 74.14 8646.92 73.47
3 97.27 80.44 80.09 33,509.86 61.63

6. Discussion
6.1. What the Evidence Supports

The strongest empirical finding is lower RMSE than Recent-4 in the reported pipeline
comparisons. In Tables 12 and 13 and the rolling-fold details in Appendix B, these com-
parisons do not separate forecasting-architecture effects from calibration and lower-bound
projection. Pooled RMSE-reduction intervals exclude zero in all three clusters for block
lengths of 4, 7, and 14 days. All horizon-specific point estimates of RMSE reduction are pos-
itive, but the corresponding 95% intervals for C2-H2 and C3-H2 include zero, so not every
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horizon-specific difference is statistically distinguished. The same directional comparison
holds in five rolling folds, two shifted temporal boundaries, and all one-factor threshold
configurations. The modern benchmark narrows that claim: SCOUT is strongest in C1–C2,
whereas GRU or Patch Transformer can have lower C3 RMSE. This can matter for railway
planning because high-volume-route deviations enter train and terminal decisions. The
resulting effects on operational decision quality are not directly evaluated here, and the
confidential source unit prevents conversion of forecast differences into wagons, trainloads,
cost, or capacity deviations. These RMSE gains do not extend to every metric: C2 WAPE is
0.13 percentage points worse than Recent-4, C3 MAPE is 0.30 points worse, and sMAPE
increases in all three clusters (Appendix A).

The cluster design clarifies this trade-off. C1 contains enough activity for a continuous
volume model but remains highly intermittent; its WAPE above 100% and poor positive-
event interval coverage show that the present formulation has not solved activation timing.
C2 benefits most consistently in positive-target MAPE and later-horizon RMSE, but its
total absolute error is essentially tied with persistence. C3 is almost continuously active, so
relative metrics are stable and absolute-error reduction is the principal gain. These distinct
regimes should not be compressed into one network-wide percentage.

6.2. Structural Interpretability and Decision Transparency

SCOUT’s structural interpretability comes from explicitly defined reference compo-
nents representing overlapping longer-term tendencies, periodic variation, and short-term
changes. The four functional groups organize their implementation and diagnostics, while
context gating adapts their combination. Contribution and stability analyses describe how
the fitted predictor uses this representation; they neither create its temporal meaning nor
demonstrate uniquely identified causal mechanisms or superior user comprehension.

A separate form of transparency follows from retaining the distinction between the sta-
tistical forecast, declared scenario adjustments, and route-level lower-bound enforcement.
Reporting Recent-4 and SCOUT before and after the same standard bounds makes changes
in point error and rule compliance visible. Several simpler variants achieve similar or lower
RMSE than full SCOUT in Table 14. These refitted and recalibrated single-seed compar-
isons do not establish an accuracy benefit from every module in every stratum. SCOUT’s
contribution lies in its explicit temporal representation and the structured integration of
adaptive combination, scenario adjustment, and auditable lower-bound enforcement. The
projected output is compliant with the stated lower bounds only, not a demonstrated
network-feasible operating plan.

6.3. Limitations and Generalizability

The findings are subject to several limitations. First, the study evaluates one railway
coal OD system. Rolling folds and shifted boundaries test temporal sensitivity within
that system but do not establish cross-network or future-regime validity. Second, the
known-input indices are generated proxies. Their formulas are reproducible, but they
cannot support economic attribution, causal interpretation, or claims about actual coal-
price elasticity. Third, the route-wise projection enforces only lower bounds and can remain
infeasible at network level when shared corridor, loading, unloading, fleet, or conservation
constraints are considered. Fourth, residual intervals are pooled marginal bands and
perform poorly for positive C1 events. Fifth, route categories are useful for regime-specific
reporting, but the pooled-fit result shows that stratification is not intrinsically accuracy-
improving; deployment should monitor distribution drift and re-estimate eligibility and
strata without using future outcomes.
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The structural interpretability described in Section 6.2 has not been assessed through
comparative experiments or user studies. Evaluating user comprehension relative to
alternative neural forecasting models remains a direction for future research.

Independent reproducibility is a further limitation: the underlying railway data
and implementation code cannot be shared. The manuscript specifies the method and
reports aggregate diagnostics, but it does not provide an executable replication or permit
independent verification of the empirical results from the manuscript alone.

Future work should systematically compare alternative component banks and combine
an activation classifier with a conditional volume model for intermittent routes. Other
priorities include replacing proxy indices with timestamped observed covariates with
documented availability checks, adding graph or bipartite route dependencies, calibrating
distribution-free intervals by cluster and horizon, and projecting forecasts onto a network-
level feasible set. These extensions should be judged with the same separation of predictive
accuracy, scenario response, and operational feasibility.

7. Conclusions
This study developed SCOUT as a structurally organized forecasting approach for

eligible railway coal OD flows. Explicit reference components implement overlapping
objectives for longer-term tendencies, periodic variation, and short-term changes, while
adaptive gating and separate scenario and lower-bound adjustments perform distinct
computational and decision-processing roles. Across 210 train-period-eligible routes rep-
resenting 98.42% of held-out network flow, the lower-bound-compliant SCOUT forecast
reduced RMSE relative to Recent-4 by 6.34%, 3.21%, and 2.89%. The direction persists
across rolling folds, shifted boundaries, threshold perturbations, and alternative bootstrap
block lengths. The route-level projection eliminated all active-bound violations, while its
effect on point accuracy was mixed and is reported separately.

Against conventional, intermittent, graph, recurrent, and patch-transformer references,
SCOUT is most competitive in C1–C2. In C3, GRU and Patch Transformer can achieve
lower RMSE. Five-seed variation is small for SCOUT, yet gate, proxy, seasonal-family, and
stratification ablations have mixed directions. The evidence therefore supports cluster-
dependent competitiveness and stronger large-error control, not universal superiority or
independent benefit from every module.

Positive-target MAPE improves in C1 and C2 but not C3; C2 WAPE is essentially
unchanged; sMAPE worsens; and the C1 marginal interval fails to cover most positive
events. The supported conclusion is that SCOUT improves large-error control and pro-
vides an explicit, auditable interface for scenario and lower-bound decisions on eligible
routes in this dataset. Reliable network-wide activation, causal external drivers, calibrated
conditional uncertainty, and network-capacity feasibility remain open requirements for
operational deployment.
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Abbreviations
The following abbreviations are used in this manuscript:

OD Origin–destination

SCOUT Scenario-Oriented Context-Gated Forecasting

MAE Mean absolute error

RMSE Root mean square error

MAPE Mean absolute percentage error

WAPE Weighted absolute percentage error

sMAPE Symmetric mean absolute percentage error

Appendix A. Additional Metrics and Definitions
Symmetric MAPE is included as a robustness diagnostic because zero and near-zero

cells can make percentage metrics behave differently. The overall violation column uses
all test cells and is shown only to illustrate why the conditional denominator in the main
text is preferable. Pinball losses are reported only for SCOUT + projection because the
deterministic baselines do not define quantiles.

Table A1 reports the additional diagnostics; Table A2 gives the horizon-specific point
metrics.

Table A1. Additional test diagnostics for Recent-4 and SCOUT + projection.

Cluster Variant sMAPE (%) All-Cell Violation (%) Pinball q0.1 Pinball q0.9

1 Recent-4 156.05 0.160 – –
1 SCOUT + projection 182.95 0.000 186.31 314.82
2 Recent-4 92.84 0.230 – –
2 SCOUT + projection 114.69 0.000 649.42 982.02
3 Recent-4 25.48 0.540 – –
3 SCOUT + projection 27.98 0.000 2612.51 2676.03

Table A2. Horizon-specific held-out RMSE and positive-target MAPE. SCOUT denotes the lower-
bound-projected output.

Cluster Horizon Recent-4 RMSE SCOUT RMSE Recent-4 MAPE (%) SCOUT MAPE (%)

1 H1 1790.95 1678.01 61.64 59.82
1 H2 1839.54 1724.43 63.52 61.33
1 H3 1877.87 1755.87 64.54 62.27
1 H4 1888.39 1769.26 64.86 63.02
2 H1 4800.13 4690.16 44.01 41.71
2 H2 5106.39 4982.95 46.26 43.38
2 H3 5351.46 5165.76 47.52 43.90
2 H4 5578.69 5337.91 48.88 44.95
3 H1 13,709.94 13,305.59 25.79 26.17
3 H2 14,662.69 14,434.53 27.66 28.21
3 H3 15,388.07 14,859.69 28.91 29.08
3 H4 15,901.99 15,345.72 29.99 30.08
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For test cells Ω and positive cells Ω+ = {j : yj > 0.1}, the metrics are defined in
Equations (A1)–(A4):

MAE = |Ω|−1 ∑
j∈Ω

|yj − ŷj|, (A1)

RMSE =

(
|Ω|−1 ∑

j∈Ω
(yj − ŷj)

2

)1/2

, (A2)

MAPE = 100|Ω+|−1 ∑
j∈Ω+

∣∣∣∣∣yj − ŷj

yj

∣∣∣∣∣, (A3)

WAPE = 100
∑j∈Ω |yj − ŷj|

∑j∈Ω |yj|
. (A4)

The fixed cutoff of 0.1 excludes zero and very small denominators from positive-target
MAPE. It is a numerical evaluation convention, not a physical operating threshold. At
the route level, MAPE is undefined when no positive test target exists and is therefore
not replaced by zero. WAPE can exceed 100% in C1 because the sum of absolute misses,
including positive forecasts on zero-demand cells, can exceed the small sum of observed
intermittent demand; this makes it a descriptive error ratio rather than a stable service-level
measure for that stratum. The forecast origin is the last observed day, the forecast-window
start is the first target day, and the target date is defined separately for each horizon.

Appendix B. Additional Diagnostics and Implementation Clarifications
The recent-level family ablation in Table 14 required a validation-reference correction.

Removing that family changed candidate index zero, which had also supplied the nor-
malization reference for validation scoring. The corrected diagnostic uses independently
stored Recent-4 forecasts for scoring, without reintroducing Recent-4 into the ablated can-
didate bank. Only the affected C1–C3 fits were repeated under the same split, seed 42,
input settings, and selection policy. The resulting RMSE values are 1772.27, 5138.76, and
14,874.62, respectively. The selected H1 epoch changed from 9 to 10 in C1 and from 16
to 17 in C2; C3 selections and predictions were unchanged. Checks confirmed matching
configurations, evaluation sample keys, observed targets, baseline predictions, and lower
bounds. Other family removals retain Recent-4 at candidate index zero; their reference
values were therefore unaffected, and those fits and the full-model experiments were not
rerun for this correction.

For local loss-weight sensitivity, the default weights on the relative-error, log-Huber,
and squared-error terms are (0.58, 0.32, 0.10). Five alternative triples were evaluated with
the official split and seed 42: (0.333333, 0.333333, 0.333334), (0.25, 0.65, 0.10), (0.85, 0, 0.15),
(0.75, 0.15, 0.10), and (0.30, 0.20, 0.50). In that order, the lower-bound-compliant RMSE
vectors for C1–C3 are (1732.25, 5049.58, 14,505.56), (1732.32, 5049.58, 14,505.43), (1732.13,
5049.90, 14,506.13), (1732.17, 5049.90, 14,506.10), and (1732.25, 5049.57, 14,505.37). Relative
to the default (1732.25, 5049.90, 14,506.00), the absolute relative change is below 0.01% in
every reported cluster-setting comparison. These are local sensitivity diagnostics, not a test-
set search for a replacement default or evidence that these weights are universally optimal.

The proxy formulas, model-specific protocols, sensitivity settings, and aggregate
results are documented within the manuscript. The underlying railway data and imple-
mentation code are not available for sharing. This documentation supports methodological
inspection but does not constitute an independently executable replication. The repro-
ducibility limitation is also stated in Section 6.3 and the Data Availability Statement.
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The fixed-state calibration diagnostic in Table A3 disables only post-fit affine calibra-
tion and leaves the selected neural mixture unchanged. Calibration lowers RMSE in all
three clusters, but not every other metric (C1 MAPE increases slightly). This is distinct
from retraining a model under a different objective. The standard-policy forecast uses the
identity scenario map; the illustrative non-identity scenario remains separately reported in
Table 16.

Table A3. Stage-specific metrics on the identical official test cells (seed 42).

Cluster Output Stage RMSE MAE MAPE (%)

1 Uncalibrated mixture 1735.44 626.70 61.56
1 Affine-calibrated 1733.89 623.45 61.61
1 Calibrated + lower bound 1732.25 623.36 61.61
2 Uncalibrated mixture 5059.28 3136.41 44.04
2 Affine-calibrated 5047.18 3131.03 43.47
2 Calibrated + lower bound 5049.90 3132.20 43.48
3 Uncalibrated mixture 14,562.03 10,556.06 28.94
3 Affine-calibrated 14,505.98 10,484.30 28.39
3 Calibrated + lower bound 14,506.00 10,484.31 28.39

Table A4 lists the paired intervals for all three block lengths.

Table A4. Block-length sensitivity of paired RMSE reduction relative to Recent-4.

Cluster Block Days Reduction (%) 95% Low 95% High

1 4 6.34 5.06 7.52
1 7 6.34 5.06 7.55
1 14 6.34 5.12 7.51
2 4 3.21 0.76 5.69
2 7 3.21 0.59 6.02
2 14 3.21 0.82 6.18
3 4 2.89 0.18 5.86
3 7 2.89 0.22 6.07
3 14 2.89 1.11 6.08

Section 5.8 reports the total and positive-target cell counts; Section 5.5 and Table 9
report the policy-active denominators and projection diagnostics. Tables A4 and A5 provide
the block-length and horizon-specific comparative intervals reported here. Confidence inter-
vals for differences in forecasting error do not establish predictive coverage for individual
positive-flow events.

Table A5. Horizon-specific paired seven-day bootstrap intervals for projected SCOUT versus Recent-4.
RMSE reductions are percent; MAPE changes are percentage points. Positive values favor SCOUT.

Cluster Horizon RMSE Reduction 95% Interval MAPE Change 95% Interval

1 H1 6.31 [4.79, 7.72] +1.82 [0.72, 2.86]
1 H2 6.26 [4.51, 7.84] +2.19 [1.11, 3.47]
1 H3 6.50 [4.81, 8.09] +2.27 [1.16, 3.60]
1 H4 6.31 [4.48, 8.07] +1.85 [0.53, 3.21]
2 H1 2.29 [0.06, 4.57] +2.31 [1.79, 2.91]
2 H2 2.42 [−0.24, 5.17] +2.87 [2.25, 3.62]
2 H3 3.47 [0.43, 6.84] +3.62 [2.90, 4.50]
2 H4 4.32 [1.55, 7.58] +3.93 [3.25, 4.76]
3 H1 2.95 [0.57, 5.79] −0.38 [−0.89, 0.69]
3 H2 1.56 [−1.33, 5.12] −0.55 [−1.30, 0.93]
3 H3 3.43 [0.62, 6.80] −0.17 [−0.96, 1.22]
3 H4 3.50 [0.39, 6.88] −0.09 [−1.17, 1.32]
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Tables A6 and A7 detail the five expanding-training rolling-origin folds summarized
in Table 12. All training/profile periods start on 1 November 2021. Each validation and
test block contains 90 target dates. Retaining only samples whose four target dates fall
within the assigned block yields 87 validation and 87 test forecast origins per route. Route
eligibility and strata are recomputed from each fold’s training observations; model fitting,
selection, and calibration use training and validation data only. These folds are distinct
from the three shifted-boundary windows in Table 13.

Table A6. Rolling-fold target-date boundaries (inclusive). Training periods share the start date
1 November 2021.

Fold Training End Validation Dates Test Dates

R1 10 July 2023
11 July 2023

to 8 October 2023
9 October 2023

to 6 January 2024

R2 8 October 2023 9 October 2023
to 6 January 2024

7 January 2024
to 5 April 2024

R3 6 January 2024
7 January 2024
to5 April 2024

6 April 2024
to 4 July 2024

R4 5 April 2024
6 April 2024

to 4 July 2024
5 July 2024

to 2 October 2024

R5 4 July 2024
5 July 2024

to 2 October 2024
3 October 2024

to 31 December 2024

Table A7. Rolling-fold test samples and RMSE (seed 42). Cases are route–origin pairs, each with
four horizon observations. SCOUT includes validation-based affine calibration and lower-bound
projection, whereas comparator forecasts are reported before projection. These comparisons evaluate
the reported pipelines and do not isolate forecasting-architecture effects. The output stages are
consistent with Table 12.

Fold Cluster Routes Test Cases Recent-4 GRU SCOUT

R1 1 121 10,527 1432.29 1386.81 1383.18
R1 2 70 6090 5471.68 5424.73 5293.73
R1 3 13 1131 13,462.20 13,405.91 13,136.46
R2 1 123 10,701 1653.65 1631.22 1573.76
R2 2 69 6003 5766.45 5662.18 5400.93
R2 3 13 1131 15,040.96 14,451.37 14,402.03
R3 1 126 10,962 1664.09 1621.87 1564.04
R3 2 70 6090 5540.06 5391.13 5115.94
R3 3 13 1131 15,545.47 14,798.72 14,631.13
R4 1 126 10,962 1487.46 1454.78 1421.17
R4 2 71 6177 4678.59 4636.42 4478.87
R4 3 13 1131 14,900.81 14,842.92 14,357.02
R5 1 126 10,962 1765.13 1704.75 1648.19
R5 2 71 6177 5235.23 5124.10 4992.32
R5 3 13 1131 15,096.30 14,654.58 14,645.42

The rolling-fold RMSE means in Table 12 are unweighted arithmetic means of the
five fold-specific RMSE values, not RMSE computed after pooling all test cells. The
15 fold-by-cluster comparisons concern these three methods in one railway system and are
not evidence of universal superiority or external generalization.
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