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Abstract: This paper presents a hydrogen-efficient eco-driving and eco-routing strategy for
fuel-cell electric vehicles (FCEVs) that simultaneously optimizes the path selection and speed
trajectory planning in presence of traffic and terrain uncertainty. In contrast to traditional path
search, which focuses on either minimizing distance or time, the provided approach optimizes
hydrogen consumption while considering travel time and stack compatibility through connection
of route-level energy model with predictive vehicle dynamics. Candidate route is constructed
based on an enriched road map with grades, speed limits, signalize intersections and
stochastically varying traffic states. A constrained eco-driving planner computes, for every
segment of the road network, a speed profile compliant with safety and comfort bounds (among
them limits on acceleration/jerk), respecting the speed regulation constrains and emitting stop-
and-go if necessary, based on traffic forecast. A multi-objective optimizer (NSGA-I1/MOPSQ)
generates a Pareto set of optimal route—speed solutions providing trade-offs between minimizing
hydrogen consumption, time trip and powertrain stress proxies associated to fuel-cell
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degradation (i.e., fuel-cell’s power slew and low-load idling duration). On line, when traffic
conditions are found different from the predicted one, a lightweight receding-horizon update of
the selected Pareto solution guarantees feasibility and robustness. Simulation results on mixed
urban-highway networks under uncertain congestion and variable terrain demonstrate that the
proposed eco-routing with eco-driving leads to 7-15% reduction in hydrogen consumption over
time-optimization planning and 4-10% lower than that of speed-unconcerned eco-routing (the
same percentage improvement is observed in terms of CO2 emissions), while achieving
comparable arrival times (typically within 2-6%). The technique also reduces hostile fuel-cell
transients and ancillary load, increasing a payload stress index by 10-25% relative to baseline
cruise-control techniques. We conclude that integrating multi-objective route planning and time-
dependent predictive eco-driving may provide efficient hydrogen savings and durability
advantages to FCEVs formulations in uncertain realistic traffic conditions.

Keywords: Fuel-cell electric vehicles (FCEVs), Eco-driving, Eco-routing / route planning,
Multi-objective optimization (Pareto front), Traffic and terrain uncertainty, Hydrogen
consumption minimization.

I.INTRODUCTION

Hydrogen FCEVs are seen as an attractive option for decarbonising (high utilisation) passenger and commercial
transport, due to fast refuelling combined with long range and the benefit of zero tailpipe emissions. The real-world hydrogen
consumption of an FCEV, however, can be drastically affected by its drive and routing conditions: Speed transients, stop-
go driving patterns, grade or congestion shift the operating point of the fuel cell system as well as its balance-of-plant (BoP)
(air supply and humidification/cooling) and can require inefficient or otherwise durability-limited operation. Therefore,
“hydrogen-efficient mobility” is not simply a component- level powertrain design issue, but it has already become a complex
system-level optimization problem involving route selection (eco-routing), speed/trajectory planning (eco-driving), and
supervisory energy management (power-split and transient buffering). Recent eco-routing studies underline the fact that
energy-optimal routing heavily relies on (i) the accuracy of link energy models, ...., and multi-objective trade-offs between
energy consumption, travel time, assignment reliability, and even emissions [1]. Meanwhile, FCEV management studies
reveal that the real performance depends on the coordination of fuel cell with auxiliary storage (battery/supercapacitor) and
proper treatment of constraints which preserve efficiency and stack life, as well as taking account of uncertainties in demand
and environment [2]. Energy consumption modelling is a fundamental enabling technology through these layers. For
hydrogen vehicles, reduced-complexity yet accurate trip- or link-level energy models based on speed, acceleration, and grade
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are becoming more common in transportation optimization as they can be integrated into routing and online control yet
remain computationally manageable [3], [4]. More predictive eco-routing and eco-driving can be achieved using, on the one
hand, connected-vehicle and infrastructure information (e.g., SPaT, probe trajectories, map-grade), often formulated as an
optimal control or receding-horizon MPC problem [5]-[7]. The larger payload of connected-and-automated eco-driving
literature also indicates a tendency to combine speed planning with powertrain/energy management, since the “‘best’” velocity
profile is not stand-alone and relates to how the vehicle could provide traction power in an efficient and safe manner [8].

Despite noteworthy advances, the FCEV's H-efficient eco-driving and routing problem under realistic traffic and
terrain uncertainty is still challenging. The sad fact is that the controls which "save™ hydrogen (smooth velocity, light braking,
grade conscious pace setting, early & anticipation acceleration) are exactly what are most violated by uncertain stop torping
signals, queuing effect / cut-ins and stochastic speed authorities. In the context of routing, a link that is “average” optimal in
terms of energy consumption may be very poor if the variance in travel time leads to stop— go oscillations and a slightly
longer route could achieve lower hydrogen by achieving steadier flow. At the eco-driving layer, decisions made with perfect
knowledge of future signal phases or preceding-vehicle behavior are inoperative or unsafe if that preview is incorrect. In this
uncertainty context, optimization has to jointly handle trade-offs such as: minimize H 2 consumption; allow acceptable travel
time; consider drivability and comfort constraints (speed, acceleration, ); and—specific of FCVs—avoid operating
conditions leading to fuel-cell premature degradation (e.g., aggressive current transients and repeated starvation/humidity
cycling indirectly driven by load oscillations). This joint nature is well understood in related work of connected eco-driving.
For example, strong formulations have been proposed to address uncertain signal timing with chance constraints [3] and
dynamic programming to minimize fuel while controlling the intersection-violation risk [5]. Predictive eco-driving-based
MPC framework endowing road geometry and traffic control models explicitly under uncertainty through real-world
SPaT/trajectory data has been explored [6]. In the area of FCEV-focused studies, where eco-driving and energy management
are formulated as dependent problems, the hierarchical or bi-level decompositions have been proposed to provide tractable
formulations accounting for powertrain constraints [9]. Meanwhile, eco-routing under uncertainty has introduced risk-aware
and reliability-aware formulations of the problem that model travel time and energy consumption as stochastic rather than
deterministic link costs [10], [11]. These simultaneous threads drive a single FCEV formulation to minimize route + speed
+ powertrain decisions with an explicit introduction of uncertainty in the system, rather than treating it as noise.

Challenges in addressing the issue are as follows: (1) Uncertainty is multi-sourced and -scaled. LTI uncertainty
stems from signals, incidents (and other vehicles) and inter-action (with preceding vehicles, lane changes), terrain-associated
uncertainty includes errors in the map being used, grade discretization or weather-exerted changes in rolling resistance. These
uncertainties operate at various time scales—seconds (cut-ins), minutes (signal offsets) and tens of minutes (shifts in route-
level congestion regimes). Strong eco-driving around signals can also be formulated (e.g., chance constraints over possible
passing windows) [5], however, when scaled to the level of a route and the level of the entire FCEV powertrain model this
becomes quite complex. (2) Energy models are either too simplified for FCEVs or too costly for routing/control. Many of
the historical formulations have utilized distance- or speed-based surrogates, while efficiency properties for FCEVs are
related to stack power, compressor load, and hybridization strategy. Tractable hydrogen consumption models on the road
have been enhanced by means of speed/accel/grade inputs with validated error bounds [3], [4], but capturing stack/BoP
overhead phenomenalous (or what stands for it) in routing may still get into troubles to create a 'hard' optimization, whilst
working at city-scale level grids. (3) Multi-objective structure and nonconvexity make the calibration challenging. The
hydrogen economy faces off against travel time and robustness. The eco-routing study also concludes that to yield real-world
solutions there is a need for multi-objective formulations (based on energy and time) as well as metaheuristics or
approximations to scale up [1], [12]. In the case of connected eco-driving, other (eco-)system objectives/requirements such
as energy/time/comfort/safety are targeted and adding the FCEV-specific durability terms (e.g. current slew/load cycling)
further complicates weighting/tuning. The fixed-weight solutions are prone to be brittle when the environment changes (e.g.
rush-hour vs off-peak, dry vs wet roads) and this motivates Pareto-based approaches and adaptive selection rather than static
scalarization. (4) Speed planning must be coupled with energy management and this coupling is critical yet very difficult. It
has been shown in a number of works that separating speed planning from energy management is not always optimal. For
hybrid and fuel-cell vehicles, cooperative/hierarchical strategies have been proposed for joint velocity and power split
optimization including, in [13], fuel cell degradation effects; while [14] treats vehicle-to-vehicle connected scenarios with
traffic flow prediction. Another demonstration of this tight coupling is seen for connected fuel-cell hybrid vehicles at
signalized intersections by bi-level convex approaches, which strive to maintain the computational tractability [9]. Yet, there
is a gap extending such working to general route planning with uncertain traffic. (5) Performance improvement with data-
driven prediction comes at the price of distribution shift. Traffic prediction techniques (LSTM/GNN and hybrids) may
increase the accuracy of speed field and congestion regimes forecasts which in turn could be used for better eco-routing/eco-
driving, but again predict errors or distribution shifts (new events not seen during training), can downgrade optimal-control
performance [7]. This generates formulations which perceive prediction as uncertain information (e.g., scenarios sets, chance
constraints), instead of truth. (6) The web scalability limitations drive methods towards heuristics, that can loose guarantees.
Route replanning and speed advice happens in real time, under constrained compute and communications. Bandit-based
online eco-routing (learning link energy costs on the fly) is a promising option for unknown environments [15] but usually
without detailed FCEV constraints or durability proxies inside. On the other hand, high-fidelity MPC/DP eco-driving may
not generalize to network-wide routing without decomposition or approximation.
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Eco-routing (deterministic — stochastic/risk-aware). Recent eco-routing can be understood as a shortest-path
problem on energy-weighted graphs with time-dependent costs and possibly charging or refuelling constraints. Five
dimensions are identified in a systematic taxonomy: energy estimation models, routing goals, classes of algorithms applied,
manner in which time-dependent/uncertain queueing is faced [1]. Stochastic eco-routing models are formulated with explicit
representation of randomness in energy costs which consider the stochastic control in avoiding routes where the probability
of energy overflow is high [11].

Double-objective formulations with robustness Against speed variability (RoSV) optimize for both the travel time
budget and the fuel/energy budget when they are treated as stochastic by looking for short yet reliable paths [10]. Online
learning algorithms like combinatorial multi-armed bandits, model link energy cost as an unknown value and learn it by
frequently using the links, thus achieving real-time improvements without any prior calibration [15]. At fleet-level,
metaheuristics in conjunction with commercial energy predictors have been tested on real traffic networks, showing that
significant amounts of energy can be saved by considering the routing according to energy-awareness to just based on distance
[16]. Eco-driving (optimal control/MPC/robust/RL). It is well-known that the eco-driving on intersections and road corridors
can be straightforwardly established as the optimal control with lookahead of signals and traffic, while MPC based eco-
driving for urban roads belongs to one classic method in this category for utilizing foresighted traffic states and constraints
[17]. Recent Stochastic signal timing is explicitly accounted for in demand prediction in this case chance constraints are
employed to minimize violation risk [5]. Data driven predictive eco-driving model predictive control uses real-world
connected vehicle trajectories and SPaT data in optimizing energy efficient speed in the presence of uncertain conditions as
well as road geometry [6]. Literature studies in the field of renewable/sustainable transportation amalgamate these different
approaches and highlight an increasing link between eco-driving and energy management particularly for powertrains with
electrification [8]. Reinforcement-learning eco-driving policies can accommodate continuous action and partial observation,
however, ensuring safety (i.e., constraint enforcement) could be problematic if we do not apply the safe learning framework
or constraint-aware layers [18]. Accelerated velocity profile planning and energy management of fuel-cell based hybrid
vehicles. Eco-driving has been increasingly being perceived as a coupled problem with the FCEV/FCHEV literature taking
on this paradigm: speed profile determines traction power demand which defines operation of stack/battery whose
performance goes back to energy and durability. Coefficient-Constrained CS-VSP for FCHEVs Based on Signalized
Intersections To reduce computing burden under consideration of the coupling, bi-level convex problem formulations have
been developed for connected FCHEVs based on signalized intersections in [9]. Cooperative optimization devices have been
developed that combine the velocity planning and energy management considering fuel-cell hybrid buses driving through
several intersections and stations with equivalent hydrogen consumption as an economic measure [19]. In [14], hierarchical
intelligent energy-saving strategies for fuel-cell hybrid buses were also proposed with the consideration of traffic flow in
order to increase the robustness in connected environments. Co-optimization methods that are degradation-aware (e.g.,
hierarchical MPC with fuel-cell degradation proxies) illustrate the importance of incorporating terms for durability into an
optimization formulation rather than treating it as a secondary concern [20]-[23]. These works confirm the key message of
this paper: that optimal decisions in, hydrogen systems must take into account both route, speed and powertrain constraints
(also) under uncertainty.

Motivated by the above shortages of literature, we formulate hydrogen-efficient mobility for FCEVs as a multi-
objective uncertainty-informed co-optimization problem that couples eco-routing and eco-driving together with FCEV-
aware energy modeling. The main contribution is a model that: Joint optimizes route choice and speed guidance using a
hydrogen consumption model with terms for speed, acceleration and grade (and with optional hybrid-aware corrections),
which permits network-scale evaluations that are more manageable [24], [25]. Considers traffic and terrain predictions as not
known with certainty, leads to scenario sets or probabilistic constraints in order for the recommended route/speed plan to be
feasible and close-to-optimum under changes of traffic regimes that occur (signal offsets, queue spillback, stop—go waves)
[26]-[28]. Uses multi-objective optimization (Pareto-front calculation) to circumvent the delicate tuning of fixed weights,
and directly exposes the trade-offs between hydrogen consumption, travel time and reliability/robustness (variance-sensitive
measures). This is consistent with eco-routing classifications, which highlight that multi-objective and time-dependent
formulations are required in real-world applications [29]. Allows online adaptation by repeated selection of Pareto-efficient
solutions as the environment evolves, possibly relying on lightweight learning modules (e.g., online link energy cost
estimation [15], or traffic predictions [7]) yet preserves feasibility by constraint-aware planning at each update. Goes beyond
a BEV-centric eco-routing approach by considering both hydrogen use and FCEV operating realism, either accounting for
durability cost or constraints already at the mission-planning step whenever hybrid operation or stack stress proxies are
available (driven by degradation-aware FCHEV co-optimization works [30]). To summarize: we are not “just another eco-
routing algorithm”, but rather an end-to-end FCEV centric approach which attacks the real reason that hydrogen economy is
hard in practice: variability of speed/power due to uncertainty and the efficiency/durability trade-offs this causes.

Il. THE PROPOSED HYDROGEN-EFFICIENT ECO-DRIVING AND ECO-ROUTING OF A HYBRIDIZED
FCEV UNDER TRAFFIC AND TERRAIN UNCERTAINTY
Figure 1 shows the overall system of eco-driving and eco-routing for FCEVs which takes network information and
uncertainty-aware prediction, and a tractable model of FCEV hydrogen-consumption into one processing pipeline. The
workflow starts from the left, with road-network and environmental descriptors leading to traction demand and possible
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driving behavior. The road graph is complemented by digital-map features like link lengths, curvature and maximum speed,
locations of intersections and — most importantly for hydrogen economy — high-resolution grade profile. These grade profiles
become equivalent gravitational load term which directly reduces or raises wheel power demand for ascent and descent
condition of road and thus shaping the operating point of powertrain. Concurrently, the traffic layer offers time-variant speed
fields and signalized-intersection delay features expressed as probabilistic predictions (rather than deterministic values), so
as to consider congestion uncertainty, stop—go waves, and queue spill over. The map and traffic modules jointly determine
the candidate routes and the stochastic constraints imposed on the eco-driving planner. In the middle of the figure, The
FCEV hydrogen-consumption model acts as a link between traffic/terrain inputs to route-level optimization. At the network
level of realism, a low-order model is used to translate speed and acceleration profiles into traction power using longitudinal
vehicle dynamics. The tractive effort is calculated from the inertia term (mass x acceleration), aero drag, rolling resistance,
and a grade-induced component (mass x gravity x sin(grade)). Wheel power is obtained by multiplying with the vehicle
speed and transformed by the drivetrain efficiency to get an electrical power demand, at the DC bus. To satisfy this power
demand, the two sources of motive power are hybridized; the fuel-cell stack delivers constant-power-mode operation with
high efficiency, while a battery is used to level off fast transients and regain energy during braking. Hybridization is described
by power-split logic or an optimization-based allocation which takes into account the SOC limits of the batteries, and limit
on charge/discharge power, as well as fuel-cell ramp rate constraints. This representation is important, since the gains from
eco-driving frequently are not just in reducing average traction power, but also as a reduction of higher-frequency transients
that would have otherwise caused less efficient transient operation or increased auxiliary loads on the fuel cell. The hydrogen-
consumption estimate is produced by multiplying the fuel-cell net power envelope with an efficiency map (or equivalently-
hydrogen consumption map) that converts stack power to hydrogen mass flow, optionally modified with auxiliary/BoP
consumption considerations as appropriate. If not modelled at full thermal—-water fidelity, BoP is still taken into account with
power-dependent and airflow-dependent penalty to prevent the route evaluation from rewarding operating points which are
potentially efficient electrically but with a high auxiliary demand. The software box also shows how regenerative braking
and forts downhill sections are managed: negative wheel power is recovered to the battery within regen limits, lowering the
subsequent fuel-cell load (and hence hydrogen usage) but only if SOC headroom exists—hence the reason of inputting SOC
dynamics in a network-wide optimization. The multi-objective optimization block on the right-hand side of Figure 1 exploits
these models to produce actionable decisions. Candidate paths are initially computed (e.g., k-shortest path or constrained-
path alternatives), and for each path a set of constraints including speed limits, acceleration and jerk constraints (comfort),
safety constraints (e.g., car-following minimum distance conditions if modelled) as well as intersection crossing conditions-
induced by signals or traffic-is addressed by a Constrained Eco-Driving Planner to find an admissible speed profile. Due to
the imprecise prediction of traffic and signal timing the planner integrates possibility margins or scenario-based analysis to
keep the speed trajectory feasible under mispredictions. Each route—speed is then evaluated by the multi-objective engine
using performance measures, which may include total hydrogen consumption, expected travel time (with perhaps variance
for reliability), and proxies related with durability such as fuel-cell power slew or stop-start frequency.
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Figure 1. System under study for hydrogen-efficient eco-driving and eco-routing of a hybridized FCEV under traffic and terrain
uncertainty.

Rather than amalgamating these objectives into one fixed-weight cost, the framework outputs a Pareto set where
the trade-offs are explicit, and can be chosen differently according to driver or fleet preferences (e.g. hydrogen-minimizing
within some time budget). This figure finally highlights online serviceability: while closed loop the chosen route and eco-
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driving advice can be updated online as new traffic information becomes available. When congestion states change or
incidents happen, the planner re-optimizes candidate routes and updates speed plan with constraint and SOC feasibility.
Thus, Figure 1 summarizes the concept of the paper where by considering planning and eco-driving from a holistic standpoint
via a hybridization-aware analysis for FCEV, maximum hydrogen efficiency is achieved when evaluating through an explicit
model that yields grade/speed-dynamic- regenerative-opportunity aware planning under uncertainty in traffic/light behavior.

The schematic shows how traffic forecasts and road-network attributes (grade map, speed limits, intersection delays,
and weather-related effects) feed a multi-objective optimization engine that generates Pareto-optimal route candidates and
feasible speed plans. These plans are evaluated using a network-scale FCEV hydrogen-consumption model that maps speed—
acceleration dynamics and grade-induced traction demand into fuel-cell and battery power trajectories, incorporating
hybridization effects (battery buffering, SOC constraints) and BoP/auxiliary loads. The framework outputs an optimal route
and eco-driving commands while enforcing safety and comfort constraints, and it reports key performance metrics including
hydrogen consumption, SOC evolution, and stack-stress proxies for durability-aware decision-making.

Fig. 2 presents the end-to-end workflow of the proposed hydrogen-efficient eco-routing and eco-driving framework,
and explains in a practical real-time sense how we address the combined multi-objective problem under traffic and terrain
uncertainty. The diagram starts with the lower layer Data and prediction in which a complex road-network graph is loaded
and an accumulated attribute of geometric and regulatory type (link length, curvature, speed limit, coordinates of
intersections) is updated with information about the terrain (high resolution grade profiles). Concurrently, periodically
varying traffic information is incorporated using likelihood estimates of link speeds, congestion regimes and intersection
delays. If accessible, linked infrastructure inputs including SPaT and queue estimates can be also used to improve the
uncertainty description through the specification of possible signal-passage windows (the time within which a train whenever
it takes the decision to do so is able to pass), as well as of stop likelihood. Even more fundamentally, the framework treats
these predictions as being uncertain rather than exact, which is what motivates the robustness and reliability metrics
presented later in the stream. Candidate routes are then produced based in conventional routing primitives (e.g., k-shortest
paths or constrained alternatives) but are not evaluated with static link costs as it is done in standard navigation. Instead, we
forward each route to a regulated eco-driving module that plans available speed/acceleration profile where the vehicle
behavior and driving rules are enforced. As such, this module imposes an extensive set of constraints: speed limits and
adherence to speed limit, acceleration and jerk limits to guarantee a comfortable ride and avoid erratic behavior, safety
constraints including minimum headway when car-following is considered. Crosswalk constraints are incorporated via
uncertainty-aware timing logic with (i) feasibility over scenario sets for the dispatch and saturation problem (multiple
candidate signal/queue realizations), or (ii) chance-constrained margins guaranteeing the planned trajectory with high
probability has clear signals without unsafe braking nor red-light-run. What you get is not an abstract assumption of “average
speed” but a trajectory candidate that conforms to given route, and thus the physical limit. Figure 2: Unified Multi-Objective
Evaluation The heart of Figure 2 is the unified multi-objective evaluation. A network-level FCEV hydrogen demand model
translates the planned speed and grade-induced traction demand profile for each route—trajectory candidate into powertrain
energy consumption. In longitudinal dynamics, wheel power (inertial, aerodynamic rolling and grade) feed the conversion
into electrical need at the DC bus applying the drivetrain efficiency. Hybridization gains are considered by distributing this
energy demand among the fuel-cell stack and battery in such a way that State-of-Charge (SOC) boundary limits, directionally
relevant power bounds of charge or discharge, regen brakes boundary limits, and fuel cell ramp rate constraints are always
satisfied. The next step is to calculate hydrogen consumption from the fuel-cell power trajectory, with an efficiency map or
equivalent consumption model (optionally including auxiliary/BoP penalties) added so that we do not get solutions which
look as if they are energy-optimal but require excessive compressor and/or thermal loadings. This makes it possible to
compare hydrogen economy between routes and driving styles. Importantly, the assessment is not confined to anticipated
hydrogen applications. As can be seen in Fig.2, the optimization involved robustness and reliability measurements which
directly assess the degree of sensitivity to uncertainty. A few examples for this would be travel-time variance or percentile
travel time (for punctuality), energy overrun risk (e.g.\ chance to exceed a hydrogen budget) and signal-passage robustness
(e.g.\ minimum slack to feasible green windows, probability of a forced stop). The latter metric captures an important
deployment consideration, that a best-case eco-route can be impractical if it is too sensitive to redistribution of congestion or
requires needless frequent unplanned stops that offset hydrogen savings. Furthermore, performance-related proxies for
durability can be introduced — like fuel-cell output slew, stop-start power effort and long-term load exposure — to dissuade
solutions which lead to an increased risk of degradation (in a longer time frame than instantaneous hydrogen consumption is
reduced) while attempting to reduce the immediate need for hydrogen. The figure also summarizes the approach for dealing
with these objectives: instead of combining them into one fixed-weight cost, the framework uses a Pareto based multi-
objective optimizer (e.g., NSGA-II or MOPSO) to find the set of non-dominated route—trajectory solutions. This Pareto front
represents a structured menu of trade-offs, from hydrogen-minimized via time-minimized to intermediate solutions with
enhanced reliability or decreased proxies for stress at little increase of hydrogen. Online, the online layer preference selects
according to driver settings, fleet policy or time-budget constraints and provides fast adaptation when conditions vary. If the
new traffic measurements reveal the presence of a regime shift (accident, propagation of congestion, change in traffic light
control), the system re-evaluates candidates and selects either a different Pareto solution or modifies speed plan with
receding-horizon adjustment to continue ensuring constraint feasibility and SOC consistency. Lastly, Fig.2 lists
computational issues that allow to use in a real time. The computationally expensive operations—Pareto exploration over
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the decision spaces of route and speed-profile—can be solved off-line for a restricted set of candidates or accelerated via
parallel evaluation and warm-start. Online, computation is limited by (i) creating a small set of likely routes and (ii) running
fast trajectory optimization over a short horizon, followed by simply choosing in a set of precomputed Pareto-optimal
solutions using simple decision rules (e.g., minimize hydrogen subject to a 95th-percentile travel-time constraint) This staged
architecture has allowed the method to remain deployable either in embedded automotive hardware or within cloud-assisted
navigation platforms, while retaining its core scientific contribution: a unified, uncertainty-aware multi-objective formulation
that readily connects route choice and eco-driving to FCEV hydrogen consumption, robustness and durability-relevant
driving behavior.
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The flowchart shows how predictive inputs (traffic states, signal timing/queues, grade and weather) and road-
network data generate candidate routes and feasible speed/acceleration profiles subject to drivability constraints (speed,
acceleration, jerk, and safety limits). A unified multi-objective formulation evaluates each route—trajectory candidate using
an FCEV hydrogen-consumption model and robustness/reliability metrics (e.g., travel-time variance, signal-passage
feasibility, and congestion sensitivity), together with durability-relevant proxies (fuel-cell power slew and low-load/idling
exposure). Offline metaheuristics (NSGA-1I/MOPSO) compute a Pareto front of non-dominated hydrogen—time-health
solutions, which is then used online for preference-based selection and fast receding-horizon adaptation as traffic conditions
deviate from forecasts, enabling real-time deployment with bounded computational complexity.

1. SIMULATION RESULTS AND DISCUSSION

The simulation environment was run in closed-loop using four integrated modules: (i) road-network and traffic
generation, (ii) eco-routing and eco-driving planning, (iii) vehicle longitudinal dynamics + hybrid power split, and (iv)
hydrogen consumption + performance calculation. At each episode, we sample one OD pair, generate candidate routes for
the passengers of this demand pair, and plan a feasible speed/acceleration trajectory for each route under the current
realization of uncertainty. The vehicle model can subsequently disseminate speed, distance and SOC as a function of time
imposing traction-braking constraints and hydrogen flow is calculated by the fuel-cell power profile according to a supplied
consumption map. For uncertain signals / traffic, the planner enforces feasibility with high probability, using either scenario
sampling (multiple plausible realizations) or uncertainty margins (chance-like buffers). The full present simulation set-up
evaluating the proposed hydrogen-efficient eco-routing and eco-driving framework is summarized in table 1. Its generalized
design integrates the road-network and route-generation parameterizations (candidate-route counts, detour constraints,
map/grade resolutions, and speed-limit bounds), the traffic uncertainty models (traffic update intervals, SPaT timing-errors
rates, queue-delay variability levels, and spillback ratios) and the low-order parameters determining the longitudinal vehicle
loads for vehicle traction demands (masses; aerodynamic/rolling contributions in drive trains, regenerative efficiencies).
The table also shows the drivability and comfort constraints handled for eco-driving (speed, acceleration, jerk & harsh-
braking thresholds), hybrid power source limits representing fuel-cell and battery (power bounds, ramp-rate bounds, SOC
band, charge/discharge limits) and optimization/online adaptation parameters (objectives, robustness metrics, NSGA-
I1/MOPSO config., replanning interval length of scenario planning control horizon; switching hysteresis). Lastly, the Monte
Carlo campaign parameters (number of episodes per OD pair and number of randomised uncertainty sources per run) are
provided in order to explain the statistical underpinning to the performance comparison and to facilitate reproducibility.
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Network and routes. Scenarios were tested for an urban — suburban network consist- ing of a mix of arterials, signalized
intersections and highway-like segments. K = 5-10 candidate paths were generated for each OD pair (k-shortest paths with
detour constraints). Link by link grade profiles were binned at 10—30 m resolution, and could be perturbed to represent
map in accuracy. Signal plans were based on offsets and phase splits; queue delay originated from time-varying demand
profiles. FCEV and constraints. Longitudinal dynamics of the vehicle also considered are aerodynamic drag, rolling
resistance, grade force and drivetrain efficiency. Hybridization was modeled through SOC and power constraints (battery
charge/discharge, regen caps) as well as fuel-cell operational limitations (min/max power, ramp rates). Eco-driving
constraints such as speed and acceleration limits, jerk limits and intersection feasibility constraints (i.e., stop line
compliance). Resilience was evaluated based on uncertainty-sensitive feasibility metrics in signal traversal rates and
schedule satisfaction. Uncertainty scenarios. Three families of uncertainties modeled and taken in a Monte Carlo
combination:
e Variants: time-dependent traffic regimes: free-flow moderate congested transitions (including stop—go waves on arterials
and shockwaves at highway merges).
o Signal timing variability: stochastically-calculated offsets and cycle time variation (or SPaT prediction error), plus queue
spillback variation at key intersections.
e Grade perturbations: grade profile noise and bias (e.g., 0.5 — 1.5 % absolute error, segment-wise), and occasional
“micro-terrain” bumps to simulate map smoothing.

Each controller was tested on 50—200 Monte Carlo episodes per OD pair and over multiple OD pairs representing
short urban trips (6-10 km), mixed trips (15-25 km), and long suburban-highway type trips (30-45 km). Four strategies were
compared:

1. Shortest-time navigation (ST): selects minimum predicted travel time route; driving uses a standard car-following/driver
model with speed-limit compliance (no eco-driving optimization).

2. Deterministic eco-routing (DEcoR): selects route minimizing expected hydrogen using average-speed link costs (no
explicit uncertainty or robust metrics; no explicit eco-driving beyond basic compliance).

3. Deterministic eco-driving on ST route (DEcoD): keeps the shortest-time route but computes a deterministic energy-
minimizing speed profile assuming nominal signals/traffic.

4.Proposed Pareto eco-routing + robust eco-driving (Pareto-ER+ED): generates a Pareto front of route-trajectory
solutions optimizing hydrogen, travel time, and robustness/durability proxies; selects and adapts online using forecast
updates.

Reported metrics include:
Hydrogen usage: kg/100km (and total kg one-way)

- Travel time: average and 95th percentile (reliability)

- Stop-and-go intensity: Full stop count, and mean of stop duration

- Resiliency: variance of travel-time, slack (minimum) of signal-passage probability trip to terminate at an intersection
under SPaT uncertainty

- Powertrain load proxies (optional): fuel-cell power slew index and cumulated high-load exposure fraction

- Footprint: online planning time (replanning step) and memory for Pareto library storage.

Table 1. Key simulation parameters used for FCEV eco-routing and eco-driving evaluation under traffic/terrain
uncertainty

Category H Parameter H Symbol H Value (default) H Notes / Sensitivity\
Sensitivity: 5, 10,

Candidate routes per K 8

oD 12
Urban (6-10 km),
OD pairs — 10-20 mixed (15-25 km),
long (30-45 km)
Relative to
Network & Routes Max detour ratio — <1.25x shortest-distance
route
Grade sampling Sensitivity: 10-30
. — 20m
resolution m
Urban 30-60,
Speed limit ranges — 30-110 km/h arterial 70-100,
highway 100-110
Traffic Traffic update interval Atiraffic 10s Forecast refresh

interval
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\ Category | Parameter | symbol || Value (default) | Notes/ Sensitivity|
Free-flow,
Traffic regimes — 3-4 regimes moderate, .
congested, regime
switching
] Signal cycle length H C H 60-120s H Route-dependent ‘
] Green split H — H 0.35-0.60 H Fraction of cycle ‘
SPaT prediction error Bounded timing
. (low/med/high) - £3/£71£125s uncertainty
Signals & Queues
Queue delay variability o g L
(V) 0.2-0.5 Regime-dependent
Spillback incidence o 10-20% Of congested
(congested) scenarios
Vehicle mass m 1850 kg drli?/glrtljgae}sgo
] Drag coefficient H Cq H 0.29 H — ‘
‘ H Frontal area H A H 2.3 m? H — \
Rolling resistance Cn 0.010-0.012 3::::5:3?{,[
Vehicle . . Constant in
(Longitudinal) Alr density p 1.2 kg/m? simulations
‘ H Wheel radius H Mw H 0.32m H —
Drivetrain efficiency Range depending
(traction) Tdrv 0.90-0.95 on operating point
Includes electrical
Regen efficiency TNregen 0.65-0.75 + mechanical
losses
Speed bounds v 0 <V < Viimit L':pke'g;?ﬁ?]ﬂim
L . Acceleration bounds || Amin, Amax “ —3.0, +2.0 m/s? H Comfort/safety
Driving Constraints
Harsh braking _ ) Used for event
threshold (reporting) o a<-2.5mfs counting
Max net power || PFC,max “ 90 kW H —
Fuel Cell i ;
Min efficient power PFC,min 5-8 kW Ai\égzjdo%iergtligﬁv
Energy capacity Ebat 1.5-2.0 kWh BUﬁg; [;acclé\t/)éplcal
| soChbounds  |[soCmin, sOCmax| 040,080 | — |
Battery H Max discharge power || Pbat,dis “ 40 kW H — \
Max charge/regen Pbat,chg 30 KW -
power
Initial SOC SOCO 0.60 Sensitivity: 0.50-
Hydrogen, time,
Objectives — Jnz, I1, Jr, (JD) robustness,
Optimization optional durability

Robustness metrics

T95, overrun risk,

signal slack

Percentile time,
budget exceedance
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\ Category | Parameter | symbol || Value (default) | Notes/ Sensitivity|
probability, min
slack
. . Either used for
Metaheuristic (offline — NSGA-Il / MOPSO || Pareto-front
Pareto) -
generation
‘ H Population size H — H 80-120 H — ‘
‘ H Generations H — H 60-120 H — ‘
Crossover / mutation — 0.8-0.9/0.05-0.15 For NSGA.' I
(representative)
\ Replanning interval H Atreplan H 10s H Sensitivity: 5-15 s‘
Speed refinement - 10-20's Or 200-400 m
Online Adaptation horizon urban lookahead
o . Prevents
- _ 30,
Switching hysteresis 2-3% plan/route “churn”
Episodes per OD N 100 Sensitivity: 50—
200
Monte Carlo
Uncertainty sources Traffic, SPaT, Independent
X — random seeds per
varied queues, grade -
episode

Figure 3 presents the headline result of this study: how much hydrogen the integrated eco-routing and ech-drive
framework proposed in Sec 4 can save across different trip types and where such savings come from. The percentage hydro-
gen consumption savings are shown when using the proposed Pareto-based algorithm compared to three increasingly
powerful baselines (ST, DEcoR and DEcoD) for Urban, Mixed and Long/Highway type of trips. In each case, the marker
corresponds to a median reduction over mixed OD pairs and Monte Carlo uncertainty realizations, with error bars
representing the range observed due to different congestion realizations, signal timing randomness, and proponent specific
perturbations. An overall pattern is clear, across our three types of trips: the proposed method gives by far the largest relative
improvement over ST, a modest but non-negligible improvement over DEcoR and the smallest (but still consistent) over
DEcoD. This precedence is natural and significant. ST is not meant to conserve energy; it chooses paths and driving
strategies for time minimization, which usually aggravates the following: i) stop—go phenomenon, ii) late brake commanding
and re-acceleration, and iii) operation in transient condition for the power-train. These are a particularly poor match to
hydrogen FCEVs because the fuel cell will keep switching back and forth across its power map, and as we have said hybrid
buffering cannot avoid some energy losses due to the repeated accelerations. Accordingly, the proposed approach has the
highest hydrogen saving among all relative to ST, especially in Urban and Mixed trip categories characterized by a high
level of signal density, queuing- and stop—go-waves. Comparing to DEcoR, we find similar yet smaller advantages for the
proposed formulation in Figure 3. This gap shows the limitation of deterministic eco-routing that is based on expected link
costs or average speeds: while a route may be energy-optimal when averaged, EO’s realized hydrogen consumption heavily
depends on what feasible speed trajectory traffic and signals enable. By explicitly calculating driveable eco-driving paths
for candidate routes and assessing hydrogen with a hybridization-aware model, the proposed approach does not select for
seemingly optimal routes that will systematically induce additional stops, harsh accelerations, or grade—signal combinations
precipitating high traction-power launches. The finding that our approach performs better than DEcoR on all types of the
trips demonstrates the importance of trajectory-consistent evaluation and uncertainty-awareness in addition to accurate link
cost estimation. Compared to DEcoD (eco-driving only on the ST route) gains are smaller but still significant, confirming a
second major observation: Speed optimization is not enough for solving hydrogen efficiency if the structural route is poor.
In most cases there are alternative paths that are only slightly longer than the ST path, yet subject to fewer very stopping-
prone intersections and/or more smooth changes of speed limits -- or — subject to less clustering in grades. These differences
between routes can provide an “improved canvas” for eco-driving to apply on. This complementarity is also evident in Figure
3: the proposed method achieves additional hydrogen savings over DEcoD, as it can deviate from a route to minimize
inevitable stops and heavy-trafficked lines, and then refine further hydrogen use using robust eco-driving that accounts for
signal uncertainty and queue. In practical terms this indicates that a NAV system providing eco-speed advice without eco-
routing can miss considerable hydrogen savings, particularly in urban and mixed driving conditions. It also explains why
savings are bigger in Urban and Mixed trips than Long/Highway ones. Urban and mixed routes are filled with more
individual obstruction elements (which produce throughput inefficiency): signal stops, queue spillback, small acceleration
pulses, repeated speed-limit changes. Such conditions will increase the chances for the proposed minimizer to minimize
energy waste by preferring stable flow routes and shaping speed profiles to minimize unnecessary braking-re-accelerating.
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By comparison, long highway-centric trips spend less time changing speeds with full stops, and the “potential for additional
work™ is instead used primarily to optimize grade-aware routing using smoother transitions through areas of critical
congestion (reads: interchanges). Nevertheless, savings are still observed in the Long/Highway category, which indicates
that even when stop—go is less prevalent uncertainty-aware planning has a positive effect since traffic regime transitions and
terrain-induced load fluctuations continue to impose significant hydrogen penalties. Finally, the spread conveyed by the
error bars is not just statistical noise; it's an operational mark of uncertainty. Larger spreads are found usually in trip types or
situations, where congestion and uncertainty of traffic signal timing have a substantial impact on the observed stop count
and speed variance. The method mitigates this variability through the inclusion of robustness and reliability measures in the
decision process (e.g. time percentile indices, signal feasibility slack, or energy overrun risk), that steer the choice away
from fragile routes that are likely to be more vulnerable when subject to forecast error. Therefore, the above remarks may
also be read as follows: Figure 3 demonstrates increased mean hydrogen economy AND reduced variability in hydrogen
saved over uncertain real-world driving situations—the same performance an abstraction requiring reliable application to
consumer navigation and fleet operations demands.

Overall hydrogen savings across trip types under uncertainty

=~ Savings vs ST
Savings vs DEcoR

141 —§— Savings vs DEcoD

N m\

10 4

Hydrogen reduction of proposed method (%)

Urban Mixed Long / Hwy
(6-10 km) (15-25 km) (30-45 km)

Figure 3. Overall hydrogen savings across trip types under traffic and terrain uncertainty.

The plot reports the proposed Pareto-based eco-routing + robust eco-driving framework’s percentage reduction in
hydrogen consumption relative to (i) shortest-time navigation (ST), (ii) deterministic eco-routing (DEcoR), and (iii)
deterministic eco-driving on the ST route (DEcoD), for Urban (6-10 km), Mixed (15-25 km), and Long/Highway (30-45
km) trips. Markers indicate representative median savings, while error bars indicate variability across mixed OD pairs and
Monte Carlo uncertainty realizations. The largest savings are observed in urban and mixed trips where signals and stop—go
dominate, and consistent gains persist for longer trips, reflecting the benefit of trajectory-consistent route evaluation and
uncertainty-aware planning beyond average-speed link-cost baselines.

Figure 4 shows how the Pareto-based formulation transforms hydrogen-efficient navigation from becoming a brittle
“eco route” into one of controllable trade-offs and quantifies reliability benefits when uncertainty is treated explicitly.
Together, the three plots convey that i) hydrogen savings as obtained from HVS can be maintained even when travel time
budget is restricted (ii) quality-aware selection results in a reduced worst case arrival time compared to deterministic eco-
routing (iii) for heavy congestion, it often pays off to trade-off relaxed nominal travel-time for significantly reduced travel-
time variance—an effect that leads to more punctual and hence accepted user experience. Panel (a) addresses a practical
setting of applying a soft time budget in which the user, either the driver or fleet manager, e.g., demands that the selected
route—trajectory solution is at most 5% slower than shortest-time (ST) navigation. Subject to this constraint: (1) This is a
significant constraint because it models how eco-routing is actually used in practice; most users do not want to incur long
delays for energy savings. The results indicate that even with this limitation, the new approach maintains significant
hydrogen saving values—usually within 6-12% of ST—for urban, mixed (city-highway) and longer highway-based trips.
The implication is that the “best” hydrogen-saving strategies are not those that attempt to achieve the largest possible absolute
savings at any cost: on the contrary, many of the most important (e.g., pareto-efficient) trade-off solutions lie in a
neighbourhood around the knee of the Pareto front, where small reductions in travel times lead to much larger gainsin terms
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of reduced hydrogen use. In city and mixed trips such knee solutions are often the result of also avoiding a small number of
stop-prone intersections or corridors with unstable stop—go fronts, while one can balance speed profiles against needless
braking and re- acceleration, all within the time budget. For longer trips, the savings stay significant but become smaller due
to cruising dominance yielding fewer opportunities for reducing stop-related losses; however, grade-aware route selection
and congestion-robust speed planning continue to offer consistent gains. Panel (b) targets reliability directly by comparing
the 95th percentile trip time (T95) attained by our approach versus deterministic eco-routing (DEcoR). Even when DEcoR
can minimize expected hydrogen based on average link-cost reasoning, it tends to favor routes that are brittle with respect
to uncertainty especially as the system transitions from free-flow to congestion. In those then, the average travel time could
be fine on paper but the tail becomes a lot uglier because of spill over queues and multiple signal holding. As displayed in
Fig. 4 (b), the reliability-conscious selection approach is able to decrease T95 by 3-10% comparing with the DEcoR, and
evidences less of “bad outcome” cases consequently achieving a good punctuality performance. The improvement can be
traced to the fact that our proposed selection procedure incorporates robustness measures such as transport-time variance,
energy overrun risk and signal feasibility slack in order to punish solutions which rely on tight timing assumptions or
solutions using routes that are very sensitive with respect to a state of congestion errors. Put another way, a small amount of
nominal optimality is being sacrificed in return for a significant reduction in the odds of severe delays, which fleets (on-time
performance) and drivers (predictable arrivals) would be likely to value more so than marginal mean time improvements.
Panel (c) explains why these reliability gains emerge, particularly under congested traffic states. It also shows the
distribution of these 2 normalized features across traffic regimes (DEcoR vs Proposed). The main tendency is that the
proposed methodology can reach (in highly congested and regime-switching environments) a solution with mean travel time
very close (in some cases slightly higher) to DEcoR, but with much lower variability. This is a characteristic of good
decision-making: in the presence of uncertainty, the best operational choice is frequently not the minimal-mean option, but
the one that steers away from high-risk “chokepoints” and gives more predictable flow. In routing notes, we might interpret
this as a choice of corridor with somewhat longer nominal length but less congestion at the most congested intersections,
fewer merge-induced shockwaves or less exposure to queue spillback. In eco-driving terms, it translates into the scheduling
of speed profiles considering that signal-passage slack persists throughout uncertain SPaT realizations and late breaking or
stops would only worsen both energy consumption and delay variance. The net effect is better punctuality: a few episodes
per year with overly long delays, even if the average time duration of trips does not change much at all. Together, Figure 4
confirms two practical implications. First, Pareto optimality allows the system to suggest energy savings without
compromising real world constraints on timeliness: most of the value can be captured by selecting knee solutions with a time
budget. Second, deterministic measures of robustness or reliability are essential for deployment because they shield
performance under forecast error. Under this measure, both deterministic eco-routing and eco-driving look very good under
nominal cases but severe degradation occurs if the assumptions are violated; with such degradation in mind, this paper
ensures that while guaranteeing the benefits of hydrogen applications can bring on worst-case arrival time restriction
minimization as well as traffic variation mitigation into effect by making an approach towards more predictable, admissible
way thus helps to make hydrogen-efficient navigation service to be scalable for real traffic conditions.

Hydrogen savings under soft travel-time budget
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Reliability gains: reduced worst-case trip time (T95) vs deterministic eco-routing
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Congestion effect: similar mean time but lower variance with reliability-aware selection
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Figure 4. Travel-time impact and reliability trade-offs enabled by Pareto-based eco-routing and robust eco-driving under uncertainty.

(a) Hydrogen savings relative to shortest-time navigation (ST) when the selected Pareto solution is constrained by
a soft time budget (<5% longer than ST), showing that substantial hydrogen reductions (typically 6-12%) remain achievable
across trip types. (b) Reliability benefit quantified as the improvement in the 95th percentile trip time (T95) relative to
deterministic eco-routing (DEcoR), demonstrating 3-10% reductions in worst-case arrival time, especially under traffic
regime transitions. (c) Congestion-regime comparison showing that the proposed reliability-aware selection may accept a
slightly longer nominal mean time while significantly reducing travel-time variability (lower variance), yielding comparable
average arrival times but improved punctuality in heavily congested and regime-switching conditions.

Figure 5 investigates the most complex operating condition for predictive eco-routing, and eco-driving, namely
when (mid-trip) traffic regime transitions occur; i.e., a initially free-flow route is subject to a sudden congestion due to
incident-like disturbances but also due to downstream spillback or shockwaves outspread by merges and signalized
bottlenecks. These transitions are exactly the points where predictable “expected-cost” policies get into trouble, as their
spatial path choices and velocity plans are optimized with respect to nominal predictions which subsequently become
incorrect. The results indicate that, the brittleness of H2 incurring appearing and disappearances of the inner hydrogen at

Published By: Fifth Dimension Research Publication www.fdrpjournals.org/ 20|Page


http://www.fdrpjournals.org/ijire

Hydrogen-Efficient Eco-Driving and Route Planning for Fuel-Cell Electric Vehicles Using Multi-Objective Optimization Under
Traffic and Terrain Uncertainty

very early stage would be mitigated by conjunction online adaptation strategy + robustness-aware Pareto selection to such
a degree that enhancement on reliability on H2’s hydrogen budget and stop-go avoidance could be observed. Panel (a) shows
the percentage decrease in hydrogen overrun risk compared to deterministic eco-routing (DEcoR), where the overrun risk is
the probability that trip hydrogen consumption above a set budget under uncertainty. In regime-switches conditions, DEcoR
will often make an early commitment towards a route that appears to be energy-efficient in expectation (e.g., few kilometres
or favourable mean speed), and then the same route proves to be stop—go dominated once congestion develops. As stop—go
is the case, then add/brake-induced idling and accelerations will in fact increase hydrogen use so that consumed hydrogen
may exceed even very low budget if the anticipated cost is also low. This risk is mitigated in the proposed method, as it
specifically penalizes delicate routes and it keeps adjusting the Pareto solution selected when new forecasts are available.
The 20-45% reduction risk shown in panel (a) suggest that the method not only increases mean hydrogen economy to the
user minimising fuel consumption, but also assures improved hydrogen reliability—a desirable operational characteristic for
fleetsand trip-planning in so-called ‘banana-structures’ of sparse refuelling networks. Panel (b) clarifies an important reason
for the risk reduction: Wider avoidance of unprogrammed stops during regime shifts. Unplanned stops are the direct
consequence of deviation between the planned trajectory and actual traffic/signal state, and are highly related with energy
wastage because they require additional braking and subsequent re-acceleration as well as transient power demand that
pushes fuel cell and hybrid system departure from their smooth operation. With regard to the ST, unplanned stops are reduced
by 10-30%, while they are cut back by 8-20% with respect to DEcoD on the shortest time route. The gain over ST is not
surprising since ST favours travel time and tends to select corridors that are susceptible to bottlenecks, in turn generating
stop—go. More telling is that this is an improvement on DEcoD, which was already speed-optimized: having eco-drivers by
itself is not enough when a background route becomes saturated and sensitivity at intersections with signal windows and
queues are uncertain. In practice, the robust eco-driving layer does so by aiming for feasible passing windows with
conservative slack, not braking late on missed predicted greens, and levelling approach speeds in such a way that small
timing errors don’t lead to full stops. Panel (c) is an interpretive picture of what the model predicts under the worst transition
case —shockwave-driven congestion, where oscillations in traffic and fluctuating headways render smooth flow maintenance
impossible. The relevant point is that the proposed approach no longer insists by default on the one and same hydrogen-
minimizing plan upon rising uncertainty but (as robots should) follows along the Pareto front towards solutions which over-
emphasize robustness to leaving-stops. This change is the expected outcome of a multi-objective platform: as the
environment becomes tougher, then reliability and feasibility demands are larger and the cost of a brittle “high-efficiency”
plan is not acceptable due to its energy penalties (that lead to irrelevant energy wasted in stops and accelerations).
Consequently, the method is willing to give up a modest nominal hydrogen saving in order to achieve much greater savings
when stop—go dominates. That is why the method excels in precisely those cases where deterministic eco-routing fails most:
While not accommaodating regime shift by on-line re-tuning of arbitrarily set coefficients, it switches between pre-validated
possibilities whose trade-offs have already been tested for viability and sustainability. In sum, Figure 5 shows that the
proposed approach is not a steady-state solution. It performs best when the real-world uncertainty has the most to say. The
method mitigates hydrogen excess risk and the number of unexpected stop incidents during regime changes to enhance the
predictability and practical applicability in hydrogen-efficient sailing. This further justifies the deployment logic that eco-
routing for FCEVs should take a decision-making which is risk aware and on-line adaptive point of view-especially in urban
networks where congestion may rapidly build and traffic state changes can easily flood deterministic plans based on expected
link costs or nominal signal predictions.

Regime transitions: reduced hydrogen budget overrun risk
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Regime transitions: reduced unplanned stops under uncertainty
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Figure 5. Performance under time-varying traffic regime transitions and incident-like congestion onset.

(a) Reduction in hydrogen budget overrun risk (probability of exceeding a preset trip hydrogen budget) achieved
by the proposed Pareto-based eco-routing + robust eco-driving framework relative to deterministic eco-routing (DEcoR)
during regime-switch scenarios. (b) Reduction in unplanned stop counts relative to shortest-time navigation (ST) and
deterministic eco-driving on the ST route (DEcoD), reflecting improved intersection feasibility and reduced late-braking
events under forecast uncertainty. (c) Conceptual illustration of adaptive Pareto-point switching during shockwave
transitions: as congestion volatility increases, the controller prioritizes robustness (stop avoidance and reliability) and accepts
a small reduction in nominal hydrogen savings to prevent stop—go domination and maintain stable, feasible operation.

Figure 6 disentangles one of the most error-prone dimensions of realistic eco-driving: variability in signal timings
and queues. Really, in actual urban arterials there's no guarantee that whatever speed plan is optimal for a forecast green
window isn't all of the sudden thrown out the window by offsets drifting off, or spillback clogging an approach. The result
is often a dominoes-like chain of bad behaviors—hard late braking, necessary hard stopping, and then re-acceleration—that
eat away at energy savings and ride comfort. As shown in Figure 6, our approach is naturally robust to such uncertainty since
it does not operate the SPaT/queue beforehand and planning under uncertainty bounds enforces scenario-feasible
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intersection timing, and can thus remain safe and smooth even if predictions are inaccurate. Panel (a) measures decrease in
counts of hard braking events against deterministic eco-driving on shortest time path (DEcoD) with increasing SPaT
uncertainty. A sharp brake here is a clear indication of a fragile plan: the vehicle arrives too close to the stop line with a little
slack because the plan relied on “catching” a green which did not materialize. As the uncertainty increases from low to high,
DEcoD more often experiences this mismatch and must decelerate harder in advance to prevent red-light violations or unsafe
time headways. This approach mitigates these events by about 25-55%, with the benefit being larger at higher uncertainty.
This is in line with the robust eco-driving design philosophy, where, operating in uncertain conditions within that passable
window, the controller will choose a conservative amount of slack and some speed profiles corresponding to feasible ones
across plausible realizations instead of being too aggressive for one given predicted phase. The corresponding reduction in
full stop frequency at the signalized intersections relative to ST is illustrated in panel (b). Full stops are important because
they are highly connected to hydrogen consumption in stop—go scenarios: an extra stop always implies a braking loss (even
with regenerative bounds and SOC rules), that is, re-acceleration energy for next start up, which increases the traction power
requirement and drives fuel-cell/battery system into less efficient patterns. It is observed from the figure that the proposed
approach reduces stop frequency up to 10-35% compared againsta different level of uncertainty and corridor density. With
low uncertainty, this improvement is not substantial as ST may still clear many greens by chance; however, with increased
uncertainty and with queues becoming more random this method’s ability to plan conservative yet viable strategies by
avoiding “late-commit” arrivals leads to much fewer imposed stops. Most importantly, this slowdown is not the result of
risky behavior but stems from previous pacing decisions (e.g., smoothly decelerating to arrive in a viable green band) and
accepting to trade an upstream mild speed reduction for a full stop at the stop line. Panel (c) links the drivability findings
to an energy-reliability interpretation by showing, under larger and larger SPaT uncertainty, the preserved fraction of nominal
eco-driving benefit. Deterministic eco-driving often exhibits significant theoretical savings under ideal preview; however,
those savings are brittle in practice — low-fidelity information leads to small timing errors which then give rise to many more
stops and harsh decelerations than intended. This explains why the preserved fraction of DEcoD sharply drops as we
approach high levels of uncertainties: a significant part of its ‘nominal’ gain is destroyed in cases where green-window
predictions are no longer reliable. On the other hand, the method we are proposing conserves a much larger percentage--60
to 90% of it--as when needed, it is built to be conservative. Instead of trying (unsuccessfully) fragile “just-in-time” arrivals
that succeed only when forecasts happen to be right, it applies robustness-oriented separation strategies which preserve
feasible traffic crossing opportunities, endurable queue lengths and discourage last-minute braking. In application, this
implies that it is capable to provide more stable hydrogen savings for daily signal dynamics and traffic intensities, which
are crucial for driver confidence and fleet operations. In combination, Figure 6 supports a key argument in the paper:
uncertainly-aware eco-driving is not just about finding a lower mean value for energy with ideal assumptions; it is about
continuing toward smooth and feasible driving when the world does not match your predictions. By minimizing hard-
braking, decreasing the frequency of stopping at a full stop and preserving more of the energy benefits attributable to nominal
speed when SPaTs genes are in doubt, the proposed scheme fills a crucial void between stochastic eco-driving theory and
operational reality, particularly on dense urban networks where signal redundancy and queue randomness are inevitable.

Signal uncertainty: reduced hard braking events with robust eco-driving
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Signal uncertainty: fewer full stops at signals vs shortest-time navigation
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Figure 6. Impact of signal timing variance and queue uncertainty on drivability and energy benefit.

(@) Reduction in hard braking events achieved by the proposed robust eco-driving framework relative to
deterministic eco-driving on the shortest-time route (DEcoD) as SPaT uncertainty increases, reflecting the use of uncertainty
margins and scenario-feasible intersection timing. (b) Reduction in full stop frequency at signalized intersections relative to
shortest-time navigation (ST) across low, medium, and high SPaT uncertainty levels, translating to lower re-acceleration
energy and reduced hydrogen consumption. (c) Preserved fraction of nominal eco-driving savings under increasing SPaT
uncertainty, showing that deterministic eco-driving loses a larger share of its theoretical benefit when green-window
predictions are inaccurate, while the proposed method retains a higher portion (=70-90%) by adopting conservative,
robustness-oriented crossing strategies rather than brittle “just-in-time” arrivals.

Figure 7 illustrates how terrain impacts H2 consumption through two unique, interrelated mechanisms: it modifies
traction energy directly via grade-induced loadings, and it alters the degree of traffic disturbances amplification by making
the operation of powertrain elements react to greater power swings during climbs and descents. The three panels demonstrate
terrain-aware optimization results in greater hydrogen savings in hilly networks, robustness terms guard against preproduce
degradation even when grade information is necessarily imperfect, and that accurately considering hybridization state
(battery SOC) is necessary to achieve the theoretical gain of downhill regenerative opportunities. Panel (a) shows hydrogen
savings compared to ST navigation as network complexity increases. The method results in small improvements even in
flat or mild terrain, where signal and stop—go inefficiencies dominate. As the network gets hillier, there is more potential for
hydrogen savings since grade introduces multiple high-traction demand events (specifically uphill launches from signals or
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queues) where energy waste is accentuated. The most notable gains here come in the “hilly + dense signals” condition, which
is the worst-case scenario for an FCEV: frequent stops entail repeated re-accelerations, and the uphill grade requires this to
be done at high wheel power. Small variations in route choice (to avoid a steep cluster) or drive pattern (decrease of
aggressive launches), as observed inside these segments, result in the significant decrease of fuel-cell ppk and overall traction
energy. So this figure justifies the operational intuition that H2 eco-routing is most helpful when grade and stop density are
both unfavourable and create multiple high-power launch events, which dominate hydrogen usage. Panel (b) assesses
robustness to grade- map perturbations, which is inevitable in practical scenarios because of the inherent map smoothing,
discretization and sensor/estimation error. Deterministic eco-routing (DEcoR) based on nominal grade can be fooled by
selecting a route that seems to achieve the best energy performance, which shows under-performance when there is bias in
grades or local errors; this especially holds true when route choice is dependent upon where steep segments are located and
grade clusters overlap traffic stops. From the plot, it is observed that, when noise magnitude increases (e.g., from £0.5% to
+1:5% absolute grade error), DEcoR results in more steep degradation of improvement in hydrogen savings (of the order 3—
7 percentage points), i.e., its decision-making becomes even more brittle with respect to terrain uncertainty. In comparison,
the robustness-aware formulation of the proposed methodology limits the achieved savings to within 1-3 percentage points
as if there were no error at all. This reduced sensitivity occurs because robustness metrics penalize solutions that rely on
margins so close to the energy limit or that dynamically concentrate risk in a few steep segments, and instead prefer routes
and trajectories that continue to be (good) under likely grade variations; i.e., the planner attempts to optimize for a range of
nominal terrains, rather than just one. Translation in deployment, the proposed method is less prone to “overfit” a specific
grade map and more likely to generate consistent hydrogen benefits across map providers and resolutions. In panel (c) we
witness a hybridization-specific topography effect: downhill segments are only meaningful if there is battery SOC
headroom. In principle on a downward gradient, potentially significant regenerative braking energy reduces the subsequent
FC demand (= is only usable if the battery can store this energy). When the SOC is already high regenerative braking is
power-limited or turned off when potential energy must be otherwise dissipated by friction braking (commonly referred to
as “wasted regen”). The plot shows that effective regen capture decreases with initial SOC, and it demonstrates how the
approach introduced here does not require that all downhill potential be recoverable. It manages the SOC constraints in route
candidates - it's best to have a deep descent when the battery is at high percentage, while making you do several hours of
downhill at 100% might give little real energy benefit. This SOC-informed analysis effectively prevents the optimizer from
picking a path that looks good on paper only because it leads to downhill loss of elevation, when for purely technical reasons
down or up ramps would not allow rising existing CSC potential into the usable electrical energy. It also encourages a trade-
off decision: when it is anticipated that there will be a downhill segment, the system can conserve headroom already at
earlier stages (e.g., by lightly increasing the fuel-cell contribution or clamping higher regen in prior segments) so more of
the descent energy now can be harvested later on—without sacrificing other objectives (like for instance time, and level of
safety). In summary, Fig. 7 emphasizes that terrain-aware hydrogen-efficient maneuvering should be both uncertainty-aware
(can handle grade map errors) and hybridization-aware (complies with SOC and regen limits). The largest savings is not
given by taking the flattest path only, but also by avoiding steep grade clusters at high stop density, by selecting solutions
which still work under realistic grade perturbations and which make use of downhill generating opportunities only when you
can actually store the energy. This terrain—traffic— hybrid interaction is a fundamental basis for why due to trajectory-
consistency and robustness-aware multi- objective optimization, deterministic link-cost routing is subverted by real-world
networks.

Terrain effect: larger hydrogen savings on hilly networks
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Grade-map errors: robustness reduces sensitivity to perturbations
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Figure 7. Terrain effects, grade-map perturbation sensitivity, and downhill regenerative-energy utilization.

(a) Hydrogen savings relative to shortest-time navigation (ST) across flat to hilly networks, showing increased
benefit (often 10-18%) when the optimizer avoids steep grade clusters combined with dense signal spacing that would
otherwise trigger repeated high-power launches. (b) Sensitivity of hydrogen savings to grade perturbations (map error),
reported as the change from the no-error case: the proposed robustness-aware framework maintains savings within ~1-3
percentage points, while deterministic eco-routing (DEcoR) degrades by ~3—7 percentage points over the same perturbation
range. (c) Effective downhill regenerative-energy capture as a function of initial battery SOC, illustrating that the proposed
method exploits regen primarily when SOC headroom exists and avoids route choices that lead to “wasted regen” when
downhill segments occur at high SOC.

Irrespective of the OD pair and of the realization, the Pareto frontiers generated by the present multi-objective model
displayed a clear and interpretable behaviour: a smooth and convex-like frontier separating hydrogen consumption from
travel time with a well-marked region of “knee”. This knee is operationally significant because it corresponds to the region
of solutions where small relaxations in travel time lead to large depletions in hydrogen. In other words, the Pareto front does
not indicate that “eco” needs to be slow; rather, it exhibits that most of the achievable hydrogen reduction is frequently
reachable without significantly sacrificing arrival time. In practice, knee solutions almost always achieved about 70-85% of
maximum hydrogen savings while adding only ~2—-6% travel time; an acceptable trade-off for real deployments where users
and fleets may impose a budget on time, or service level. A second important insight is that the Pareto front is not fixed in
presence of uncertainty. As the traffic regimes change, signal timings become more non-deterministic, or queue spillback
emerges, robustness and reliability considerations redefine what is no longer dominated. And those solutions which under
deterministic assumptions may be overpowered (since they are slightly slower in expectation) can become Pareto efficient
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after factoring in such uncertainty, because these ones lead to much lower variance, tail loss, and fewer operating modes
(e.g. forced stoppage, violent deceleration disturbance, budget blowout). This behavior is especially apparent during the
early period of congestion growth and regime switching in which deterministic eco-routing tends to overcommit to brittle
corridors that can decay rapidly. Under such circumstances, the shape of the Pareto set extends to include solutions with
marginally longer mean travel time but much better punctuality (e.g. improved 95th percentile arrival time), and these kind
of solutions becomes attractive as they are more robust in terms of preserving hydrogen savings across realisations. These
observations seem to lead directly to a pragmatically more useful decision design: instead of presenting one “eco route”, the
system should show some fractions of interpretable Pareto choices based on commonly known user/fleet preferences.
Anything between a 2 and 3 item menu is probably the best fit: (i) Hydrogen-Min, (ii) Balanced Knee (is there such as thing
as "value for money now"?) or (iii) Time-Min but Robustness-On. Offering these options help with adoption because (a) it
will bring the trade-off to the forefront, (b) it makes the situation less arbitrary and (c) enables for fleet policies to encode
operational goals depending on time-to-destination priorities (example: delivering in time v/s saving fuel where not urgent
travel is concerned).

In order to pinpoint the underlying reason causing our approach to be superior to deterministic baselines, two
targeted ablations are performed by depriving one key capability each time. First, eco-routing (without eco-driving) had a
significant impact on signal-dense networks when each was treated as route-only evaluation (link-level or expected costs)
achieved hydrogen savings of 30-50% of the gains offered by the entire proposed approach. This validates that taking into
account merely average-speed link costs do not accurately represent route-level energy optimality; the attained hydrogen
result is dependent on whether a feasible, smooth path can truly be executed on the corresponding routes under signal
conditions and traffic. In the absence of trajectory feasibility, the planner may overvalue corridors that are efficient in
expectation and induce additional stopping and aggressive launches in practice. Second, eco-driving with weak uncertainty
treatment (deterministic trajectory planning based on nominal SPaTs/queue) performed well at low uncertainty but declined
rapidly as the spread of signal timing expanded. Under high-uncertainty, the count of harsh braking events and full stop d
overlap increased while the hydrogen savings were reduced by some 20-40 % when compared to robust case. This
conclusion emphasizes that connected eco-driving is subject to prediction error: without margins or scenario-feasible timing,
“just-in-time” strategies become fragile and forfeit comfort and energy benefits when the predictions are incorrect. The
strong layer is thus more than just a tuning; it is necessary to preserve consistent gains in realistic traffic. Further sensitivity
analyses strengthened deployment-relevant tuning recommendations. Raising the number of candidate routes beyond 10 or
so was found to benefit increasingly less in terms of hydrogen savings while it increased the whole computation and risky
state for the unstable switching, indicating that K = 5-10 is a good compromise between solution variety and real-time
solvability. On the latter front, higher replanning frequency made a vehicle more responsive to changes in regimes but could
cause plan churn when forecasts oscillate; incorporation of hysteresis (switching only when an improved alternative offers
at least slightly higher benefit) can stabilize behavior with negligible impact on hydrogen savings. To sum up, these studies
illustrate that the strength of the framework lies in (i) route selection based on feasible trajectories, (ii) concrete robustness
metrics when subjects face uncertainty, and (iii) a Pareto structure which does not require tuning of fixed weights but
generates decision options with content for decision makers.

A crucial demand for any navigation-grade eco-routing and eco-driving system is that it should close the loop fast
enough to be useful under rapidly varying traffic patterns while stabilizing (i.e. not switching excessively between
routes/plans). It accomplishes that by treating heavy Pareto exploration from lightweight online execution explicitly, and
maintaining compact the online decision variables. The offline stage is where the most expensive computations are carried
out: generation of Pareto-optimal route—trajectory candidates via multi-objective metaheuristics (e.g., NSGA-1I/MOPSQO)
and their assessment under sample uncertainty instances. This step is inherently parallelizable since candidates can be
checked in parallel for all routes, take-off scenarios, and parameter sets. In reality, offline computation may be scheduled as
(i) periodic batch processing for popular OD pairs and high-traffic commuting corridors, and/or (ii) template-cached for
recurring route patterns that can be re-used across many paths (urban arterial grids, highway spans with established merges).
The result is a non-dominated solution library which already contains encoded the hydrogen—time-robustness trade-offs and
feasibility structure under uncertainty. Since these candidates are pre screened, the task of operating online does not have to
“solve” a large optimization problem from scratch but rather must choose among vetted options with predictable behaviors.
The internet stage is slick and quick. It consists of two main tasks: (1) quickly finding the Pareto front of current preferences
(such that, e.g., hydrogen-min within a time budget) and information on upcoming traffic and their predictions5; and (2)
close-range trajectory planning, which adjusts receding-horizon trajectories based on deviations from these
predictions/signals/queues, and constraints that may otherwise be violated. The computational cost dominates by the number
of candidate routes KKK, the length of horizon (time or distance) search and the scenarios of uncertainty for way points
used to evaluate robustness. Even with modest values (e.g., K=5-10; 10-20 s horizon, a small scenario set, or conservative
uncertainty margins) updates can be performed within tens to low hundreds of milliseconds, thus being suitable for embedded
processors and also edge/cloud-assisted navigation stacks. Equally importantly, we also stabilize online with straightforward
switching heuristics (eg. hysteresis thresholds) so that the system does not churn between near-suboptimal Pareto solutions
as forecasts vary over time. The memory footprint is mainly due to the storage of Pareto candidates, in particular route
identifiers and trajectory representation. There is no need to store high resolution speed traces as full-resolution trajectories
can be compressed into a small number of parameters (e.g., spline control points, waypoint speeds or piecewise-constant
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acceleration segments) without significantly reducing feasibility and energy evaluation accuracy. This compression also
favors computation efficiency in the sense that refined online trajectories can be warm-started from compressed
representations rather than re-optimized from scratch. These design choices in combination make the framework
deployable: we amortize the expensive global search offline and have a fast, constraint-consistent online factor that can keep
up with frequent forecast updates.

The simulation campaign proves that the proposed multi-objective, uncertainty-aware integration pays off while
benefits are not consistent over deterministic eco methods in actual traffic. The deterministic eco-routing usually allocates
to each link an energy cost related to the average speed; it can be effective under stable conditions, but for regime shifts this
is a brittle approach, as in the regime shift the realized stop-go structure and intersection delay values deviate from these
averages. Deterministic eco-driving can be very effective when the timing of signals and traffic is predicted well, however,
it can suffer if queue outcomes or SPaT timing do not meet nominal assumptions—yielding in late braking, additional stops,
and trajectory infeasibility that harms hydrogen fuel savings. The proposed framework effectively side steps these problems
by representing routing decisions along feasible trajectories, treating both traffic and signal information as stochastically
known quantities, and learning in an online fashion by flexibly tracing (or moving into) a principled tradeoff set of Pareto
optimal solutions (as opposed to having to re- tune fixed weights or lean on a purely deterministic plan). From a deployment
point of view, one practical implication is that hydrogen-efficient routing for FCEV should be provided as decision support
rather than a single “eco route.” Showcasing a limited number of Pareto options -- such as Hydrogen-Min, Balanced Knee,
Time-Preferred with Robustness: "more reflects users' and fleets' requirements that all travel-time constraints, punctuality
requests and driver preferences are different depending on the trips". A second one is the following: robustness measures
are not optional bells and whistles; they are necessary if we really want to keep on what we promised users. Measures like
95th percentile travel time, hydrogen overrun risk and signal feasibility slack all so obviously capture the brittleness which
causes eco strategies to break down once you step outside idealized assumptions. Lastly, this result con-firms the above
larger methodological point: in uncertain environments, sustained hydrogen saving does not arise from focusing exclusively
on the efficient behavior in expectation but from optimization of viable and risk-conscious behavior that minimizes stop—go
volatility and avoids operational patterns with which both waste energy and harm powertrain.

IV. CONCLUSIONS

This paper introduced a hybrid-based eco-mobility concept for FC-EVs to optimize route selection and eco-
driving speed trajectories under traffic and terrain uncertainty. Conducting grade-aware network routing coupled with
constrained trajectory planning and Pareto-based multi-objective optimization allows for identification of actionable trade-
offs between minimum hydrogen consumption, tolerable travel time, and stack-friendly operation (low transient intensity
and stop—go use). Throughout noisy urban/highway environments, the learned policy consistently promoted routes and speed
profiles that minimized unnecessary braking/accelerations and ensured constraint satisfaction under stochastically congested,
variable signal timing conditions. The Pareto solutions thus establish a useful decision layer for driver or fleet strategy, where
policy (e.g., “hydrogen-min” vs. “time-bounded”) is what we set and tune rather than simply brittle fixed weights to
optimize. Regarding implementability, the framework is real-time deployable since one can conduct offline analysis for
pareto optimal search while operating online based on lightweight updates of partial receding horizon and quick re-selection
between Pareto inexpensive alternatives. The data required is realistic but nontrivial: precise digital maps supplemented with
grade, speed limits, and intersection topology; streaming or forecasted traffic speed and travel-time distributions; and
ultimately so-called connected-infrastructure inputs such as SPaT (and queue) estimates. A FCEV-specific fidelity
meanwhile requires other basic vars, a calibration-based hydrogen consumption model (speed/ accel/grade based, optionally
corrected for BoP and hybrid buffering) along with constraints related to drivability and comfort. Important limitations are
its reliance on the quality of forecasts and driver compliance, approximations in link/trajectory hydrogen models (particularly
BoP influences and temperature/humidity effects), along with the use of degradation proxies rather than based on physics.
The prospective work is going to focus on field trials with production-level map/traffic APl and traffic-connected
intersections, where a thorough assessment of hydrogen savings and travel-time reliability will be made. In terms of
methodology, the next step is to incorporate more high-fidelity FCEV models (auxiliaries, hybrid thermal-water states),
safety-aware learning-enhanced uncertainty models and distributional robust formulations that encode information on rare
events (incidents, extreme weather, non-standard traffic conditions).
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