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1. Introduction

1.1. Research Background
Traffic forecasts help road agencies anticipate demand on individual links and respond to

changes across an urban network. Recent detector counts are a useful starting point because
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they describe what vehicles are doing now. A forecast based on these counts can follow
recurring commuting patterns and short fluctuations in traffic volume. When a road restriction
raises the cost of using a route, drivers may begin to use other roads before the resulting pattern
appears clearly in the measured history. The agency then needs a forecast that can use its

knowledge of the changed road conditions.

Graph models such as STGCN and Graph WaveNet learn temporal patterns together with
relationships between measured links [1,2]. These relationships are valuable under the traffic
conditions represented in the training data. A newly supplied change in travel cost adds
information about route choice that may arrive earlier than the next set of useful detector
observations. A forecast can benefit from that information if the expected response is translated
to the scale of the measured flow. The aim is to update the forecast at the point when knowledge

of the network changes.

Traffic assignment provides a connection between travel demand, road costs, and the routes
used by travelers. The relative cost Logit model represents variation in route choice through a
cost sensitive loading process [3]. The wider assignment literature explains how travel demand
and network conditions jointly determine link flows [4]. Repeating an assignment with a
different road cost estimates where flow is expected to increase or decrease. Assignment can
also describe an unusual current distribution of trips when no particular road restriction has

been specified.

Assigned volumes and detector counts describe related quantities at different scales. The
origin destination (OD) data represent a set of trips, the network model represents possible
routes, and each detector samples vehicles at a particular location. These representations can
produce different volumes on the same link. Directly adding an assigned flow to a detector
forecast would have little meaning. We use the change between assigned states and estimate
how strongly that change should affect the forecast. This keeps the observed traffic pattern as

the reference while allowing route information to influence the prediction.

1.2. Related Work

Graph based traffic forecasting has developed several ways to represent spatial and temporal
dependence. A survey by Jiang and Luo [5] describes the use of graph neural networks for this
purpose. Recent models incorporate trends over several prediction steps [6], combine
information across spatial and temporal scales [7], or simplify graph computation while
maintaining predictive accuracy [8]. These studies establish the value of learning from

measured traffic streams. Their relevance here is the strength of the detector forecast that an
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additional source of network information must improve.

Incomplete observations have also received substantial attention. Joint matrix factorization
uses shared structure to recover missing traffic values [9]. A graph recurrent imputation model
combines spatial relationships with temporal information [10]. Other methods address missing
information and incomplete features more directly [11,12], while a recent survey organizes the
broader literature on traffic data imputation [13]. These approaches help recover a measured
traffic record. A supplied road restriction carries a different kind of information because it

describes a change in travel conditions before its full effect has been observed.

Reliable observations remain essential in either setting. Fault detection methods identify
unusual sensor behavior [14], and sensor reconciliation can improve the consistency of a traffic
sensor network [15]. Traffic state estimation also combines several sources of measurements
[16] and can accommodate errors in automated sensor data [ 17]. Roving sensor networks extend
the spatial coverage available for city scale estimation [18]. These studies show why the quality
and coverage of observations matter when interpreting an additional model output. Assignment
contributes a representation of possible routes, with its own dependence on demand and

network inputs.

1.3. Study Objectives

The study considers two main uses of this approach. The first starts with a normal network
forecast and a supplied change in road cost. Assignment estimates the redistribution caused by
that change. The second starts with a detector based forecast and asks whether a strong
departure in the current assigned path state helps predict the future count. Both uses begin with
a forecast that can already be formed from the available inputs. The assigned response supplies

a correction whose strength is selected before the final evaluation.

We study these uses with March 2025 vehicle passage data from Wuxi. The observed part of
the study contains 548 links with counts aggregated at 5 min intervals. A road cost experiment
applies the specified changes to the same Wuxi network and OD inputs, with independently
solved MSA BPR flows serving as the reference. Persistent flow drop episodes provide another
comparison in which the count at forecast issue time is available. Routine predictions and
forecasts one to seven days ahead show how much the same assignment information contributes

when the usual measured pattern is already informative.

The paper contributes a straightforward way to combine these sources without requiring a

new forecasting architecture. It describes the inputs available in each setting, calibrates the
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assigned response, and reports the resulting accuracy under a common error measure. The
strongest improvements occur in the controlled cost change and in the small set of direct
predictions with strong assigned path states. The remaining comparisons show where an agency
can retain a simpler forecast. These results support a selective role for assignment in a broader

traffic forecasting system.

The present study brings the route response into an existing flow forecast through a calibrated
correction. It examines a supplied change in cost separately from a strong current path state
because the information arrives in different forms. A common sample comparison then adds
the same update to three models that already use recent detector histories. Detector based and
constant bias corrections show how much improvement can arise from a small additional
calibration. The resulting comparison establishes the circumstances in which an assigned

departure adds useful predictive information.

2. Methodology

2.1. Forecast Inputs and Assignment

Let y denote the detector count on a directed road link during a 5 min interval. A forecast
issued at time t predicts the count at a later interval t + h. Every empirical prediction uses inputs
available when it is issued, with the future count reserved for evaluation. The controlled road
cost scenario starts from a normal network flow estimate and receives the specified change in
cost. The flow drop comparison also receives the count observed on the affected link at the time

of prediction. These input conditions determine which reference forecast can be formed.

The assignment model loads each time slice of OD demand through the road network using
a destination based relative cost Logit formulation [3]. Demand is divided into five increments.
Link costs increase with the accumulated volume through a Bureau of Public Roads (BPR) cost
function. For each destination, a shortest cost search identifies outgoing links that reduce the
remaining cost of reaching that destination. The Logit probabilities distribute available demand
among those links. Updating costs between increments allows later demand to respond to the

volume already loaded onto the network.

The five loading shares are 5/15, 4/15, 3/15, 2/15, and 1/15. The relative cost formulation
scales outgoing route costs by their mean, and the Logit dispersion parameter is 7.2. Each
demand slice is converted to an equivalent hourly rate before loading. The same network
representation and loading procedure are used for the normal and changed cost assignments.

Their difference describes the response of the model to the supplied cost change, while the
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absolute assigned volume remains dependent on the represented demand.

For forecasts based on detector observations, we also calculate the usual assigned flow for
each link and time of week. A current assignment can then be expressed as a departure from
that usual value. This departure identifies a path state that differs from the recurring pattern. It
can be large when the location or intensity of OD demand changes, even when no specific road
event has been supplied. The forecast uses the departure only after its relationship with earlier

detector forecast errors has been fitted.

2.2. Forecast Update for a Supplied Cost Change

The controlled scenario begins with the normal flow on each link. We run the assignment
with the normal road cost and again with a supplied cost multiplier k. The difference between
those assigned volumes gives the expected flow change. A positive difference indicates an
expected increase in the use of a link; a negative difference indicates an expected decrease. The

corrected forecast is given by Equation (1), where A controls the size of the response.

F= %+ —A () (1)

The multiplier « is part of the scenario input. The response strength A is selected using a
fivefold cost change and then held fixed when a twofold cost change is evaluated. The
denominator in Equation (1) follows the response scaling used in the original experiment. After
the correction is added, a nonnegative bound is applied to the forecast. The normal flow remains
the starting point for every link, and the assigned difference provides the direction and size of

the update.

The reference flow for each supplied road cost setting is calculated using the method of
successive averages with BPR costs (MSA BPR) on the Wuxi network and the same OD
demand. The Logit update is evaluated against this independently solved assignment. The
comparison examines how well the route response transfers the specified cost change into the

direction and size of the resulting flow redistribution.

We report the result for all links with normal reference flow of at least 20 vehicles per hour.
We also examine links whose normal assigned flow reaches the same threshold and changes by
at least 10% under the supplied restriction. This second group focuses on links for which the
assignment expects a substantial response. Group membership is determined from the normal
flow and assignment outputs before the changed reference flow is used to calculate errors. Both
groups are retained because an average over the whole network can be dominated by roads with

very little response.
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2.3. Direct Forecasts under Strong Path States

For direct forecasts, the starting point is a detector based estimate of the future link count.
We calculate the difference between the recent assigned flow and its usual value for the
corresponding time of week. The assignment time is offset by a horizon specific lag measured
in 5 min bins. The departure is rf_ W= qft_ W qfk(t_ .)» Where the bar denotes the usual weekly
assignment. The response coefficient  for each link and horizon is fitted to earlier errors in the
detector forecast using the ridge penalty &. Equation (2) gives this fitted coefficient. The training

sum uses only intervals in the fitting period.

= T 2)

The fitted coefficient translates the assignment departure into an expected correction to the
detector forecast. Its sign allows the relationship to differ across links. The ridge term reduces
the size of a response when the available variation gives weak support for a large coefficient.
The lag allows a path state observed earlier to relate to flow at the prediction horizon. These

quantities are estimated before the final test period and remain fixed when the future count is

withheld.

The correction is activated when the assignment departure is large relative to the usual
assigned flow at the forecast target time. Equation (3) defines the state strength for each
prediction horizon; k indexes the weekly time bin. The reference floor ¢ is 25 vehicles per 5
min, which limits unstable ratios when the usual assigned volume is low. A threshold n
identifies the path states used for the correction. Expressing strength relative to the usual
assigned flow makes the rule depend on the departure from each link's own pattern.

10—
) ©

Equation (4) adds the fitted assignment response to the detector forecast when the threshold
is met and bounds the prediction below by zero. The indicator equals one for a sufficiently
strong state and zero otherwise. A horizon specific gain y controls the amount of the fitted
response that enters the forecast. The threshold and gain are selected on validation data. The
same settings are then applied throughout the test period, including predictions for which the

indicator remains zero.
H  — B A
'Lo=max{0, L+ (=) | AL} €
This rule gives assignment a selective role. Ordinary path states retain the detector forecast,

while strong states receive a correction based on the relationship learned earlier. The final
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evaluation reports both the performance under routine conditions and the performance in the
activated group. The number of activated predictions is needed to interpret the result: an
improvement in a small group can be useful for particular situations while contributing little to

the error averaged over all traffic.

2.4. Comparison with Forecasts Using Recent Counts

The profile comparison uses a usual weekly count and omits recent observations from the
target link. We also evaluate three 30 min models that use those observations. Temporal
autoregression combines the target time profile with count departures at issue time and 5, 10,
15 and 30 min earlier, together with the counts one day and one week before the target. Spatial
temporal autoregression (STAR) adds departures on ten links selected by training correlation.
Both regressions standardize their predictors, fit an intercept and use ridge strength 100. A week
of count history makes their first fitting target March 8 at 00:30. Their coefficients are fixed
after March 20.

The neural comparison is a compact STGCN style implementation with two temporal
convolutions and graph aggregation. It uses the preceding twelve 5 min bins, eight hidden
channels and ten neighbors selected from training correlations. Training uses Adam with
learning rate 0.001 for fifteen epochs and random seed 2026; validation selects the retained
epoch. This implementation provides a graph based reference for the assignment update. It is

smaller than many recent forecasting networks and represents one training run.

All three models receive the same additional correction. For each link, one slope relates
training forecast errors to the assignment departure, scaled by its training root mean square. The
ridge penalty is 10, with no added intercept. Two controls use the same fitting period and
activation rule: one replaces the assignment departure with the target detector departure at issue
time, and the other estimates a constant link bias. Each control adds one fitted coefficient per
link. The controls retain the assignment gate, allowing the comparison to isolate the value of

the correction magnitude after the strong state has been identified.

Correction fitting uses the common March 8 to 20 targets and each model's training
predictions. These predictions are from the model fitting period. The gains 0, 0.25, 0.5, 0.75, 1
and 1.25 are compared using activated validation WMAPE; ties select the smaller gain. Zero
retains the original forecast. The original 30 min lag of one bin, denominator floor of 25 and
threshold of 0.5 stay fixed. The 3,990 validation cases select the gains, which are then applied
to the same 5,267 test cases for every model. Target times, link identifiers and observed counts

are matched exactly across the saved predictions and assignment data. This comparison changes

7



Assignment-Informed Link-Flow Forecasting: A Case Study in Wuxi

the forecast being corrected while retaining the state definition.

2.5. Forecasts during Persistent Flow Drops

The episode comparison uses persistent drops identified in detector counts. The screen
examines the period from 06:00 to 22:00 and compares each link with its usual count for the
same weekday and time. The usual count must be at least 20 vehicles per 5 min. A low state
has a count no more than 45% of that reference and a standardized departure no greater than
minus 2.5. The preceding count must be at least 80% of its reference to identify an abrupt onset.
Consecutive low states form an episode, and at least two intervals are required. The reference

statistics use March 1 to 10; later dates supply the calibration, validation, and test episodes.

The target is the count in the interval following the first detected drop, giving a 5 min forecast.
The first low count is available at issue time. Episode duration is established from the
subsequent record, so the evaluation is a retrospective comparison conditional on a persistent
drop. The sample describes observed traffic states. Their causes are not externally verified. The
assignment branch receives a supplied fivefold road cost multiplier on the affected link, with
capacity unchanged, and a historical OD slice for the matching weekday and time. This

multiplier represents a scenario assumption applied consistently across episodes.

A weekly profile formed without the selected episode intervals gives the normal count.
Persistence carries the issue count forward. The fixed service forecast multiplies the normal
profile by one fifth. Its capped version takes the smaller of that result and the issue count, with
a minimum cap of 20 vehicles per 5 min. The raw assignment forecast multiplies the normal
profile by the changed to normal assigned flow ratio. This ratio is bounded between zero and

one, and the normal assigned flow has a denominator floor of one.

We also fit a simple service ratio using three assignment summaries. The first is the raw ratio
on the target link. The second is the ratio of total outgoing assigned flow at the target link's
source node. The third is the sum of absolute flow changes over the network divided by total
normal assigned flow. Together they describe local route use and the size of the network
redistribution. Each feature is centered and scaled using the calibration episodes. A ridge
regression relates these features to the observed count divided by the normal profile. Its

intercept is the calibration mean of that count ratio.

The fitted service ratio is bounded between 0.05 and one before multiplying the normal
profile. The same issue count cap can then be applied. Ridge strengths of 0.1, 1, 10, and 100

are compared on validation episodes, and the selected model remains fixed in testing. The
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method adds only three fitted slopes and an intercept. This limited calibration allows assignment
to contribute variation across episodes while keeping the forecast easy to estimate with a small

sample.

2.6. Forecasts at Longer Leads

The longer lead comparison predicts one to seven days ahead with supplied future OD
demand. A weekly detector profile provides the principal reference. It carries the usual count
for the target time and allows the current departure from that pattern to decay with lead time.
Persistence and a recursive autoregression provide two additional count based comparisons.
The autoregression moves the current count toward the training mean. Both decay coefficients

are fitted on training intervals and bounded in absolute value by 0.95.

The future OD demand is assigned to the network, and its departure from the usual weekly
assignment is fitted to earlier errors in the weekly forecast. The response is estimated for each
link and 10 min time bin using ridge regression. Validation selects the ridge strength and a cap
on the correction magnitude. A relative correction score determines activation, with the
threshold set to the 90th percentile of positive validation scores. A validation selected gain

controls the final update. These settings are shared across all seven leads.

All leads use the same target intervals, while their issue dates differ. The target time weekly
profile and supplied assignment are shared across those forecasts. Only the issue observation
and its decaying residual depend on the lead. The comparison describes forecasts conditional
on the supplied demand scenario; future OD demand is not estimated by this procedure. The

shared inputs make the recurring forecast stable across long leads.

3. Results

3.1. Study Area and Evaluation

The Wuxi case uses March 2025 vehicle passage records to derive detector counts and OD
demand. The observed area contains 548 directed links and 4,892,544 records at 5 min intervals.
The assignment network covers 57,161 nodes and 116,696 directed links (Figure 1), allowing
routes to extend beyond the observed area. Calibration translates the assigned response to the

count scale at each detector.

The main forecasting models use March 1 to 20 for fitting, March 21 to 24 for validation,
and March 25 to 31 for testing. The episode comparison uses March 1 to 10 to define the usual

flow and March 11 to 20 for service ratio calibration. All model selection uses validation data.
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The four validation days run from Friday through Monday and include two weekend days.

Testing covers a later week within the same month.
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Figure 1. Observed links in Wuxi within the larger assignment network.

Time sliced OD demand is derived from passage trajectories in the same underlying dataset
as the detector counts. The two representations capture different aspects of those records. Their
joint use shows what route information can contribute within this data source. A separately
collected OD feed could represent another set of trips and would require its own calibration

against detector flow.

Accuracy is measured by weighted mean absolute percentage error. WMAPE is the sum of
absolute forecast errors divided by the sum of observed or reference flow over the evaluated
cases. Empirical comparisons use detector counts in the denominator. The controlled cost
scenario uses a separate MSA BPR flow solution. Mean absolute error (MAE) and root mean

squared error (RMSE) describe the magnitude of errors in vehicles per interval, or vehicles per
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hour for the static controlled scenario. The different units follow the corresponding target

variable.

The main direct forecast intervals use 2,000 paired resamples of the seven complete test
calendar days, with seed 2026. All predictions from a sampled day remain together, preserving
changes shared by different roads on that date. We also resample link by day blocks to describe
sensitivity to the resampling unit. Daily and leave one day out results show how the pooled
estimate depends on particular dates. Episode intervals use 500 paired resamples of the 14 test
episodes. The longer lead comparison also resamples complete test days. These intervals
describe variation within the available period; seven days provide limited information about

transfer to another week.

3.2. Flow Redistribution under a Supplied Cost Change

The supplied road cost change gives assignment a specific task: update the normal flow
pattern before observations from the changed state are available. A response strength of 2.0 is
selected using the fivefold validation scenario and applied to the separate twofold scenario. The
changed flow is evaluated against an independently solved MSA BPR state with 12 loading
iterations. Link selection uses normal flows and the assigned response, before reading the

changed reference flow.

Table 1. Controlled twofold cost change against the independent MSA BPR reference. The responsive
cohort is a subset of the wider network.

. Corrected MAE (vehicles/h)
Cohort Links Normal WMAPE WMAPE normal — corrected
Normal.ﬂow >20 9,495 0.0083 0.0025 0.98 — 0.30
vehicles/h
Assigned 45 0.2309 0.0997 61.94 — 26.76

response > 10%
Table 1 separates the wider network from the roads with a substantial response. Across 9,495

links carrying at least 20 vehicles/h in the normal reference, WMAPE decreases from 0.0083
to 0.0025. This wider group contains many roads with little change. The responsive cohort
contains 45 links with normal reference and assigned flows of at least 20 vehicles/h and an
assigned change of at least 10%. Its WMAPE falls from 0.2309 to 0.0997, a relative reduction

of 56.80%. These cohorts overlap and describe different parts of the same scenario.

Figure 2 compares the correction on every responsive link with its change in the independent
reference. All 45 assigned responses are positive in this particular scenario, corresponding to
roads receiving diverted traffic. Most large reference increases receive a correction in the same

range. A smaller group receives an increase even though its reference flow changes little. Points
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coincide where successive links share the same route volume, so the number of visible points

1s smaller than the number of evaluated links.
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Figure 2. Assigned correction and independent reference change for all 45 responsive links in the
twofold cost scenario. The dashed line indicates equal changes. Points can coincide when links share
flow values.
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Figure 3. Absolute error distributions across the same 45 links, with each link weighted equally. The
correction reduces large errors while increasing errors on some initially accurate links.

The aggregate reduction combines improvements on 25 links with increases in error on 20
links. Figure 3 shows the full absolute error distributions with each link weighted equally. The
normal forecast has near zero error on some roads and errors above 100 vehicles/h on many
others. The correction reduces the larger errors while moving some initially accurate estimates

away from the reference. Median absolute error decreases from 104.78 to 22.30 vehicles/h.
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MAE falls from 61.94 to 26.76 vehicles/h, and RMSE falls from 83.12 to 33.48 vehicles/h.

The controlled result shows how an assigned response can transfer a supplied change in road
conditions into a flow update. It also identifies a local weakness: an assigned diversion can be
too broad for the independently solved state. For an application focused on a particular
alternative route, the link level response in Figure 2 is relevant alongside the pooled WMAPE.
The road cost comparison evaluates redistribution on the Wuxi network against the MSA BPR

reference. The detector forecasting comparisons use the observed future counts as their targets.

3.3. Direct Forecast Accuracy across Horizons

The direct forecast comparison retains the state strength threshold of 0.5 selected on
validation data. Selection requires at least 500 validation cases. The response gains are 0.375
for 30 and 60 min and 0.450 for 120 min, with assignment lags of one, zero and two 5 min bins.
These settings define a common operating rule: a routine state retains the detector forecast, and

a strong assigned departure receives the calibrated route response.

Table 2. Direct forecasts within strong assigned states, with 1,104,768 predictions per horizon. MAE
is in vehicles per 5 min.

Horizon Active Active Profile Corrected MAE (veh/5 min)
cases share WMAPE WMAPE profile — corrected
30 min 5,267 0.477% 0.2814 0.2018 17.97 — 12.89
60 min 5,384 0.487% 0.2873 0.2087 17.17 —> 12.48
120 min 5,597 0.507% 0.2944 0.2173 14.32 — 10.57
1 Whole calendar day HH  Link by day
30 min A | ® :
60 min - | ' .. ! ,
120 min 4 @ :
I I I I I I
20 22 24 26 28 30

Relative WMAPE reduction (%)

Figure 4. Relative WMAPE reductions for the weekly profile within strong assigned states: 5,267,
5,384 and 5,597 cases at 30, 60 and 120 min. Points are pooled estimates; bars are 95% intervals from
2,000 paired resamples. Whole calendar days are the principal unit.
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Table 2 reports the activated predictions at each horizon. WMAPE decreases from 0.2814 to
0.2018 at 30 min, from 0.2873 to 0.2087 at 60 min, and from 0.2944 to 0.2173 at 120 min.
MAE decreases at every horizon. The activated groups contain 5,267, 5,384 and 5,597
predictions out of 1,104,768 test predictions per horizon. Their frequencies remain 0.477% to

0.507%, so the result describes infrequent departures from the weekly pattern.

The relative WMAPE reductions are 28.29%, 27.34% and 26.21%. The corresponding whole
day bootstrap intervals are 23.87% to 30.18%, 22.13% to 29.46% and 20.16% to 28.68%.
Figure 4 also reports intervals obtained by resampling link by day blocks. Whole days preserve
the traffic variation shared by roads on the same date, and provide the principal temporal
comparison. The two resampling units describe different aspects of variation within the test

week.

The relative benefit decreases gradually with prediction horizon. A current path departure
carries less information about the count as the target moves further ahead. Route information
still improves the forecast at every evaluated lead. The groups differ slightly because the
horizon specific lag affects which assigned departures cross the threshold. Their observed count
totals and mean flow levels also differ. WMAPE and MAE should consequently be compared

between forecasts within each horizon, with sample size reported alongside accuracy.

Across every 30 min test prediction, applying the activation rule changes profile WMAPE
from 0.18835 to 0.18781. This smaller network average follows from retaining the original
profile on most predictions. The activated result describes where the route response contributes,
while the complete sample describes its effect on the forecasting service as a whole. Both are

needed when deciding how much additional calculation to introduce into an existing system.

3.4. Accuracy with Recent Detector Histories

The common 30 min group contains 5,267 predictions from 413 links across seven days, with
an observed total of 336,386 vehicles. The weekly profile gives WMAPE 0.2814 before
correction. Recent detector histories provide a stronger starting estimate: WMAPE is 0.1916
for STGCN style, 0.1641 for temporal autoregression and 0.1608 for STAR. Keeping these
target counts and the activation rule identical allows the added assignment response to be

compared across forecasting backbones. Table 3 summarizes this comparison.

Assignment reduces STGCN style WMAPE to 0.1489, a relative reduction of 22.28%, with
a whole day interval of 17.83% to 24.97%. MAE decreases from 12.24 to 9.51 vehicles per 5
min, and RMSE from 19.28 to 15.11. The update improves both the typical count error and the

14
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contribution of larger errors. The selected gain remains 1.0 for this backbone.

Table 3. Forecasts on the same 5,267 strong state cases at 30 min. The weekly profile omits recent
target counts. The other models use them. All controls share the assignment gate. Intervals use 2,000
paired resamples of seven complete test days.

. . . . Assignment
Original  Assignment Detector Bias .o o
Forecast WMAPE WMAPE  WMAPE WMAPE reductl?n % [95% day
interval]
Weekly 0.2814 0.2018 — — 28.29 [23.87, 30.18]
profile
STGCN style 0.1916 0.1489 0.1726 0.1863 22.28 [17.83, 24.97]
Temporal AR 0.1641 0.1342 0.1625 0.1637 18.19 [13.15, 20.72]
STAR 0.1608 0.1342 0.1592 0.1602 16.50[11.46, 19.26]
B Original forecast A Detector update
® Assignment update @ Bias update
STGCN styl * =
style
Y A PY
. [ |
Temporal AR "
=
STAR { ® ay
0.14 0.15 0.16 0.17 0.18 0.19

WMAPE on the same 5,267 activated predictions

Figure 5. Accuracy of the original models and three corrections on the same 5,267 strong state cases
from 413 links. Detector and bias controls retain the assignment gate. Table 3 reports the paired

intervals.
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Figure 6. Assignment reductions against each original forecast for all seven test dates. Daily sample
sizes are 460, 577, 588, 711, 2,079, 492 and 360. Lines connect consecutive daily summaries, with no
additional smoothing.
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Temporal autoregression and STAR retain gains of 1.25 and both reach WMAPE close to
0.1342. Their relative reductions are 18.19% and 16.50%, with corresponding intervals of
13.15% to 20.72% and 11.46% to 19.26%. Strong recent count forecasts continue to benefit
from the assigned departure, with a smaller relative response than the weekly profile. This

ordering is consistent with the information already represented in their input histories.

Figure 5 compares assignment with detector departure and constant bias corrections. The
detector correction reaches WMAPE 0.1726 for STGCN style, 0.1625 for temporal
autoregression and 0.1592 for STAR. The assignment correction has lower WMAPE in each
comparison. Relative to the detector corrected forecast, its reductions are 13.74%, 17.40% and

15.69%. These comparisons use the same count history and the same assigned state gate.

The bias correction gives WMAPE 0.1863, 0.1637 and 0.1602 for the three backbones. A
constant link offset captures part of the recurring calibration error. Assignment describes a
departure that varies with the represented travel demand and route loading, allowing the
response magnitude to change between targets. The comparison with the detector correction
further indicates that the route departure adds a useful description of the network state within

the activated group.

Figure 6 shows every test date. STGCN style daily reductions range from 15.39% to 27.79%;
temporal autoregression ranges from 10.33% to 22.20%, and STAR from 8.64% to 20.43%.
Each model improves on all seven dates, while the size of the benefit changes with the day's
count and assigned state distribution. March 29 contains 2,079 activated predictions, or 39.5%

of the group, and is retained together with the other dates.

Leaving out one test date at a time gives STGCN style reductions from 20.34% to 23.21%,
temporal autoregressive reductions from 15.61% to 19.02%, and STAR reductions from
13.94% to 17.43%. The direction of the result is preserved across these comparisons. Variation
in the estimate still matters because the test period contains only one week. Extending the
comparison across additional months would describe a broader range of demand and road

conditions.

Across all 1,104,768 predictions, STGCN style WMAPE changes from 0.168136 to
0.167846. Temporal autoregression changes from 0.159043 to 0.158841, and STAR from
0.158768 to 0.158588. The complete sample gains are smaller because the correction is
restricted to 0.477% of predictions. The comparison supports a targeted update while retaining

the original forecast during routine conditions.
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3.5. Accuracy across Assigned State Strengths

Figure 7 separates predictions into five disjoint groups of assigned state strength. The
threshold and fitted response settings are retained. Below the deployment threshold, the plot
evaluates the additional response on the same test targets, while the forecast rule itself keeps
the original prediction. This comparison describes how the value of the route departure changes

with its magnitude, without selecting another threshold from the test week.

At 30 min, the groups below 0.10 and from 0.10 to 0.25 contain 795,406 and 245,245
predictions. Their relative WMAPE changes are -0.59% and 0.08%. The group from 0.25 to
0.50 contains 58,850 predictions and improves by 7.53%. The group from 0.50 to 1.00 contains
5,153 predictions and improves by 27.93%. The strongest group improves by 41.41%, with 114

predictions. Reporting every group makes the concentration of benefit visible alongside its

frequency.
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Figure 7. Correction performance in disjoint test state strength groups. The dashed boundary marks the
activation threshold. Plotted corrections below it are excluded from the deployed prediction. The
strongest groups contain only 114 to 139 cases.

The same ordering appears at 60 and 120 min: small assigned departures provide little
additional value, intermediate departures give a modest correction, and large departures yield
the largest relative reductions. The strongest groups contain 128 and 139 predictions at those
horizons. Their limited size calls for caution when transferring their percentages to a whole
network. The concentration of improvement above the activation threshold gives a practical

reason for using the correction selectively.
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3.6. Forecasts during Persistent Flow Drop Episodes

The detector screen and assignment inclusion rules produce 55 candidate episodes, of which
53 have sufficient assigned flow for comparison. Their dates place 26 in calibration, 13 in
validation and 14 in testing. The test episodes occur on March 29 to 31 and include all
qualifying episodes in the reserved test period. The first low count is available at issue time,

and the target is the following 5 min interval under the supplied road cost setting.

Table 4. Forecasts during persistent flow drops: 13 validation and 14 test episodes. MAE and RMSE
are in vehicles per 5 min.

F ¢ Validation Test Test Test
orecas WMAPE WMAPE MAE RMSE
Current count persistence 0.5207 0.8552 8.86 12.54
Fixed service ratio 0.3901 0.5375 5.57 8.11
Fixed service ratio + 0.3876 0.4414 4.57 6.78
count cap
Raw assignment ratio 0.8552 0.9651 10.00 12.88
Calibrated assignment 0.2907 0.3979 4.12 6.07
ratio
Calibrated assignment + 0.2907 0.3294 3.41 5.07
count cap

The fixed service forecast and its capped form provide compact references. A raw assigned
flow ratio can predict an excessively large reduction because the represented OD trips and the
count observed at a detector have different scales. The calibrated ratio adjusts this response
using the earlier episodes. The selected ridge strength remains 1.0, and the cap carries forward
the upper bound supplied by the current count. These components address response scale and

the amount of traffic already observed after the drop begins.

Table 4 reports the episode comparison. Persistence gives test WMAPE 0.8552. The fixed
service ratio lowers it to 0.5375, and adding the issue count cap lowers it to 0.4414. The raw
assignment ratio gives 0.9651. Calibrating the ratio gives WMAPE 0.3979 without the cap and
0.3294 with it. The calibrated capped result has MAE 3.41 and RMSE 5.07, compared with
4.57 and 6.78 for the fixed capped forecast. The lower RMSE indicates that the additional

correction also improves the scale of the larger errors.

Figure 8 shows all 14 test episodes in chronological order. Calibrated service ratios range
from 0.155 to 0.273. The capped forecast improves absolute error on 12 episodes, increases it
on 1 and leaves 1 unchanged. It follows count variation more closely than the fixed ratio, with

remaining errors reflecting local variation.
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Figure 8. Observed and predicted counts for all 14 test flow drop episodes in chronological order.
Lines connect separate episodes to aid comparison. Both service forecasts use the same issue count
cap.

The WMAPE reduction against the fixed capped forecast is 25.37%, with a paired episode
interval of 21.65% to 28.62%. This is an additional contribution after the simple service rule
has already captured much of the decrease. Calibration permits the route response to vary
between episodes instead of reducing all counts by the same proportion. A larger collection of
independently documented disruptions would provide a broader basis for estimating that

response and assessing its transfer across locations.

3.7. Forecasts One to Seven Days Ahead

The longer lead comparison uses the same 552,384 target link time cases at each lead. The
validation settings remain a ridge multiplier of 2.0, a correction threshold of 0.126 and a gain
of 0.25. Persistence WMAPE is 0.1826 at one day, 0.2171 at three days and 0.1586 at seven
days. Recursive autoregression is close to 0.595. The weekly profile gives WMAPE 0.1556,
and assignment alone gives 0.4266. These references show the value of retaining a stable

observed pattern as the starting point.

The combined forecast gives WMAPE 0.1455 at one day, 0.1512 at three days and 0.1527 at
seven days. The corresponding complete sample reductions are 6.47%, 2.82% and 1.83%. The
targets and weekly profile are shared across leads. Their corrections differ because the issue
state and its distance from the target affect which supplied departures receive an update. The

relative benefit decreases as the forecast reaches further ahead.

At seven days, the correction acts on 7.4% of predictions. Within this group, WMAPE
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decreases from 0.2667 to 0.2062; its relative reduction interval is 18.11% to 25.44%. The
complete sample benefit is smaller because the weekly profile is retained on the remaining
targets. These results support a calibrated contribution from the supplied OD scenario while

showing why the recurring pattern continues to determine much of a long lead forecast.

4. Discussion

4.1. When the Assigned Response Helps

Assignment adds useful information when travel demand and route use depart from the
conditions represented by the starting forecast. A supplied restriction changes the available
route costs. Recomputing the route loading then describes where flow can move across the
network before the full response appears in recent counts. In the Wuxi cost comparison, this
response reduces the larger differences from the independently solved flow state. The roads
with remaining local errors indicate where route alternatives and loading assumptions deserve

closer attention.

The detector comparisons extend this role to changing demand patterns. An assigned
departure describes a distribution of represented trips across the network. It can carry
information about approaching traffic and the interaction among origins, destinations and
available paths. Recent detector histories describe the traffic already observed at particular
locations. Their combination supports the larger improvements within strong assigned states

and the retained benefit across several forecasting backbones.

The correction remains useful after a detector departure or a constant link bias is allowed to
improve the same starting forecast. This comparison relates the benefit to the changing route
state and its response amplitude. Each control uses the same assigned state gate, so the result
concerns the magnitude of the correction after that state has been identified. A broader
comparison could evaluate alternative state selection rules with the same range of demand

inputs and observation histories.

The state strength comparison explains why the correction is selective. Weak departures
account for most predictions and supply little additional information. Large departures occur
less often, yet coincide with larger errors in the recurring profile. The activation rule
concentrates the additional response within those conditions. A useful local correction can
consequently coexist with a smaller change in the complete sample score. This relationship
should guide how an agency interprets the accuracy gain and the calculation needed to obtain

it.
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Calibration gives the assigned response an appropriate count scale. OD loading and detector
measurements represent different trip populations and spatial coverage. The controlled response
strength, link coefficients and episode service ratio each translate a route response into the
corresponding forecast quantity. The episode results show the value of adjusting the raw ratio
before using it to estimate a local count. The remaining episode variation supports further

evaluation across different road conditions and observation locations.

4.2. Implications for Traffic Forecasting Practice

An agency can introduce the route correction alongside an existing detector forecast. The
count model supplies the recurring traffic estimate, while assignment supplies a response to
changing road costs or represented demand. A consistent mapping between modeled links and
detector locations allows the response to be interpreted at the point where a forecast is required.
Updating the usual assigned pattern is also important when the demand distribution changes

over a longer period.

Input timing determines the operational use. A published restriction supplies information
about a future road condition and permits assignment before the restriction begins. A current
assigned departure uses a recent demand estimate to describe the developing network state. The
persistent drop comparison uses the first low count and predicts the following interval. These
applications should be evaluated with the information available at their respective issue times

so that their accuracy corresponds to the decisions they support.

The forecasting backbone can remain compact. Each link requires one response coefficient,
and validation determines the global gain. Detector departure and constant bias corrections
provide useful continuing references. Comparing these alternatives helps establish whether
route loading adds enough information to justify its maintenance and calculation. The
assignment update can be retained where its contribution is consistent across dates and

operating conditions.

The long lead results support keeping the weekly profile as an anchor. Current count
departures lose influence as the target moves further ahead. A supplied future demand scenario
can still direct an additional route response toward targets that differ from their recurring pattern.
Its benefit should be assessed across several dates, demand levels and seasons, with attention

to the accuracy and availability of that demand feed.

Link level performance also matters for diversion decisions. A lower network average can

accompany errors on individual alternative roads. The predicted redistribution should be
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considered together with road capacity, local access and incoming observations. The present
comparisons evaluate flow accuracy. Operational route management would require these local

constraints and the uncertainty in restriction duration to be represented alongside the forecast.

5. Conclusion

This study developed an assignment based update for link flow forecasting in Wuxi. The
method uses changes in assigned flows to adjust an existing detector forecast, calibrates the
response scale and applies the correction during substantial assigned departures. The evaluation
combines Wuxi detector counts, OD demand and the available road network through road cost
comparisons, several forecasting backbones, persistent flow drops and longer prediction

horizons.

The findings indicate that route information is most useful when it describes a substantial
change beyond the recurring traffic pattern. Calibration allows that response to improve a
detector forecast while accommodating differences between represented trips and observed
counts. Strong assigned states give the largest benefit, and recent count models retain a useful
additional correction. The consistent direction across dates supports selective use of the route
response. The complete sample results show that its contribution depends on how frequently
those states occur.

The study covers one city over a short observation period, with OD demand and detector
counts derived from the same passage dataset. Further work should evaluate independent
demand sources across cities and seasons. Documented disruptions with measured severity and
duration would support a closer assessment of redistribution. Repeated neural model training
and evaluation with delayed or incomplete demand inputs would establish forecast stability

across a broader range of operating conditions.
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