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Motivation

• Part of the Fuel Science Center’s aim to investigate biofuels with closed carbon cycles.

• Understand the influence of fuel parameters and three-dimensional flow-field effects
on fuel distribution, which determines the amount of pollutants at the subsequent com-
bustion.

• Validate numerical methods with experimental PIV measurements by Braun et al. [1].

• Predict spray formation of Ethanol and 2-Butanone under engine conditions.

Computational Setup

Multi-physics simulation on a hierarchical Cartesian grid with:

• A semi-Lagrange level-set (LS) solver for embedded moving boundaries.

• A Lagrange particle tracking (LPT) algorithm to predict fuel spray source terms for

• A finite volume (FV) methode to solve the compressible Navier-Stokes equations.
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Figure 1. Slice through the active and cut finite volume cells at the intake valve plane at
65◦ crank angle (CA) for TINA engine.
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Figure 2. Domain decomposition of a quadtree multi-physics grid with cells used for finite
volume (FV) discretization, lagrange particle (LPT) coupling and level-set (LS) solver.

Computing Resources

• Average of 36 million FV-cells without injection and a maximum of 55 million cells with
injection.

• Distributed over 50 nodes of the Hazelhen system, with 1200 cores used.

• 120 hours of computing time per cycle with a total of 5 simulated cycles.

• Large load variation requires dynamic load balancing [2].
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Figure 3. Cell- and parcel numbers for the Ethanol engine injection simulation. The
temporal- and local refinement changes cause large load variations, which requires an
efficient use of dynamic load balancing (DLB).
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Fig. 6. Load distribution and performance evaluation for the jet simulation on 3072 cores with DLB. 

Fig. 7. Strong scaling for a turbulent jet simulation without (Ref.) and with dynamic load balancing (DLB) from 192 to 6144 compute cores. 
CFD cells. An explanation for this performance variation of the CFD 
solver is that for lower numbers of cells per domain, the efficiency 
decreases due to relatively larger subdomain boundary interfaces, 
which lead to more redundant flux calculations [30] . Moreover, the 
unfavorable increase of the ratio between the local number of halo 
cells and internal cells implies that on average the computation re- 
quires a higher number of memory accesses per cell. Besides some 
smaller deviations in the compute time, this behavior is not ob- 
served for the acoustics solver. 
4.1.2. Strong scaling experiment 

The total computational resources required per simulation time 
step for a strong scaling experiment from 192 to 6144 compute 
cores without and with DLB are depicted in Fig. 7 a. Addition- 
ally, the average idle times are shown for each configuration. For 
lower numbers of compute cores, the parallel computations exhibit 
only small imbalances. Due to the low degree of parallelism, each 
domain is assigned a huge compute load that keeps imbalances 
caused by, e.g., inaccurate computational weights, relatively small. 
Nevertheless, for DLB small improvements regarding the overall 
parallel performance are observed. During the scaling, the load im- 

balances in the reference simulations start with an imbalance per- 
centage of I % = 9 . 6% for 192 cores and increase to I % = 31 . 2% for 
6144 cores. Simultaneously, the total amount of computational re- 
sources required to perform the computations in the simulation 
rises by nearly 20%, due to decreasing local problem sizes. With 
load balancing, the imbalances are reduced to about I % = 2 . 6% and 
I % = 14 . 6% for the simulations on 192 and 6144 compute cores. 
Thus, even though there is still potential to achieve further im- 
provements with DLB, the benefit grows with the degree of par- 
allelism, saving 17.5% of computational resources when using 6144 
cores. 

The speedup of the strong scaling experiment is depicted in 
Fig. 7 b, with the DLB measurement for 192 cores as a reference 
for the scalability analysis. The parallel efficiency of the reference 
simulation declines to about 61% during the scaling, whereas with 
load balancing an efficiency of 74% is obtained with the 32-fold 
increase in the number of compute cores. 

The wall time relative to a regular time step for different parts 
of the load balancing scheme are given in Table 1 . Independent of 
the number of cores, the parallel components require the major 
share of the DLB time, i.e., to redistribute the data, to reestablish 

Figure 4. Scalability for a turbulent
jet simulation using the DLB mea-
surement with 192 cores as refer-
ence [2].

Results
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Figure 5. Liquid
and vapor mass of
the two biofuels af-
ter the start of injec-
tion (ASOI) in the op-
tical engine. Fuel
masses are normal-
ized by the respective
fuel mass necessary
for stoichiometric con-
dition at ignition.
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Figure 6. Evaporated Ethanol (left) and 2-Butanone (right) fuel concentration in the
tumble plane at 105◦ CA (top) and 340 CA (bottom). The fuel concentration is non-
dimensionalised by the volume-averaged concentration at corresponding CA.
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Figure 7. Dimensionless fuel concentration distribution functions in the engine volume
for 2-Butanone and Ethanol at 180◦ CA (left) and 340◦ CA (right).

Conclusion

• Mixture formation prediction by LES coupled with spray models is validated against
pressure chamber- and optical engine experiments.

• Constant pressure flow vessel simulations are not sufficient to optimize injection.
• Engine spray setup shows significant distinctions between fuel properties.
• Ethanol shows a favourable fuel distribution compared to 2-Butanone, due to larger

axial penetration caused by the slower evaporation rate.
• Results enable definition of a cost function based on fuel distribution for quantitative

comparison of subsequent optimization studies.
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