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Abstract. Freight signal corridors combine slow heavy-vehicle responses, heterogeneous payloads, and interacting queue
spillbacks, which can make isolated eco-driving rules unreliable. A cooperative speed guidance model based on operator
learning and gated recurrent units is proposed in this paper. The branch network encodes the rolling truck trajectory, signal
plan, queue estimate, grade and payload descriptor, and the trunk network queries the future space-time position. A
Feasibility projection maps the predicted corridor speed field to bounded vehicle commands. A model was trained using 1.94
million truck-state records from 420 calibrated simulation hours and tested on unseen demand, cycle, grade, penetration
and communication conditions. In a six-intersection corridor, it reduced mean delay by 18.7%, stops by 31.4%, and energy-
equivalent consumption by 12.6% compared with unguided actuated control. Speed mean absolute error was 2.06 m/s, 10.8%
lower than the compact transformer baseline, and the 90th-percentile transferred-condition error was still 2.18 m/s. Median
roadside inference for batches of 8-128 trucks increased from 3.6ms to 21.4ms, and the 99th percentile was still below 47ms.
Heavy 34-40t trucks achieved an energy saving of 14.6%, and no projected commands exceeded the modelled red-light
envelope. The simulation evidence indicates that a queryable corridor response operator can connect signal-state prediction
with computationally feasible truck-level guidance; field validity remains to be established.
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Introduction

Urban and peri-urban freight corridors have a high proportion of heavy-vehicle traffic at close-set signalized
intersections. They operate differently from the regular passenger car; they have a slower acceleration, larger
braking loss, payload-constrained feasible motion, and a single extra stop can disrupt several following cycles.
Signal coordination has been used for a long time to create progression bands, but fixed offsets do not fully
utilize vehicle connectivity or the short-term trajectory information now available from roadside and fleet
systems [1]. Connected-vehicle messages enable individual arrival control, but the guidance should still be
reasonable when the nominal green window is congested [2]. Freight eco-driving research has shown that
anticipation speed adjustment can reduce propulsion demand [3]. However, the advantages of these often rely
on isolated-intersection assumptions or a deterministic signal phase and timing feed [4]. Corridor deployment
adds interacting queues, uncertain discharge, grade, payload and communication latency, and thus turns a
simple speed recommendation into a constrained spatio-temporal coordination problem [5].

The current guidance method computes a target arrival time and then solves a local trajectory problem.
Although the division is clear, any error in queue discharge will directly affect the command and require another
modification. Model-predictive controllers explicitly handle constraints [6], but for corridor-scale optimization
involving many trucks updated every second, it can be too slow. Reinforcement-learning approaches can learn
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policies without solving an online program [7], but the actions are difficult to interpret outside the training
distribution. Recurrent neural networks address temporal dependence in traffic conditions [8], and graph
models consider connections among intersections [9]. Recently, Lu et al. [10] introduced a different abstraction
by learning the mapping from historical functions and boundary conditions to queryable response fields, rather
than approximating a single finite-dimensional input-output mapping. This feature is beneficial for freight
corridors because the output naturally provides continuous speed recommendations in terms of future distance
and time. However, relying solely on operator learning cannot ensure temporal robustness, vehicle feasibility,
or safe queuing methods.

Therefore, the research gap is in the intersection of corridor-field prediction and feasible truck guidance. A
practical model should incorporate both long-term and short-term temporal dependencies, be conditioned on
vehicle-specific payload and power limits, query the response at any downstream location, and filter the result
by safety constraints. It should be light enough for roadside inference and exhibit failure modes under demand,
penetration, latency and signal-plan shifts. This paper introduces a freight-signal-corridor-driven cooperative
speed guidance model that combines a Deep Operator Network (DeepONet) and a gated recurrent unit (GRU).
The contributions are three testable advances: first, a branch-trunk representation that provides continuous
space-time queries rather than a fixed forecast vector; second, a GRU fusion layer evaluated through transfer
and ablation tests for rolling queue and phase context; and third, an independently auditable feasibility
projection evaluated for command smoothness, latency, and modeled signal compliance.

The remaining parts of this paper are: Section 2 reviews connected freight speed guidance and learning-based
traffic prediction, and locates the proposed approach between optimization and operator learning. Section 3
shows the corridor coordination problem and introduces the sensing, communication and safety workflow.
Section 4 introduces the DeepONet-GRU architecture, training objective and online command generator. Section
5 shows the data, baselines, predictive accuracy, operating effects, robustness tests and ablations. Section 6
presents the principal conclusions, study limitations, and directions for field validation.

Related Work

Freight corridor speed guidance

Most connected eco-driving research has used signal phase and timing information to plan a vehicle path before
an intersection. Analytical advisory systems build a feasible arrival interval and select a low-energy profile [11].
Model-predictive formulations add explicit acceleration, spacing or powertrain constraints to the idea [12]. The
load and gradient of heavy vehicles will significantly alter the available trajectory; therefore, the
parameterization of passenger cars may underestimate braking distance and energy consumption [13]. Corridor
studies add offset coordination and queue prediction, but many still solve intersections sequentially; if the first
queue estimate is wrong, the downstream advice will inherit this error [14]. These studies establish strong local
trajectory-control principles but do not fully represent interacting corridor queues as one queryable response
system.

Learning-based traffic prediction and control

Traffic prediction models have moved from recurrent sequence models to graph and attention architectures.
Jiang et al. [15] showed that GRU-based predictors are suitable for real-time traffic forecasting because of their
gated-state mechanism and relatively low computational overhead. Spatiotemporal graph networks encode
topology and correlated congestion, but fixed graphs do not directly represent a continuous query at an unseen
position [16]. Transformer predictors have increased the receptive field but require more data and memory for
roadside execution [17]. Deep operator learning maps an input function to an output function, and then
evaluates the learned response at any location [18]. It is still in the early days of cooperative driving, and few
published formulations integrate operator queries, recurrent state estimation, payload conditioning and
deterministic safety projection into a single corridor controller. DeepONet is used in this paper for continuous
space-time querying, GRU for causal history compression, and a traditional constraint layer is retained for
execution.
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Corridor Coordination Framework

Problem formulation

Consider a one-way freight corridor with six signalized intersections and a roadside coordinator that receives
detector data, signal phase and timing messages, and connected-truck states. At update time k, the coordinator
observes the last H samples of speed, position, acceleration, queue length, phase state, residual green time,
grade and communication quality. Vehicle descriptors are gross mass, power limit, rolling coefficient and length.
The control objective is not to have all the trucks reach the green light as soon as possible; instead, we wish to
create a stable speed field that balances progress, energy, comfort and queue safety over a finite horizon.

For truck i, the corridor state history is written as the multichannel function u;(7), and the queryy = (x,t)
specifies a downstream location x and future time t. The desired operator maps this history and the signal
boundary conditions to a feasible reference speed field:

G: (wi (), s(r), my) » v (x,t) Eq.(1)
This formulation separates what has been observed from where a prediction is required. Therefore, it does not
have a fixed output grid and can query a location close to a stop line densely while using coarser points between
intersections. The operating cost attributed to a candidate field includes travel time, tractive energy, stopping
and smoothness:

P
Ji = Z (tht + w.E;, + wsl{,,i‘h<0_5} + wjjfh) Eq.(2)
h=1
The weights are normalized by the training-set scale so that no term is disproportionately large due to units. A
stop is defined as motion at or below 0.5 m/s for a continuous duration of 2 s, and thus excludes short-lived
low-speed movement caused by the discharge wave.

Signal-Corridor Information Pipeline

Figure 1 presents the coordination workflow. Detector and connected-vehicle streams are first clock-aligned,
plausibility-checked and then placed in a queue estimator. A corridor tensor then combines phase trajectories,
predicted discharge, truck states, payload descriptors, grade and link occupancy. DeepONet-GRU model queries
this tensor at candidate space-time points. A constraint projector verifies the learned speed field against vehicle
kinematics, car-following headway, red-light compliance and emergency-braking distance prior to command
emission. Vehicle acknowledgements and realized trajectories return to the state estimator to form a closed
loop, rather than an open-loop advisory. Separation of learned prediction and deterministic projection can also
keep the projector active when the model's confidence drops below the deployment threshold.

Corridor State DeepONet-GRU Guidance
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Figure 1. Closed-loop freight signal corridor coordination workflow from sensing and phase prediction to DeepONet-GRU field inference,
feasibility projection, vehicle guidance, and feedback.
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Feasibility and Safety Layer

The deterministic projector clips the raw recommendation using vehicle-dependent acceleration and
deceleration limits. A jerk limiter avoids a sudden change in the previous update, and a queue envelope limits
the reachable position when the predicted back of the queue is upstream of the stop line. Let d, denote the
distance to the effective queue boundary and T, the response delay. The admissible speed must satisfy

vE < 2bf*max(0,d, — vy Ty — do) Eq.(3)
If a bound is exceeded, the reference is projected onto the nearest admissible speed and kept below the red-
phase approach envelope. The coordinator also has a freshness constraint; signal messages older than 1.5s and
vehicle messages older than 2.0s are no longer considered for green-window targeting. A conservative car-
following fallback then substitutes the learned recommendation. Thus, the communication breakdown will be a
planned decline in the goal of guidance, not an unplanned spread.

Coordination of multiple guided trucks is done by ordered reservations rather than independent green window
selections. The queue estimator predicts the departure time of each vehicle rank, and then the coordinator sets
a soft arrival window with a width that considers the uncertainty in saturation flow. A downstream truck will be
eligible for the same green window if its expected headway remains above the payload-dependent threshold
during the approach. Otherwise, it is shifted to the next admissible band. This rule prevents the learned speed
field from compressing several trucks into an infeasible platoon merely because their recent histories are similar.
Reservations are recalculated after every accepted message, but an already issued band will not be displaced by
more than 3s in one update unless the signal plan changes or the safety envelope shrinks.

The safety layer is intentionally independent of the neural network weights. The inputs and decisions are logged
as human-readable reason codes: acceleration bound, stopping distance, stale message, queue occupancy, red
envelope, leading-vehicle headway, or low confidence. Separation can be used to verify and strengthen some
rules for a corridor operator without retraining the prediction model. It will have a reasonable deployment area.
The neural component proposes a desirable field, while the projector verifies only that the immediate command
lies within the modeled admissible set; it does not constitute a general safety certification. Long-term safety will
still need several state updates, conservative fallbacks, and the vehicle's on-board collision-avoidance system.
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Figure 2. DeepONet-GRU architecture with temporal branch encoding, static truck-context fusion, continuous space-time trunk queries,
queue residual head, and constrained command output.

DeepONet-GRU Guidance Model

Branch-Trunk Representation

Figure 2 shows the proposed architecture. The branch pathway contains two encoders. A GRU is used to process
theH-step corridor sequence, and a multilayer perceptron embeds the static truck attributes and signal-plan
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descriptors. The two resulting vectors are fused by a gated context-fusion module. The trunk network encodes
the normalized position, prediction time, distance to the next stop line, local grade and phase-cycle coordinates.
Branch and trunk outputs share a latent dimension p, and their inner product is used to define the speed-field
value at any query point.

For hidden state h;, and input z;, the GRU update is

hy =1 —-1) O hy_y + 1, O tanh[Wyz; + Up(gx © hy_1) + by] Eq.(4)
Here, 1y, is the update gate and g, is the reset gate. The DeepONet output for query y is then expressed as

P
01 = Vim0 | Y By, 50Ty ) + b £a.(5)
q=1
Before the feasibility projection, the sigmoid function constrains the original field through link speed limits. A
small residual head predicts the queue boundary error and is only used to move the safety boundary; it does
not directly increase the commanded speed.

Temporal Fusion and Training

Training samples are rolling windows taken from corridor episodes. Connected-vehicle messages are randomly
masked so that the GRU learns to use detector and signal context when connected-vehicle penetration is low.
Payload, demand and cycle settings are stratified by mini-batch. The supervised target is obtained from a
constrained trajectory optimizer using realized queues, and an auxiliary head predicts queue positions over
horizons of 30 to 120 s. The training loss is:

L= lI9 = vPly + 211G — qlls + 2cPeons + Asl1AD|13 Ea.(6)
The consistency penalty @, discourages speed fields that imply position reversal or red-light crossing. Training
uses AdamW, early stopping based on corridor-level validation episodes, and cosine learning-rate decay.
Hyperparameters are selected based on the validation scenario, not the reported test conditions. Therefore, the
scenario-specific tuning should not be regarded as transfer ability.

Sensor channels are standardized based on robust statistics calculated only from the training set, and phase time
is shown in sine and cosine coordinates to prevent a discontinuity at cycle rollover. Missing values contain both
an imputed value and a binary observation mask. The sequence encoder contains two GRU layers with 96 hidden
units. The branch and trunk projections each have three 128-unit layers and produce p = 96 latent coefficients.
Static mass and power descriptors pass through a 32-unit embedding before gated fusion. The above dimensions
were chosen from a bounded validation search with latent widths of 48 to 160 and one-to-three recurrent layers.
Larger models improved the training error but had little transfer gain and increased roadside latency.

To reduce the mismatch between optimizer targets and executable commands, the last third of the training adds
projected targets generated from perturbed queue and latency estimates. The network thus observes cases
where the nominal optimum cannot be realized exactly. Gradient clipping at 1.0 prevents destabilization of the
recurrent encoder caused by occasionally saturated episodes. Each mini-batch contains complete, partially
masked and delayed-message versions of the same corridor episode to promote a common latent state rather
than separate behaviors for individual communication conditions. Validation stopping uses a combined score of
speed error, queue error and projected red-envelope violations, and thus a numerically precise but operationally
fragile checkpoint is rejected.

Online Command Generation

At every 1 s control update, the trunk network evaluates 24 candidate query points over the next 120 seconds
and the next two stop lines. Cubic Hermite interpolation is a smooth local curve, and the earliest feasible arrival
window is selected only if its predicted queue-clearing probability exceeds 0.80. The command sent to the truck
is the first part of the projected profile:

vf}{"d = I,k [aﬁi(xi,k +v; Atk + 1) +(1- a)vf_;("d'_] Eq.(7)
Here, Il ) denotes projection onto the vehicle-specific feasible set, and @ = 0.35 suppresses command
oscillation. The roadside unit returns a target speed, validity horizon, confidence value, and reason code. A
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driver-oriented implementation will show a rounded speed band instead of an exact number. The experiment
isolates the controller's behavior from the driver interface effects by using the centerline command.

Experimental Evaluation

Data and experimental design

A microscopic corridor testbed was established at a 7.8 km industrial arterial with six coordinated intersections
and link grades ranging from -2.1% to 3.4%, and a 70 km/h limit. The dataset has 420 simulated hours and 1.94
million truck state records, and these have been divided into episodes of 70% training, 10% validation and 20%
testing. The range of truck gross mass was 12-40 t, the cycle length was 80-140 s, the freight demand was 180-
620 veh/h, and the connected penetration ranged from 20% to 100%. Calibration followed observed link travel-
time distributions and queue maxima rather than a single mean statistic [19]. Emission-equivalent energy was
calculated based on tractive power and idle consumption; it is more sensitive to truck mass and grade than a
distance-only factor [20].

The two-part distribution view in Figure 3 is the data context for the model. As shown in Figure 3(a), the 12, 20,
28, 34 and 40 t payload-class samples across the five demand bands show a median-speed decline from 15.8 to
11.4 m/s and a 90th-percentile queue increase from 74 to 286 m as demand rises. Figure 3(b) pairs hourly
demand density with green-ratio and grade distributions: 62% of the samples are between 300 and 500 veh/h,
the green ratio is 0.34-0.61, and uphill observations reach 3.4%. The split retains rare high-mass, high-demand
combinations in the test set to avoid an easily achieved evaluation [21].
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Figure 3. Experimental data distributions: (a) speed and queue statistics across truck-mass and demand classes; (b) joint demand density,
green-ratio distribution, and corridor-grade coverage.

The baselines comprise actuated signals without guidance, green-light optimal speed advisory (GLOSA), corridor
model-predictive control (MPC), GRU, spatiotemporal graph convolution (STGCN), and a compact transformer.
All learning models use the same history and descriptor input; only their function approximators differ. The
primary performance indicators are speed MAE, queue MAE, corridor travel time, stops, energy-equivalent
consumption, jerk RMS, hard braking and roadside inference latency. Ten random seeds and their bootstrap 95%
confidence intervals are shown. Network performance is calculated for all vehicles, and speed-error indicators
are only available for connected trucks [22].

The corridor is simulated at a 0.1 s resolution, detector measurements are aggregated every second, and advice
is refreshed at the same 1 s interval. Training windows have a history of 60 s and a prediction context of 120 s.
The demand has a non-stationary arrival process with shift changes, lunch peaks and stochastic platoons
released from an upstream junction. Lane 1 is for passenger cars, rigid trucks, tractor-trailers and occasional
buses. Only freight vehicles are given advice; all classes contribute to the queue and occupancy estimates. Lane
changes use calibrated gap acceptance, and a 7% fraction of unequipped vehicles show slow-response driving
to stress the discharge prediction model.

Evaluation scenarios are blocked by day and a random seed to prevent neighboring windows from leaking
between training and testing. Five scenario families test nominal operation, unseen cycle plans, grade transfer,
reduced penetration and delayed messages. Each family has at least 120 episodes, and all baselines receive the
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same vehicle arrivals, signal randomization and incident perturbations. Paired comparison therefore removes
some of the variance due to random demand. Confidence intervals are based on episode-level differences, not
individual one-second samples, as adjacent samples share the same queue evolution. This episode-level
construction produces wider but more defensible uncertainty intervals.

Predictive and operational performance

The three-view accuracy assessment in Figure 4 distinguishes between average error and calibration/spatial
failure. Figure 4(a) shows the speed MAE, with DeepONet-GRU at 2.06 m/s; the others are 2.31 m/s
(transformer), 2.48 m/s (STGCN), 2.73 m/s (GRU), and 3.18 m/s (GLOSA), and the error bars across seeds are
0.07-0.16 m/s. Figure 4(b) is the horizon-wise queue MAE: The proposed model is 7.8 m at 30 s and 22.6 m at
120 s; the Transformer is 27.9 m and the GRU is 34.7 m. Figure 4(c) shows the predicted and realized speeds, a
slope of 0.96, R?>=0.91, and a 90% prediction band that widens near queue discharge. The remaining
underpredictions above 18 m/s represent relatively conservative high-speed cases and not unsafe queue
approaches [23]. This combination of low average error and stable calibration supports reliable speed-field
estimation across both free-flow and queue-transition regimes.

(a) Speed error across methods (b) Queue error growth with horizon
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Figure 4. Predictive performance: (a) speed MAE with seed uncertainty; (b) queue MAE versus prediction horizon; (c) predicted-versus-
realized speed calibration and 90% band.

Operational outcomes appear in the four-part Figure 5. Figure 5(a) shows mean corridor travel times of 694 s
without guidance, 641 s for GLOSA, 612 s for MPC, 585 s for the transformer, and 564 s for DeepONet-GRU; the
proposed reduction is 18.7%. Figure 5(b) gives stops per trip of 4.33, 3.72, 3.18, 3.11, and 2.97, respectively, so
the proposed model removes 31.4% of baseline stops. Figure 5(c) displays energy-equivalent consumption by
mass class: savings relative to no guidance are 9.4%, 11.8%, 13.1%, and 14.6% for 12—-18, 18-26, 26—34, and 34—
40 t trucks. Figure 5(d) presents travel-time cumulative distributions; the median shifts from 676 to 552 s and
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the 90th percentile from 842 to 687 s. The larger tail improvement is consistent with queue-spillback avoidance
rather than uniform cruising alone [24].

(a) Corridor travel time (b) Stop suppression
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Figure 5. Corridor outcomes: (a) travel time by method; (b) stops per trip; (c) energy-equivalent consumption and savings by mass class; (d)
travel-time cumulative distributions.

Comfort and execution cost are shown in the two-part Figure 6. Figure 6(a) combines jerk RMS, hard-braking
frequency, and speed-command revision magnitude; DeepONet-GRU records 0.41 m/s3, 0.18 events/trip, and
0.74 m/s, compared with MPC values of 0.52, 0.24, and 1.02, respectively. Figure 6(b) presents the distribution
of roadside inference latency for fleet batch sizes of 8-128 trucks; the median latency increases from 3.6 ms to
21.4 ms, while the 99th percentile remains below 47 ms at 128 trucks. The compact Transformer exceeds 100
ms at that batch size. Since the deployment update interval is 1 s, the proposed implementation retains a
substantial computational margin after message decoding and feasibility checks [25]. These results demonstrate
that the model improves command smoothness without compromising the real-time responsiveness required
for corridor-scale deployment.

Pairwise significance tests extend the scale comparison. Compared with the strongest learning baseline, the
proposed model has reduced travel time per trip by 21 s (95% confidence interval: 16-27s), energy-equivalent
consumption by 3.7% (2.9-4.5%), and command revision magnitude by 0.19 m/s (0.14-0.24m/s). The two
strengths are at the second and fourth intersections, and the upstream release patterns are short-storage links.
All learned models behave similarly on the longest link because the available cruise distance accommodates the
arrival error. Therefore, queue prediction is more suitable for areas with a small recovery space, and this spatial
interpretation is more informative about infrastructure placement than a corridor-wide average.

The no-guidance and GLOSA cases show a secondary travel-time mode near 810s, which occurs because trucks
miss two consecutive progression bands after a long first stop. That mode is weak under MPC and missing in
DeepONet-GRU. Inspection of the individual traces shows that the proposed model sometimes accepts a 9-14s
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slower arrival at the first intersection to keep a reasonable band across the next two. A local advisory generally
moves towards the first green light and then brakes at the downstream queue. The operator formulation learns
the downstream effect without listing individual band combinations online, and the projector avoids using
unrealistically sharp acceleration in the field.

(a) Comfort and command stability (b) Roadside inference scaling
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Figure 6. Execution characteristics: (a) jerk, hard braking, and command revisions; (b) median and tail inference latency across fleet batch
sizes.

Robustness, ablation, and operational interpretation

Robustness and component effects are summarized by the four-part Figure 7. Figure 7(a) shows delay reduction
across connected penetrations of 20%, 40%, 60%, 80%, and 100%: 6.1%, 10.4%, 14.2%, 17.0%, and 18.7%. Figure
7(b) reports speed MAE under 0, 0.5, 1.0, 1.5, and 2.0 s communication delays; it remains below 2.50 m/s
through 1.5 s and reaches 2.83 m/s at 2.0 s, where freshness fallback activates more frequently. Figure 7(c) is
the single heat map in the figure set and gives energy savings over demand—mass cells, ranging from 5.8% in
low-demand light-truck traffic to 15.2% for heavy trucks at 500 veh/h; savings fall to 11.9% at 620 veh/h because
saturated queues reduce arrival flexibility. Figure 7(d) gives the ablation radar and numeric annotations:
removing the GRU raises speed MAE by 21%, removing trunk queries raises queue MAE by 17%, removing
payload conditioning reduces heavy-truck energy savings by 4.1 percentage points, and removing the projection
multiplies red-envelope violations from 0.03 to 0.41 per 100 trips [26].

Demand transfer was assessed by withholding one cycle-length family and the highest-grade band during
training. DeepONet-GRU achieved an MAE of 2.18 m/s and a delay reduction of 15.3%, and was better than the
transformer's 2.64 m/s and 11.2%. Operator queries appear to interpolate the response field more effectively
than a fixed 24-step decoder, especially at irregular intervals of stop lines. However, the advantage decreases
with full saturation, and no model can form a feasible green window after the spillback covers the upstream link.
The boundary is operationally necessary; otherwise, the confidence gate would drive the controller towards safe
gueue following instead of providing unattainable progression advice [27].

Paired-episode analysis shows that 71% of the energy reduction is due to avoiding acceleration after stops and
29% to smoother speed regulation at signals. The effect increases with mass, and time savings are relatively
uniform across payload classes. The model does not materially disadvantage unequipped vehicles in the
simulated scenarios; at a 60% penetration rate, connected trucks reduce the average delay for discharge
oscillations by 7.6%, but lane change may not achieve the same result in a highly heterogeneous environment.
Across all 840 test episodes, no red-light crossing occurs after projection, and the minimum simulated time-to-
collision is still above 2.1 s. The above observations support deployment as a roadside advisory with an explicit
safety layer, and field trials still need to address driver compliance, positioning bias, and mixed-fleet
communication behavior [28].

Sensitivity to the confidence threshold shows a typical operating trade-off. Lowering the queue-clearance
threshold from 0.80 to 0.65 increases the nominal delay reduction from 18.7% to 20.1%, but hard braking rises
to 0.29 events per trip and red-envelope projection is activated 46% more frequently. Set it to 0.90 to reduce
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hard braking to 0.15 events per trip, but lose 2.8 percentage points in delay benefit. Therefore, the selected
value is an engineering operating point rather than an accuracy hyperparameter. The road authority can increase
the conservatism without altering the learned weights, and the logged projection rate indicates how far the
model is from matching the actual traffic conditions at present.

Failure inspection focuses on cases exceeding the 95th percentile of speed error. Forty-three percent involve an
unobserved lane blockage, 31% arise from abrupt platoons entering between detectors, 17% combine maximum
grade with a 40-t truck, and 9% reflect signal-message delay beyond the freshness limit. The first two groups
have errors mainly due to queue location, not free-flow speed. Providing perfect blockage information recovers
about half of the lost delay benefit; thus, sensing coverage is the primary solution. More detailed powertrain
states are required for the heavy-uphill group, as gross mass and rated power do not indicate gear selection or
thermal derating. The latency group is already limited by fallback, and its direction is less effective.

(a) Benefit under partial penetration (b) Latency robustness and fallback
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Figure 7. Robustness and ablation: (a) benefit versus connected penetration; (b) speed error under communication delay; (c) demand-—
mass energy-saving heat map; (d) normalized component-ablation radar with safety annotations.

Conclusion

This paper proposes a freight-signal-corridor-driven cooperative speed guidance method that combines
DeepONet with GRU temporal encoding and a deterministic feasibility projection. The formulation learns a
gueryable corridor response operator from rolling signal, queue, vehicle, grade and payload information, and
converts the predicted field into stable truck commands. The experiments examine predictive accuracy, corridor
efficiency, comfort, latency, connected penetration, communication delay, demand transfer, and component-
level ablation. The above evidence supports the application of corridor-state prediction and vehicle-level
guidance in operator learning. The Structure also separates the data-driven prediction and rule-based execution;
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therefore, transport authorities can modify safety constraints, confidence thresholds or communication policies
without retraining the entire model.

The study relies on a calibrated microscopic environment, centralized roadside coordination, and modeled driver
behavior rather than field observations. Rare cases, bad weather, detector failures and complex multi-lane
interactions were only shown as bounded perturbations. The energy model has included mass, grade,
acceleration and idle but does not cover all powertrain control modes. The feasibility projector also guarantees
that it meets the modelled envelopes and does not certify safety under all physical and behavioral uncertainties.
The experiments also assume correct vehicle identification and payload information. In field deployment,
inaccurate mass estimation, map errors, delayed signal-controller updates and inconsistent driver responses can
all reduce prediction accuracy and stability of cooperative arrival assignments.

Future work will carry out hardware-in-the-loop and field tests of heterogeneous diesel, battery-electric and
human-driven fleets. Distributionally robust operator training can assess the confidence of unseen incidents and
weather, and federated adaptation may update corridor models without centralizing proprietary fleet data. A
decentralized vehicle-roadside implementation and formal reachability analysis are also required before safety-
critical deployment. Future extensions should coordinate lane selection and charging constraints and connect
tactical guidance with network-level freight scheduling. Other research will explore interpretable uncertainty
decomposition, corridor-to-corridor transfer with limited calibration data, and incentive mechanisms to
promote participation by competing freight operators.
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