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Fig. 1.

Main phases of our FBGA method. Inputs are: vectors of curvilinear abscissas s and curvatures K defining the path, initial speed viy;, and the

g-g-v acceleration constraints. Outputs are: speed and acceleration profiles {vy,ay,a,}, and maneuver time 7. Taken from [1] ©2025 IEEE.

Abstract—We present FBGA, a new algorithm for
time-optimal velocity planning under generic acceleration
constraints. By extending previous forward-backward
approaches to handle custom acceleration constraints,
our FBGA matches the accuracy of optimal control
baselines while being up to three orders of magnitude
faster. Our open-source C++ implementation is available at:
https://github.com/DRIVEWISE/FBGA.

I. INTRODUCTION

Time-optimal velocity planning along given paths is
fundamental for autonomous racing [2], [3], drone flight
[4], and robot navigation [5]. In dynamic environments,
online velocity optimization is critical, as many candidate
maneuvers must be evaluated efficiently during planning [2],
[6]. Existing minimum-time velocity planners face a trade-off
between accuracy and computational efficiency. Optimal
Control Problems (OCPs) [7] and Quasi-Steady-State
(QSS) approaches [8], [9] achieve high accuracy and
can handle complex, speed-dependent acceleration limits
(g-g-v diagrams). However, their high computational
cost prevents online multi-query planning or requires
heuristic apex selection (Fig. 2). Conversely, semi-analytical
Forward-Backward (FB) and sequential methods [10], [11]
are computationally efficient but restricted to conservative
box-shaped acceleration bounds. Accurate performance
modeling instead requires complex g-g-v diagrams (Fig.
1) that capture the speed-dependent coupling between the
longitudinal and lateral accelerations [8], [12]-[14].

Our approach achieves the accuracy of optimal control
methods while being up to three orders of magnitude
faster, enabling online use within sampling-based trajectory
planners. Our work, published in [1], proposes the following:

1) FBGA: a new method for time-optimal speed planning
on a given path with custom acceleration constraints.
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(b) Lateral acceleration (ay) and curvature (k), with their local maxima.

Fig. 2. (a) Time-optimal velocity and longitudinal acceleration profiles on
the corners 1 and 2 of the Catalunya circuit. (b) Lateral acceleration and
curvature profiles without apex computation. Taken from [1] ©2025 IEEE.

2) Validation on different racetracks and vehicle types.
3) Comparison against OCPs, showing the same level of
accuracy with 1000x computational speed-up.

II. METHODOLOGY

We introduce a new FB method capable of handling
generic acceleration constraints, represented by complex
g-g-v diagrams (Fig. 1). In our algorithm, reported
in [1], we exploit custom non-derivative root finding
methods to efficiently compute the maximum feasible
longitudinal acceleration at each point of the path, given the
corresponding lateral acceleration and the g-g-v constraints
(Fig. 1). Further details are provided in [1].
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Fig. 3. Velocity, longitudinal and lateral acceleration profiles of our FBGA
and the benchmark OCPpepeh, for a racing car (a) and motorcycle (b) at turn
9 of the Sepang circuit. Taken from [1] ©2025 IEEE.
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Fig. 4. g-g-v envelope (blue-orange lines) for the race car model, and

solution computed by our FBGA (green line) on the Catalunya circuit.

III. RESULTS

We validate FBGA on five racetracks (Table I) and with
two vehicle types: a racing car (g-g-v taken from [7]) and
a racing motorcycle (g-g-v derived from [15] and notably
non-convex). Benchmarking is performed against the OCP
in [13], named OCPpepch, solved with the PINS solver [16].

A. Maneuver Analysis, Lap and CPU Times

Fig. 3 shows the resulting speed and acceleration profiles
at the turn 9 of the Sepang circuit, with the motorcycle
model. FBGA yields results very close to the benchmark
OCPpench, With minor deviations at the acceleration-braking
transitions. Fig. 4 depicts the g-g-v envelope along with
the FBGA solution (green line) on the Catalunya circuit,
with the race car model. The solution adheres closely
to the g-g-v envelope, satisfying the constraints within
the solver’s precision. Furthermore, we compare FBGA
against a minimum-lap-time OCP solved with a high-fidelity
double-track vehicle model (MLT-DT), taken from [17] and
including an MF5.2 tire model, real engine torque curves,
and a limited-slip differential. As shown in Fig. 5, FBGA
matches MLT-DT and OCPpepcn, with maximum lap time
differences of 0.2 s.

Table I shows that FBGA differs from OCPpepch by
only 0.11%-0.36% in lap time, which is comparable to
variations among professional race drivers [18]. FBGA
slightly underestimates the lap times due to its assumption
of unbounded longitudinal jerk. Nonetheless, this assumption
enables fast computations using our FB scheme, making it
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Fig. 5. Comparing our FBGA against the OCPpenen and MLT-DT

benchmarks, on the Catalunya circuit.

N . Lap time [s] CPU time [ms]
Circuit Vehicle OCPyenen FBGA OCPyeney | FBGA
Catalunya Car 112.461 112.204 8017.15 9.86
Moto 105.381 104.999 693.91 3.31
Valencia Car 104.742 104.520 7411.99 8.85
Moto 96.752 96.434 830.82 3.40
Misano Car 107.740 107.451 6805.87 9.66
Moto 98.814 98.497 602.19 3.37
Sepang Car 135.480 135.086 8239.47 11.44
Moto 125.483 125.034 1282.58 4.30
Palm Beach Car 79.963 79.869 4819.43 6.38
Moto 74.790 74.537 706.43 2.39
TABLE I

COMPARISON OF LAP TIMES AND CPU TIMES BETWEEN OUR FBGA
AND THE BENCHMARK OCPggncy, BOTH SOLVED WITH THE SAME
MESH, ON AN M2 MAX APPLE SILICON CHIP.

suitable for real-time applications.

The CPU times in Table I highlight the efficiency of
FBGA compared to OCPpepch. FBGA computes full-lap
speed profiles in 2.39 — 11.44 ms, which is 2 — 3 orders of
magnitude faster than OCPypepch. The CPU times are heavily
influenced by the path length and constraint complexity, as
we show in [1]. These results demonstrate FBGA’s suitability
for real-time trajectory planning in dynamic environments.

IV. CONCLUSIONS

We introduced FBGA, a novel method for time-optimal
velocity planning that supports generic acceleration
constraints. Validated on car and motorcycle models,
FBGA matches the lap times of optimal control baselines
within 0.36%, while being up to three orders of magnitude
faster. This efficiency makes FBGA ideal for real-time
applications, such as warm-starting complex OCPs or
serving as a high-fidelity building block for online
sampling-based planners in autonomous racing.
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