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8. Appendix

Figures 3 and 4 show qualitative trajectory predictions for
four models from Table 1: basic parabola, basic kinetic,
basic fitg, and basic angular. Each row shows one arc seg-
ment; each column shows the same segment fitted by a dif-
ferent model. Segments are selected to illustrate diverse fit-
ting outcomes: good fits, cases where one model outper-
forms others, and systematic failures.

8.1. Arc-loss ablation on the LP-static dataset

Table 6 ablates the three-term arc objective from Eq. (6) on
the LP-static dataset. We report two representative models:
basic parabola, the simplest arc model, and basic fitg, the
strongest soccer model in Table 3.

Table 6. Arc-loss ablation on the LP-static dataset. We report
mAP,. together with the full-trajectory vertical error. Higher is
better for mAP,; lower is better for error. ‘“No end” removes
Lend, “no z” removes L, and “traj only” keeps only Liraj.

Model Ob;. mMAP,. z (m)

basic parabola full 0.274 0.141
basic parabola noend  0.268 0.182
basic parabola no z 0.276 0.158
basic parabola traj only 0.220 0.511

basic fitg full 0.307 0.160
basic fitg noend 0.296 0.213
basic fitg no z 0.306 0.170
basic fitg trajonly 0.172 0.440

The same trend appears in both models. Dropping ei-
ther auxiliary term already increases the vertical error, even
when mAP,,. changes only slightly. The trajectory-only
variant is clearly worse for both models. For this reason,
we keep all three terms in the default objective: Liaj pro-
vides the main fit, while the endpoint and height terms make
the arc predictions more reliable.

8.2. Active-play and arc/straight classification

Active-play fraction. Each dataset includes manually an-
notated pause intervals marking dead-ball situations, out-
of-play periods, and broadcast replays. The active-play per-
centage (Play in Table 2) is the fraction of total sequence
frames that fall outside these pause intervals. During evalu-
ation, all paused frames are removed before metric compu-
tation.

Arc/straight classification. Trajectory segments between
consecutive pivot points are classified as arc (airborne)

or straight (on-ground). Each segment is first labeled by
a prior fitting pass that fits both arc and straight motion
models to the 3D ground truth and assigns the type with
lower fitting error; these labels are stored as precomputed
segment-type annotations. For segments without sufficient
3D coverage, a segment-level height fallback is applied: the
mean ground-truth z-coordinate over the segment is com-
pared against a clip-specific threshold derived by optimiz-
ing over the distribution of labeled segments. Per-frame la-
bels are then projected from the segment-level classification
onto all inter-pivot frames. The arc percentage (Arc in Ta-
ble 2) reports the fraction of active-play frames belonging
to arc segments.

Release. Per-frame arc/straight labels and pause annota-
tions are publicly released for LP, SW, APIDIS, and ISSIA-
3D datasets.

8.3. Ground-truth and fitting coverage

Table 7. Per-dataset ground-truth and oracle 3D fitting coverage.
GT cov.: fraction of active-play frames with valid 3D annotations.
Oracle cov.: fraction of active-play frames covered by accepted
basic angular oracle-fitted segments. A: coverage drop in per-
centage points. Dataset abbreviations as in Table 2.

Dataset GT cov. (%)  Oracle cov. (%) A (pp)

LP 96.9 91.6 53
EB 100.0 96.3 3.7
SW 99.0 94.2 4.8
ISSIA-3D 63.2 59.9 33
APIDIS 95.3 46.4 48.9

Table 7 reports two coverage statistics for each dataset:
the fraction of active-play frames with valid 3D ground-
truth annotations (GT coverage) and the fraction covered
by accepted basic angular oracle 3D fitted segments (ora-
cle coverage).

For the three soccer datasets with near-complete anno-
tations (LP, EB, SW), GT coverage exceeds 96% and the
drop to oracle coverage is small, indicating that segment
rejection discards only a minor fraction of available data.
The consistently high oracle coverage on soccer data con-
firms that the pivot-point annotation methodology captures
nearly all contact and bounce events during active play, and
that the fitting pipeline successfully reconstructs the vast
majority of the annotated trajectory. ISSIA-3D has sparser
ground truth, yet the coverage drop is the smallest among
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Figure 3. Qualitative model comparison on the Legia-Piast dataset (static and broadcast cameras). Each column corresponds to one
physics model (Table 1). Visualization: red dots show the predicted 3D trajectory projected onto the video frame; green dots show the
oracle 3D ground truth; blue and dark-green dots show the corresponding pitch-plane (ground) projections of the prediction and ground
truth, respectively; yellow markers indicate segment endpoints (pivot points). Per-panel 3D RMSE in meters is overlaid in the bottom-right
corner; the dataset and camera type are indicated in the top-left corner of the first column.
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Figure 4. Qualitative model comparison on the Ekstraklasa-Broadcast (five matches) and APIDIS (basketball) datasets. Each column
corresponds to one physics model (Table 1). Visualization: red dots show the predicted 3D trajectory projected onto the video frame;
green dots show the oracle 3D ground truth; blue and dark-green dots show the corresponding pitch-plane (ground) projections of the
prediction and ground truth, respectively; yellow markers indicate segment endpoints (pivot points). Per-panel 3D RMSE in meters is
overlaid in the bottom-right corner; the dataset is indicated in the top-left corner of the first column.



the five datasets, suggesting that limited coverage origi-
nates in the annotation source rather than in model failure.
APIDIS stands out for two reasons. First, basketball pivot
annotations cover only passes and shots (Section 4.2), so
active play constitutes only 7% of total frames and precise
pivot placement is harder for the rapid exchanges typical of
basketball. Second, the resulting segments are substantially
shorter than in soccer, leaving the optimizer with fewer ob-
servations per segment to constrain the physics parameters.

8.4. MuJoCo ellipsoid fluid model

This section details the ellipsoid-based fluid force model
used by the MuJoCo ellipsoid variant (Table 1). The total
force and torque exerted by the fluid onto the ball are:

fettipsoid = fa + fp + far + fix + £y

(10)
Lellipsoid = 8A +8p+8v
The added-mass force and torque are:
fa=—-mypov+(myov)Xw (1D
ga=-ITjow+(maov) X v+ (Igow)xXw

Quadratic drag opposes the motion and scales with the
square of velocity:

fo = —CppAp|v|v

(12)
gp = —Cpplp|lw|w

where Cp is the drag coefficient, p is the fluid density, and
Ap is the reference surface area.
Viscous drag:

fy = —6mrpfv
v Y o (13)
gv = —8mrpfw
The Magnus force is:
fM = CMpr XV (14)

where V is the body volume and C), is the Magnus coef-
ficient. For a sphere, the Kutta lift f5 vanishes, the virtual
inertia is zero, and added mass can be evaluated analyti-
cally, reducing the fitted parameters to CH'"t, C7'8, and
Chr (Table 1). The projected trajectory curvature in this
model arises from the Magnus force and the added-mass
force, which have opposite signs.

8.5. Transformations between physics-related con-
stants

This appendix details the mathematical transformations
required to convert between different physics simulation
frameworks, specifically focusing on the conversion of drag
and Magnus effect parameters between a base physical
model and the MuJoCo physics engine.

8.5.1. Assumptions and limitations

Throughout this analysis, we assume no virtual mass effects
are present in the system. If virtual mass effects are uti-
lized, additional corrections must be applied to account for
the shift in all computed quantities due to the virtual mass
modifying the applied forces and torques.

8.5.2. Drag coefficient transformations

Base model to MuJoCo conversion. The conversion be-
tween the base model’s drag parameter k3 and MuJoCo’s
drag coefficient C'p is analytical and well-documented in
the MuJoCo documentation. The drag force in MuJoCo is
expressed as:

fD = 7CDpAD||V||V (15)

where Cp is the drag coefficient, p is the fluid density,
Ap is the reference area, and v is the velocity vector.

By comparing the drag force equations between the base
model and MuJoCo, we obtain the following transformation
relationships:

ks =Cp-p- Ap/Mpan (16)
Cp = Mpall ks (17)
p-Ap

where myp, is the mass of the ball. The division by mass
in the second equation accounts for the fundamental dif-
ference in how the parameters are applied: k3 multiplies
the acceleration in the base model, while C'p multiplies the
force in MuJoCo.

8.5.3. Magnus effect transformations

Model differences and challenges. The Magnus effect
presents a more complex transformation challenge due to
fundamental differences in how the two simulation frame-
works handle this phenomenon:

* MuJoCo implementation: Applies a single Magnus
force coefficient uniformly across all coordinate frame
axes

* Base model implementation: Utilizes two distinct coef-
ficients for Magnus effects applied with different magni-
tudes along the topspin and sidespin axes

This structural difference makes it impossible to achieve
an exact parameter match between the two frameworks un-
der general conditions.

Simplifying assumptions and approximation method.

To enable approximate conversion between the frameworks,

we employ the following simplifying assumptions:

1. The angular velocity remains approximately constant
over time



2. The initial angular velocity in MuJoCo can be strate-
gically chosen to control the ratio between topspin and
sidespin components

3. The time-varying nature of topspin and sidespin direc-
tions (which depend on the velocity vector) is neglected
under the constant angular velocity assumption

Parameter conversion procedure. The conversion pro-

cedure follows these steps:

1. Fix the Magnus force coefficient in MuJoCo

2. Determine the initial angular velocity that minimizes the
three-dimensional trajectory displacement between the
base model and MuJoCo simulations

3. This optimization ensures the best possible approxima-
tion given the structural differences between the two
simulation frameworks
The optimization criterion can be mathematically ex-

pressed as:

T
w( = arg min/ [ hase () — Tamugoco (t, wo)|[2 dt  (18)
«@o 0
where w is the optimal initial angular velocity, Ipase ()
is the trajectory from the base model, ryyjoco (£, wo) is the
MulJoCo trajectory with initial angular velocity wq, and T'
is the simulation time horizon.

8.5.4. Validation and accuracy considerations

The approximation quality depends on how well the con-
stant angular velocity assumption holds for the specific tra-
jectory being simulated. For trajectories with significant
angular acceleration, the approximation error may become
substantial, and users should validate the conversion accu-
racy for their specific use cases.

8.6. Modifications necessary for basketball

» All pivot timestamps are treated as high pivots in basket-
ball.

* Leaps—neighboring trajectories with large spatial incon-
sistencies—are retained, as our data preparation method-
ology does not support their removal.

» The height penalty parameters are set as detailed in Ta-
ble 8. We assume no known endpoint for basketball tra-
jectories.

Default Modified
Parameter Known endpoint Open-ended Value (m)
Zmax 1.2 5.0 6.0
2Zmax 24 10.0 12.0

Table 8. Height penalty parameters (all heights in metres): defaults
from the original formulation vs. modified values.



