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Abstract This paper considers the detection of the
ball in team sport scenes observed with still or motion-
compensated calibrated cameras. Foreground masks do
provide primary cues to identify circular moving objects
in the scene, but are shown to be too noisy to achieve re-
liable detections of weakly contrasted balls, especially
when a single viewpoint is available, as often desired
for reduced deployment cost. In those cases, trajectory
analysis has been shown to provide valuable comple-
mentary information to differentiate true and false pos-
itives among the candidates detected by the foreground
mask(s). In this paper, we focus on the detection of
ball trajectory segments, exclusively from visual cues,
without considering semantic reasoning about team-
play to connect those segments into long trajectories.
We revisit several recent works, mainly the ones that
we presented in [1] and [2], and introduce a publicly
available dataset to compare them. We conclude that
randomized consensus-based methods are competitive
compared to the alternative deterministic graph-based
solutions, while offering the additional advantage to
naturally extend to the cost-effective single view sce-
nario. As an original contribution, we also introduce a
procedure to efficiently clean up the foreground mask
in correlation-based methods like [1], and a non-linear
rank-order filter to merge the foreground cues from mul-
tiple viewpoints. We also derive recommendations re-
garding the camera positioning and the buffering needs
of a real-time acquisition system.
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1 Introduction

Our work investigates how the ball can be detected in
team sports actions, in a reliable but cost-effective man-
ner, using a minimum number of cameras distributed
around the sport field. Whilst our contributions are
demonstrated in a static acquisition set-up, they only
assume that the objects moving in the scene can be
extracted with reasonable reliability, using off-the-shelf
background subtraction algorithms. Hence, the inves-
tigated methods remain valid for motion-compensated
pan/tilt/zoom camera views. From an application per-
spective, locating the ball (and the players [3,4]) in a
sport context appears to be relevant either to feed sport
analytics and enrich broadcasted content [5], or to drive
automatic team sport coverage [6-8].

Beyond the sport analysis context, the detection of
objects-of-interest is a central component of most video
analysis systems dedicated to scene interpretation. Sim-
plest detectors traditionally build on the extraction of
connected components in a foreground mask [9-12], and
on the comparison of their shapes with a model of the
object silhouette [13,14]. Those detectors obviously suf-
fer from significant false and/or missed detection rates
in presence of multiple moving objects, or when the
object of interest is not moving. To address those limi-
tations, modern approaches have proposed (i) to merge
the information carried by the foreground masks com-
puted from multiple and complementary views of the
same scene [15-17,4], or (ii) to exploit visual classifiers
to capture the specificities of the object visual appear-
ance in terms of texture patterns [18-20].

In practice however, those modern approaches re-
quire either the deployment of a multi-view set-up, or
the identification of visual features that are able to dis-
criminate the object-of-interest from the rest of the
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scene. The first option dramatically increases the de-
ployment cost since, by multiplying the number of cam-
eras, it increases the amount of processed data, requires
calibration, and makes the system connectivity more
complex. The second option is not more practical since
it relies on a representative set of training samples to
learn the object appearance, which inherently restricts
the scope and the genericity of the resulting detector,
and induces a cost to collect and annotate a training
set that is relevant to the application at hand [3]. More
importantly, in case of ball detection, the discrimina-
tive power of visual features is generally tightly coupled
to the contrast between the scene and the ball. Since
reliable ball detection solutions have already reached
the market in highly-contrasted scenarios (tennis and
soccer [21-23]), in this paper we primarily investigate
solutions that provide reliable detection of weakly con-
trasted balls in a cluttered scene observed from a lim-
ited number of viewpoints. To reduce the implemen-
tation cost and the overall computational complexity,
we are especially interested in solutions that can live in
single viewpoint acquisition set-ups, using exclusively
background-subtracted visual cues.
As main contributions, our paper presents:

— an original strategy to process the foreground mask(s)
from a (set of) static view(s) to infer the presence of
a small moving object in the image(s) captured at a
given time instant. The approach extends our initial
work in [1]. As in [1], it builds on integral images for
improved computational efficiency. Beyond [1] and
to improve the detection accuracy, it introduces an
original foreground mask(s) players-aware clean-up
mechanism to isolate ball candidates, and a novel
non-linear filter to merge the ball candidate posi-
tion information from multiple viewpoints. Also in
addition to [1], it recommends the use of spherical
coordinates to approximate the ball silhouette tem-
plate. When defined in terms of angular aperture,
the ball silhouette template indeed remains circu-
lar whatever the position of the ball in the scene.
In contrast, when described in terms of image plane
coordinates, the projected ball silhouette becomes
elliptical when the ball moves away from the princi-
pal axis of the camera. Eventually, and still in com-
plement to [1], our paper also demonstrates the real-
time implementation feasibility of our solution, and
reveals that a minimal delay of about half a sec-
ond is desirable to achieve accurate detection in a
real-time acquisition scenario;

— a comparative analysis of graph- and consensus-based
approaches to estimate a ballistic trajectory from
the corrupted set of ball candidates obtained along
the time. Such comparison was missing in earlier lit-

erature. To fill this gap, we release a novel and pub-
licly available groundtruth for the APIDIS dataset
[24], and builds on it to compare a variety of use
cases. Our investigation reveals that the stochas-
tic consensus-based regression has the advantage to
naturally generalize to the single-view scenario, whilst
reaching similar performances than the exhaustive
graph-based search in the multi-view scenario.

When combined together, all those contributions al-
low for cost-effective and reliable detection of the ball
trajectory segments, starting from a computationally
efficient foreground mask analysis, and increasing the
detection reliability based on advanced processing of a
limited number of candidates. Our paper primarily fo-
cuses on the practical deployment aspects. Since our
method is based on visual cues that are extracted from
the part of the foreground mask that are disjoint from
the player silhouettes, it can detect the ball only when
the ball is not occluded or held by a player. Our method
can however obviously be augmented with any kind
of additional high-level semantic reasoning about team
play, to connect the detected tracklets into long term
ball trajectories [25-27].

The rest of the paper is organized as follows. Sec-
tion 2 positions the previous art related to ball detec-
tion with respect to our challenging applicative context
(low contrast, scene cluttered with many team sport
players). In particular, it motivates the relevance of the
comparative study provided in our experimental valida-
tion. Section 3 explains how the specific shape and the
high speed of the ball support the formal definition of
a ball detector. Primarily, it extends our work in [1], by
introducing a players-aware pre-processing of the fore-
ground mask to locate the rapidly moving objects at
individual time instants. It also proposes a non-linear
strategy to fusion the foreground cues in the multi-view
case. Section 4 analyzes the trajectory of the ball can-
didates to identify the ones following a ballistic trajec-
tory. It generalizes the consensus-based ballistic trajec-
tory estimation to the single-view case, and compares
it to graph-based approaches in the multi-view case.
Section 5 considers a representative use case, and pro-
vides a comparative analysis of relevant state-of-the-art
methods. The study validates our contributions, and
demonstrates that the proposed consensus-based ap-
proach favorably compares to graph-based approaches
in the multi-view case, while naturally generalizing to
the single-view case. The experimental results also pro-
vide the required material to guide some of the criti-
cal design choices (i.e. number of views, buffer require-
ments, camera positioning with respect to the scene)
involved in the deployment of a static video system for
team sport analysis. Section 6 concludes.
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2 Related works

This section presents the previous works that are rele-
vant to our study, and positions them with respect to
our envisioned application scenario, both in terms of
detection effectiveness and deployment constraints.

The ball is of particular interest in many sports, and
its detection has been largely investigated, leading to in-
dustrial products like the automated line calling system
in tennis or the goal line technology in soccer [21]. In
tennis, table tennis, or soccer games, the ball is visible
most of the time, which makes the track-before-detect
approaches relevant [22,23,28,29]. The same holds when
the system aims at detecting whether a ball crosses
a field border [30]. In contrast, in sports like basket-
ball, the ball is often occluded by players, and a detect-
before-track strategy is generally adopted [31,1,2]. We
focus on those solutions in the rest of the paper.

Most of the methods proposed in the literature ex-
ploit the circularity and ballistic trajectory of the ball.

Primarily, the ball is envisioned as a small circu-
lar and moving object, potentially characterized by a
specific color pattern. Hence, it is generally segmented
in individual images based on the identification of cir-
cular shapes in a foreground mask [31-34]. For im-
proved accuracy, but at the cost of additional com-
putational complexity, the authors in [26] scan all the
foreground pixels in a sliding-window manner, obtain
the color-histogram of the current window and compute
the inner-product between a reference ball template his-
togram and the current histogram. The actual detection
performance significantly depends on the contrast be-
tween the ball and the background, which might be high
(volley, tennis or soccer) or low (basket-ball). We will
focus on the low-contrast case in this paper, since any
detection algorithm working on an individual image in
this case induces a significant rate of false/missed detec-
tions [1,2], including when multiple views are available.

To increase the detection reliability for low-contrasted
balls, most previous works analyze the displacement
of a conservative set of ball candidates across time, to
only retain the candidates that follow a ballistic trajec-
tory. Specifically, Chen et al. [31] consider the shooting
actions of a basket-ball game, as displayed in highly
contrasted TV broadcasted content. They analyze the
trajectory of the candidates by fitting consecutive de-
tections to a parabolic model, solving a quadratic min-
imization problem. In [34], the same authors connect
closely detected volley-ball candidates along the time,
and only retain the sequence of detections that fit a
parabolic equation. [35] adopts the same strategy to
detect long shots in basket-ball sequences. Our pre-

vious work in [1] follows a similar idea, but adopts a
RANSAC approach to deal with the lack of accuracy
and reliability of the initial candidate detections ob-
tained in cluttered scenes, when the ball lies among
the players and is weakly contrasted compared to the
background. As an alternative to the quadratic regres-
sion, graph-based formalisms have also been considered
to formulate the ball trajectory estimation problem. In
Yan et al. [32], for highly contrasted balls, a set of bal-
listic trajectories are first estimated based on triplets
of consecutive candidates, and a graph-based formal-
ism is adopted to infer a global trajectory from those
local triplets trajectories. Since it relies on triplets of
consecutive detections, the method is not appropriate
when only few detections are available along the time,
which is the case with low-contrasted balls. Zhou and
al. [33] follow the work in [32] in that they also attempt
to connect sub-trajectories into global ones. They also
define sub-trajectories based on the projection of local
motion models, which requires high detection rates on
individual images, as only encountered in highly con-
trasted context. To circumvent this limitation, the work
we have initially presented in [2] has proposed to esti-
mate the ball trajectories by building a so-called veloc-
ity graph. In this graph, each node represents the 3D
velocity measured between a pair of temporally ordered
3D candidate detections. Each edge compares the ac-
celeration measured between the two nodes with the
gravity acceleration, so that short paths in the graph
correspond to ballistic trajectories. The approach ap-
pears to be both elegant and effective, but relies on 3D
positions as input ball candidates. Hence, it cannot be
used in the case of a single view acquisition set-up.

Players positions provide indirect and complemen-
tary cues to locate the ball in many kinds of games. [36]
and [37] have shown that the location of the ball can
reasonably be predicted based on players displacement
analysis, but do not merge this information with cues
related to direct detection of the ball. Explicit heuristic
rules have also been considered to infer which player
holds the ball from independent tracking of the ball
and the players [38,39]. The most relevant works with
respect to ball tracking are probably the ones that have
considered the joint tracking of players and ball [25-27,
40]. Those works reveal that, by estimating jointly and
globally the trajectories of interacting players and ball,
the presence of the ones (most often the ball) that are
not initially detected based solely on image evidence
can be inferred from the detections of the others. In
particular, in their recent and innovative works, Wang
et al. have formulated explicitly the fact that the ball
can appear or disappear at players locations. The work
in [26] uses Conditional Random Fields (CRF) to es-
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timate whether the ball lies between players or is in
possession of one of those players. It takes as input (i)
the position of the players along the time, and (i) a
ball occcupancy map (BOM). In practice, the BOM is
derived from a multi-view ball detection tool that is
similar to one of the algorithms investigated and com-
pared in our paper. Hence, the lessons drawn from our
work will directly benefit the application of the frame-
work presented in [26], including in single view scenar-
ios. The same remark holds for [27,40], which formu-
late the joint players/ball tracking problem as an in-
teger program. In this formulation, flow conservation
constraints ensure that the ball appears from the same
player where it disappeared. Those two frameworks are
strongly recommended to leverage any visual ball de-
tector to achieve long term tracking. They thus effec-
tively complement our approach to handle long-term
tracking when the ball is kept in players’ hand. They
however both directly depend on the capacity to de-
rive reliable cues about the presence and localization of
the ball in the image(s). This makes especially relevant
our careful investigation and comparison of the differ-
ent approaches proposed in the literature to estimate
ball trajectory segments from visual cues.

3 Lowly-contrasted ball candidates detection

This section extends our previous works in [1] to detect
the ball independently in each frame, in the challeng-
ing case for which the contrast between the ball and
the background is too small to achieve a reliable de-
tection from a simple (motion and) color thresholding.
Without loss of generality, we present our approach in
a multi-view set-up, and highlight the single-view case
specificities when relevant.
The rest of the section is organized in two parts:
Section 3.1 assumes that players location are known
and explains how the foreground mask derived from
a conventional background subtraction algorithm can
be processed to only retain the silhouettes that move
rapidly between the players.

1

Section 3.2 computes a set of ball position candi-
dates at each time instant, based on the analysis of the
processed mask.

3.1 Players-aware extraction of rapidly moving
silhouettes

This section presents how the foreground mask derived
from a conventional background subtraction algorithm

1 In this paper, the player positions are computed as in [4].

(d)

Fig. 1 Masks obtained for Camera 7, APIDIS dataset: (a)
the foreground mask F¢; (b) the players mask Mf; (c) the
mask F¢ defined in Eq. (1); (d) the players-aware cleaned-up
foreground masks FF, which only keeps the connected com-
ponents in (c) that are disconnected from the ones in (b).

can be processed to only retain the foreground silhou-
ettes that likely correspond to the ball. It considers the
ball to be a small, rapidly moving, circular object, and
assumes that the players’ locations are known. This as-
sumption is realistic since [4], optionally combined with
[3] in a single-view acquisition set-up, achieves -in real-
time on a conventional PC- detection rates higher than
95%, with less than a few percent of false positives.
Figure 1 illustrates our mask simplification process.
Input foreground masks are computed in each view us-
ing the background subtraction algorithm in [9], with
a relatively small foreground detection threshold, so as
to detect the ball even in case of a weakly contrasted
scene?. Given the foreground masks Fy and Fy_; com-
puted in camera c at times ¢t and ¢ — 1, we first compare
Ff¢ and Ff ;| to only retain the foreground pixels that
are present in the first mask, but not in the second one.
Formally, we define the masks difference Ff as:

Ftc:Ftc/\_‘ tc—l (1)

with A and = denoting the ’"AND’ and "NOT’ operators.
As observed in Figure 1(c), this masks only retains the
foreground pixels from Fy that are uncovered, i.e., part
of the background, at time ¢ —1, thereby only highlight-
ing objects whose projection in view ¢ moves rapidly.

2 The use of a small threshold induces a significant amount
of false positive foreground pixels in the mask, which makes
the clean-up stage, as well as the subsequent template-based
correlation and ballistic trajectory analysis, especially helpful
to avoid false ball detections.
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Fig. 2 Two frameworks for multi-view ball detection: (a) Corr: the correlations of each of the 2D foreground masks with
an approximated template of the ball silhouette are merged to identify the 3D locations that are likely to support the ball;
(b) CCA: the shape and size analysis of the connected components selects small circular objects in the 2D foreground masks,

which are then triangulated to infer 3D ball position candidates.

To refine F¢, the moving foreground pixels that are
part of the players silhouettes are removed. This is done
by considering the players mask My, which defines, for
the view ¢, the areas of the image covered by players
at time ¢. Knowing the positions of the players on the
ground plane [4], the players mask is computed as the
union of the projections on the view of the 3D players
silhouettes, as approximated by 3D bounding boxes?.
The connected components of the foreground mask Ff
that are linked to those projected boxes are mainly due
to players shadow and reflection, and are thus added to
the players m§§k4. The players-aware cleaned-up fore-
ground mask Fy is then simply computed by subtract-
ing M{ from Ff.

3.2 Instantaneous detection of ball position candidates

Figure 2 presents two approaches to compute a set of
ball position candidates at a given time instant ¢, based
on the analysis of the players-aware cleaned-up masks
F¥. The first method extends the correlation-based ap-
proach we initially introduced in [1], while the second
one follows the connected component analysis frame-
work, introduced in our work [2], and similar to the
approach adopted in [26]. In both approaches, we only
consider the foreground mask and ignore the color cue.

3 Each player is approximated by a 40 cm (width) x 180
cm (height) rectangular box.

4 To prevent the unfounded removal of ball candidates, the
operating point of the player detector is chosen to maintain
a very small false positive rate, at the cost of a relatively
moderate detection rate.

This is because (i) color appears to be poorly discrimi-
nant in lowly contrasted indoor basket-ball scenes, and
(ii) working with the foreground binary mask reduces
the ball template matching computation to a few oper-
ations when using integral images, which is especially
attractive regarding real-time implementation.

3.2.1 Correlation-based detection method

This method considers integral images to efficiently com-
pute the ball position candidates from the correlation
between the mask F¢ and an approximated template of
the expected circular silhouette of the ball.

Fundamentally, our proposed method considers a
3D grid of possible 3D positions for the ball center,
and estimates the likelihood that the ball is actually
located in one of these positions. We first explain how
the likelihood is estimated in one single view, and then
present our non-linear approach to merge the likelihood
from multiple views.

Given a calibrated camera ¢, the projection of a ball
centered in M € R? corresponds to a disk with center
m. € R? and radius Tc,M, Where 7. pr can be computed
based on the calibration parameters of the camera c,
the center M of the ball and the known ball size. Thus,
the likelihood that a ball is located in M can simply
be estimated by correlating the mask Fi¢ with the tem-
plate T(M) (see Figure 3-(a)) which is a white disk,
with center m. and radius 7. s, surrounded by a black
annulus, whose radius has been set to 2. . To give the
same weight to the inner and outer disks, their constant
values are set to 1 and 1/3, respectively.
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In practice, to guarantee that the ball silhouette
remains circular when the ball moves away from the
principal axis of the camera, we recommend to work in
spherical coordinates (centered in the camera center),
instead of image plane coordinates as was done in our
initial work [1]. For increased computational efficiency,
the circular template is approximated by a squared one
(see Figure 3-(b)), so that correlations can be computed
based on (spherical) integral images [41]. The conven-
tional integral image algorithm is used, but is imple-
mented on images defined in terms of the polar and
azimuthal coordinates of the spherical coordinate sys-
tem instead of the conventional x and y image plane
coordinates. For camera ¢, the (angular aperture) size
re,m of the template associated to the position M is set
to arcsin(b/d.) ~ b/d., where d. denotes the distance
between M and the center of camera ¢, while b denotes
the radius of the ball. The size of the external side of
the back area is set to /2 . Te,M, S0 that the black area
equals the white area. To compensate for the variation
of the template size with the distance between the po-
sition M and the camera, those correlations are divided
by a normalization factor. We chose it equal to twice
the inner square area, so that the normalized correla-
tion lies in [0, 1]. We let Clc](M) denote the normalized
correlation in camera c, at position M.

(a) (b)

Fig. 3 Templates to compute the correlation measure: (a)

Exact template T(¢-™); (b) Approximated template T'(¢;M)
to use integral images.

We now explain how the normalized correlation met-
rics from multiple views are combined to infer a joint
likelihood of ball presence in M. We consider two strate-
gies.

The first one follows the linear approach introduced
in [1]. It simply sums up the normalized correlations
computed in each view for position M, and defines the
joint correlation Ciut (M) to be:

T 400 o

Otot(M) =
where K is the set of camera index for which m,. lies in-
side the field of view, without being hidden by a player,
and |K| is the cardinal of the set K. A position M

is defined to be a ball position candidate as long as
Crot(M) > Tiot-

The second approach is original, and proposes a
non-linear rank ordering approach to fusion the normal-
ized correlations. This is to account for the fact that the
low-contrasted nature of the ball (which induces missed
detections), together with the calibration inaccuracies
and the potentially loose synchronization between the
cameras (as encountered with IP cameras for example),
makes it very unlikely to observe consistent ball silhou-
ettes in every view. Therefore, we propose to relax the
ball presence likelihood estimator by considering that
the ball is likely to be present in M as long as the cor-
relations Clc](M) are above some threshold 7. in at
least r < |K| views. Equivalently, this happens when the
rth rank order correlation Crofr (M) lies above Teory.

In summary, the correlation-based detection approach
builds on our previous work in [1], but extends it by lie
in the fact that:

— [1] estimates the ball position based on the fore-
ground mask Fy, and not based on a players-aware
cleaned-up mask Fy;

— introducing a non-linear rank-order filter to fusion
the information computed in different views, which
is shown to advantageously replace the linear filter
presented in [1] when the ball silhouette is likely to
be occluded in the multiple views available.

3.2.2 Detection based on connected component analysis

We now briefly survey the approach we have introduced
in [2]. The method simply selects the regions that are
reasonably circular, and have a size that is close to the
expected ball size in camera c. Hence, it removes from
F¥ the connected components that are bigger than 7,4
pixels or smaller than 74,4 pixels, and the ones with
an aspect ratio that is higher than 7. The thresholds
are determined based on the camera calibration param-
eters, relaxed based on the statistical analysis of a few
ball samples. In a multi-view set-up, where the game
is observed by several (loosely) synchronized and cali-
brated cameras, we fusion the partial decisions taken in
each view by triangulating the pairs of 2D candidates
extracted in different views to define 3D candidates.
Specifically, given the 2D ball candidate locations ex-
tracted in each view, the triangulation works in two
steps. In the first step, all pairs of 2D ball candidates
extracted in two different views are triangulated to de-
fine a set of 3D triangulated positions. When the light
rays associated to the 2D candidates do not intersect,
the 3D point that lies in the middle of the shortest
segment connecting the two rays is selected as a 3D tri-
angulated position only if its distance to the light rays
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is smaller than 30 cm. In a second step, the 3D triangu-
lated positions that are sufficiently close to each others
(less than 7.,se centimeters) are merged. In practice,
this is done using a simple greedy approach that first
selects the 3D point with the largest number of suffi-
ciently close neighbors, and then iterates on the residual
set of 3D triangulated positions.

3.2.8 Complexity analysis, and single view case
simplifications

The correlation-based (Corr) and the connected com-
ponent analysis (CCA) methods fundamentally differ
in the way they process the foreground masks. The cor-
relation approach scans a relatively dense grid of 3D
points, and correlates each one of the 2D views with
an approximated template of the ball silhouette. Such
a process is computationally realistic in a limited 3D
area, e.g. around the basket or the goal in a basket-ball
or soccer game for example, but becomes intractable
over large scenes, since the number of correlations to
compute increases proportionally to the volume of the
investigated area.

In contrast, the CCA approach starts by picking-up
2D ball position candidates from 2D images, and then
triangulates to infer 3D candidates. This method might
suffer when the ball silhouette is split into several pieces
of foreground mask, but it scales reasonably well with
the size of the scene since the complexity associated to
the detection of 2D candidates is proportional to the
size of the foreground mask, and not to the volume of
the scene. This makes it worth evaluating the penalty
induced by this method in terms of detection accuracy,
compared to a correlation based approach. This analy-
sis is carried out in Section 5.1.

Eventually, particular case of interest is the one of
a single panoramic side view. This case is widespread
among commercial automatic sport production and anal-
ysis solutions, e.g. [8] for basket-ball production or [42]
for soccer analysis. In this case, the ball silhouette has a
relatively constant size, because the camera is far from
the 3D regions in which the ball has to be detected®. As
a consequence, the correlation-based approach can be
implemented efficiently as a simple convolution, which
mitigates the complexity drawback associated to the
Corr method.

5 Assuming that the single viewpoint is at least 15m away
from the field, which is common in practice, the actual tem-
plate size lies within a margin of less than 30% around the
constant-size template, chosen to fit the ball silhouette when
the ball is in the field center.

4 Inferring ballistic trajectories from ball
position candidates

To identify false positives among the candidates ex-
tracted in the above section, as well as to interpolate
the missed detections, this section explains how to infer
plausible ballistic trajectories from the ball candidate
positions.

As detailed in Section 2, both least-squares function
approximation and graph-based approaches have been
considered in the past for this purpose. In this paper,
we aim at studying and comparing those two strategies
in terms of tracking effectiveness, but also deployment
constraint. Therefore, we review and extend the state-
of-the-art methods we have respectively introduced in
[1] and [2] to address each one of those two strategies.

4.1 Consensus-based trajectory estimation

Our RANSAC-based approach estimates a ballistic tra-
jectory from a consensus between the quadratic regres-
sions computed from random subsets of ball position
candidates in a temporal neighborhood. In terms of de-
ployment, the method has the advantage to naturally
generalize to the single view scenario.

4.1.1 Motion model and least squares approximation

Neglecting the friction forces, a ball is only subject to

the gravity force, inducing the acceleration a = g =

[0 0 —g.]" with g, = 9.81 m/s%. The ballistic trajec-

tory model is given by:
f:R—=R?

1,42 (3)

t = f(t) =38t +vt+p

where ¢ is the time, and f(t) = [2(t) y(t) 2(?) ]T, v =
[vx Uy vz]T, p= [px Dy pz]T (€ R?) are respectively
the coordinates of the point at time ¢, the initial velocity
and the initial position.

Given a set of N 3D points {(z;, i, 2i)},_, y defin-
ing the ball center at time ¢;, the 6 model parameters
b= [vm Uy Uz Pz Dy pz]T are estimated by solving the
following linear least squares problem:

5~ Jargmin ||AB —b||?
5—{/36[&@ (1)

where A € R3V*6 and b € RN are defined as:
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4.1.2 Single-view ballistic trajectory estimation
specificities

In the single view case, the ball position candidates are
defined in 2D image coordinates, so that the estimation
of the six parameters of the ballistic trajectory is not
straightforward anymore. However, our method easily
generalizes to this case by taking the projection matrix
of the calibrated camera into account, as follows. Let
us consider a set of N 2D points {(u;,v;)},_; 5, €ach
point defining the center of the ball in the single view
at time ;.

Given the projection matrix P € R3*% of the camera
and a point M = [z(t) y(t) z(t)]T7 its projection m =
[u(t) v(t)]T is given by:

(1)
Au(t)
() | = p | Y0 (6)
\ z(t)

1

By replacing z(¢), y(t) and z(t) in Equation (6)
based on f(t) in Equation (3), we obtain a system of
the form defined in Equation (4), with Ayp € R2Nx6
and bop € R2N,

4.1.8 Statistical-based ballistic trajectory estimation

A RANSAC (RANdom SAmple Consensus) approach
is adopted to remove outliers among the detected ball
candidate positions. The RANSAC process [43] is ap-
plied on a sequence of windows of size T, shifted by
steps of size s, so that the ball position is estimated in
s novel frames at each step. T is typically set to cover
a one second period (T=24 in our experiments), while
s is typically set to T'/2. To improve the detection ac-
curacy, we tolerate a delay of d frames, meaning that
the ball position at time ¢ has to be estimated at the
latest when frame ¢t + d becomes available. In practice,
since the window progresses by steps of size s, we have
to estimate the ball position between frames k.s and
(k—+1).s as soon as the frame k.s+ d becomes available.
Since we want to maximize the number of future frames
that are available when estimating the ball position at
any time ¢, s is set to one. Section 5.2 analyzes the

impact of the delay parameter d. Each iteration of the
RANSAC process first estimates the motion model pa-
rameters from n;,; = 3 ball candidate positions taken
at random. To reduce the impact of the noise affect-
ing the candidate positions®, random candidates are se-
lected such that they are at least separated by ngep = 2
timestamps. In a second step, the candidate positions
that fit this estimated model (with a certain thresh-
old 7y = 30 centimeters) are considered as inliers; the
model is validated and is re-estimated from these inliers
if their number is larger than a threshold 7,565, Set
to max(4,1/2) with | being the length of the trajectory
model, as defined by the largest inliers frame indices
difference. Finally, the mean squared error between the
estimated model and the inliers is computed. This pro-
cedure is repeated for a determined number of iterations
nite = 500 and the model with minimal mean squared
error is kept, if the error is smaller than a threshold
Teost,RANSAC centimeters. This threshold fixes the op-
erating point of the method in terms of trade-off be-
tween the detection rate and the false positive rate. Its
variation allows to plot ROC curves in Section 5.2.

A number of additional criterions are considered to
discard the trajectories that obviously do not corre-
spond to the ball, either because their vertical ampli-
tudes are flat (assessed based on appropriate thresh-
olds) or because their occupancy rates are lower than
50%. The occupancy rate is the ratio between the num-
ber of 3D candidates close to the detected ballistic tra-
jectory and its duration in timestamps. The same cri-
terions are used to post-process the tracklets derived
from the graph-based method presented below.

4.2 Graph-based trajectory estimation

This section considers a graph-based formalism to de-
fine ballistic tracklets from the sequence of 3D ball can-
didates. Graph formulations have been considered in
several previous works [33,32,2]. They offer the advan-
tage to benefit from computationally efficient solutions
(e.g. Dijkstra) to optimize a sequence of ball candidates
associations with respect to a desired cumulative cost
over each association. They can thus compute globally
optimal solutions, where the consensus-based approxi-
mations only explore a subset of the trajectory space.
Since our work in [2] is the only one to directly em-
bed the ballistic constraint in a graph-based formula-
tion, we adopt it as a reference in our comparison with
consensus-based solutions.

6 False detections generally appear in bursts, and candidate
location inaccuracies result from calibration and synchroniza-
tion errors in multi-view set-ups.
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The approach is applied on the serie of temporal
windows [k.T/2, (k+2).T/2], k > 0, and considers two
graphs.

Position graph: The position graph Gp = (Np,Ep) is
a directed graph, where:

— Np is the set of nodes. The i-th node corresponding
to the i*" ball candidate in the investigated time
window, and being defined by a time t; and a 3D
position x;.

— &p defines the connectivity between the ball can-
didates. An edge is created from node i to node j
when t; < t; < t; + Thnae and ||v; ;|| < Vmaz, with
vi; = (xj —x;)/(t; — t;) and ||.|| denoting the [*-
norm.

Creating a connectivity on a T}, time horizon in-
creases robustness against missed detections, while up-
per bounding the velocity v;; between two nodes re-
flects the limited energy of a thrown ball.

Velocity graph: The velocity graph Gy = (M, Ey) is
the line graph L(Gp) of the position graph. Hence [44]:

— Ny is defined to be the set of edges of Gp

— &y is defined so that two nodes in Ny, are connected
if and only if their corresponding edges in Gp share
a common node, i.e.

gy = {ei,j’k | €;; € 573 & €k € EP}i,j,ke[l,N]- (7)

An acceleration vector a, ; j is associated to each edge
€i .k, and is defined as a; j = 2.(v; . — vi;)/(te — ti).

Ballistic trajectory from the velocity graph: Since a ball
has a constant acceleration, looking for a ballistic tra-
jectory is equivalent to finding path in the velocity
graph for which the observed acceleration is constant
and close to the gravity acceleration. As a consequence,
we define the cost ¢; j 1 of an edge e; ;1 in the velocity
graph Gy as:

cijk = (te —ti)l|aijx — 8l (8)

so that the shortest path in the velocity graph cor-
responds to a sequence of ball candidates that follow
a close-to-ballistic trajectory. In practice, the shortest
paths and their associated costs ¢; ;1,1 between all ver-
tices e; ; and ey, (with ¢; < t;) in the velocity graph
Gy can be computed with Dijkstra’s algorithm. As the
time duration of those paths are different, the path costs
¢i j,k, are normalized and given by:

—_~—

Ci gkl = (

Ci,j,k,l
9
te+ b —t; —t;)P’ )

where 8 > 1 allows to favor long (in terms of time
duration) shortest paths.

Paths shorter than a threshold (7s40rt) are discarded.
If more than one sufficiently long path exist, the one
with the smallest normalized cost is selected if this cost
is below a threshold Tcost,Grapn- The thresholds are rel-
atively easy to tune, according to the common duration
of a ball trajectory in the sport at hand.

5 Experimental validation

In the previous sections, we have extended our work
in [1], both in terms of foreground mask definition, and
of masks fusion in the multi-view case. We have also
observed that the previous literature considers either
model fitting or graph formulation to deal with the esti-
mation of ballistic trajectory segments. Hence, our val-
idation primarily aims at (i) demonstrating the benefit
of our contributions compared to our initial formulation
in [1], and (ii) positioning our proposed consensus-based
approach with respect to a state-of-the-art graph-based
approach, such as the one we had introduced in [2]. Our
validation also discusses the advantages of our approach
in terms of real-time implementation.

To run those validations, we have augmented the
APIDIS dataset with manually annotated ball positions
that are now made publicly available at [24], with most
of the code associated to our proposed method. The
APIDIS dataset consists in 7 streams of 1600 x 1200 im-
ages captured by 7 calibrated IP cameras, at about 25
frames per second. During the acquisition, a timestamp
has been appended to each image by a central server,
allowing for a loose synchronization of the streams. To
assess and compare the ball detection algorithms, a 3D
ball positions ground truth has been computed based
on the triangulation of the 2D ball positions manually
provided in each camera view, for a 3 minutes-long pe-
riod.

The comparative investigation associated to this novel
and relevant” dataset demonstrates the superiority of
the players-aware foreground mask compared to an un-
cleaned mask, as well as the benefit of a non-linear fu-
sion of the correlations computed in different views.
It also reveals that the RANSAC-based approach for
ballistic trajectory analysis favorably compares with
graph-based alternatives, while giving the opportunity
to handle the cost-effective single view case. In terms

7 The dataset is unique in terms of relevance because (i) the
camera placement has been selected for production purpose
rather than to detect the ball, and (ii) the lightning is far
from optimal[26,40], but representative of what is commonly
encountered in practice.
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Fig. 4 (a) ROC curves for the 3D ball detection in a multi-view set-up. N = 4501 and D = 154. The dashed-dotted blue
curve depicts the results obtained in [1], while other curves refer to variants of our proposed approach (see text for details),
(b) ROC curve obtained when detecting the ball from a single camera with the Corr method, using the normalized correlation,
and CCA operating point. In the single view case, N = 4501 and D = 210.

of computational complexity, working based on fore-
ground mask integral images is shown to achieve real-
time performance at 30 fps while using only a small
fraction of a conventional CPU and associated data
transfer capacities. This makes it an attractive building
block for advanced team sport analysis and autonomous
production. Regarding the real-time aspects, our vali-
dation also discusses the impact of the delay required
to estimate the ball trajectory. It reveals that a delay
of one second is largely sufficient to get the best out
of the consensus-based approach, which is compatible
with most real-life applicative scenarios, including au-
tomatic production [6-8], where a delay of 2 seconds is
needed to smooth out the viewpoint selection decisions.

A number of video samples are provided at [45], for
qualitative assessment of our method.

5.1 Detection at independent time instants

This section compares the Corr and CCA methods, pre-
sented in Figure 2 to select ball candidate positions at
individual time instants. It compares the approaches
in the multi- and single-view scenario. Its purpose is
to quantify the benefit resulting from the contributions
we have proposed to improve [1], but also to identify
in which acquisition scenarios the detection on inde-
pendent frames fails and needs to be augmented based
on trajectory analysis. In practice, K (= 7) loosely syn-
chronized and calibrated IP cameras are considered in
the multi-view scenario. For the single-view case, only
camera 7 has been considered. The results have been

computed over three minutes of the game starting at
18h47°00”, that is for 4501 frames.

Results are presented in the form of ROC curves.
Since our algorithms target the visual detection of ball
trajectory segments (without complementary semantic
high-level reasoning, as discussed in our 'related work’
section), the detection rate corresponds to the number
of true positive detections among the D time instants at
which the ball (i) is not in a player’s hand, and (ii) lies
within the investigated field or basket area. The false
positive rate corresponds to the number of false detec-
tions among the total number N = 4501 of investigated
time instants. D is defined in the figures’ legends, since
it depends on the size of the investigated area.

The algorithms parameters are defined as follows.
Triangulation in the CCA method considers a parame-
ter Teose equal to 30 cm, while the Corr method con-
siders a 3D grid with a 10 cm step. Detection is consid-
ered as being valid if its distance to the ground truth
is smaller than 30 cm (account for radius of the ball and
error of synchronization between different cameras). 7,
and Tsmau are set to 2500 and 50, respectively.

Figure 4-(a) considers a multi-view set-up, and re-
stricts the investigated area to a rectangular box around
the basket. Restricting the search to the basket neigh-
borhood not only limits the computational complexity,
but also makes sense from an applicative perspective.
Indeed, as pointed out by the work in [46], knowing
when the ball is close to the basket is of primary impor-
tance to disambiguate the game actions. In our dataset,
the basket area is covered by 4 cameras, and Figure 4-
(a) compares the ROC curves resulting from [[1], p. 1,
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Fig. 5 Ball detection process illustration. Video available at
[45]. Blue and purple circles depict the ground truth of the
ball. Blue circles correspond to the instants at which the ball
cannot be detected by our methods, either because it is in
the hand of a player, or it lies outside the investigated area.
Green and red circles depict the 3D ball candidates that are
detected at individual time instants. Green circles identify
the positions that are found to be consistent with a ballistic
model. (a) and (b) are obtained with the CCA method, fil-
tered based on a graph or RANSAC, respectively. (c) and (d)
are obtained with the Corr method, with graph-based and
RANSAC filtering, respectively.

eq. (3)], with the curves resulting from the methods
described in Section 3.2. Those methods compute the
correlations with respect to the players-aware cleaned-
up difference of consecutive foreground masks and not
on the foreground mask itself as in [1]. They then merge
those correlations based on a summation (Cyet) or a rth
order rank filtering (Crop), 2 < 7 < 45, We observe
that, by working on the difference of two consecutive
foreground masks, we are less sensitive to noise, and we
achieve better results than working on the foreground
mask F (see blue and cyan dash-dotted curves). We
also observe that the best results are obtained with the
third order rank ordering filter. The second order filter
is too sensitive to noise, which induces many false pos-
itives, while the fourth order (=maximum, since only 4
views are available) filter is too conservative and fails
in detecting many candidates®. Interestingly the CCA
operating point lies close to the best Corr ROC curves,
which means that CCA provides a reasonable alterna-

8 For some M, the order r might be larger than the number
of views in which M is visible. In that case, the order of the
filter is set to the number of available views.

9 Note that the first rank order filter has not been depicted
because it leads to poor performance, due to the noisy nature
of individual foreground masks, but also due to the fact that
a single view 2D location is associated to many 3D positions.

tive when the large size of the investigated area makes
Corr impractical in a real-time context. We however
observe that the CCA ends up in a relatively small
detection rate. This is a potential drawback since we
show in the next section that the trajectory analysis
helps in preserving the correct detections while sharply
reducing the false positive rate. Hence, it might be judi-
cious to run the ball candidates detector at an operating
point that results in a high detection rate, even if the
amount of false positives increases (see dashed lines in
Figure 6(b)).

Figure 4-(b) considers ball detection in a single-
view set-up, also around the basket area. Specifically,
it shows the CCA operating point and the ROC curve
obtained with the Corr approach, using the normalized
correlation in camera 7. We observe that the false de-
tection rate becomes significant as long as the detection
rate increases beyond 50%. Hence, ballistic trajectory
analysis becomes relevant to discriminate between false
and true positives in the single-view case.

In a multi-view set-up, the detection accuracy ob-
tained in the basket area and presented in Figure 4(a)
is sufficient, and does not justify a trajectory analy-
sis. However, this is not the case anymore when the
whole field is considered, as illustrated in Figure 6-(a).
In this figure, we observe that the CCA operating point
drops from 70-60% when considering the area around
the basket, to 33.7% when considering the whole field.
This might sound like a poor detection rate, but it can
be explained since, even if the ball is not in hands, it
can be impossible to detect it using our approach be-
cause its silhouette is lost in players silhouettes (during
a dribble for example). The relevance of our detection
rate is confirmed by the videos available at [45], where
we observe that the ball is most often at least sporadi-
callly detected when lying between the players (during
a pass) or moving towards or from the basket (during
a shot)!0. The presence of false positives, which could
potentially lead to erroneous game interpretation [44],
is not dramatic at this stage since the next section re-
veals that ballistic trajectory analysis both erase them,
and bridge the gap between sporadic true positives.

Before moving to the ballistic trajectory analysis,
we conclude from this section that, when it is compu-
tationally affordable, template-based correlation should
be preferred to heuristic connected region analysis such
as the one envisioned in [2]. We also observe that our
proposed correlation-based approach significantly im-
proves the one initially presented in [1]. Eventually, we
are interested in ballistic trajectory analysis when the

10 Detecting the ball in those situations is important regard-
ing sport analysis because it complements the cues derived
from players displacements (see [26] and [44]).
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Fig. 6 (a) ROC curves obtained after graph-based and RANSAC ballistic analysis of the ball position candidates detected by
the CCA method on the whole basket-ball field, for which N = 4501 and D = 1616. The term ’filter’ refers to the rejection of
candidates that do not follow a ballistic trajectory, while the term ’trajectory’ refers to the interpolation of missed detection
in addition to non-ballistic samples rejection. (b) ROC curves obtained after ballistic analysis of the ball position candidates
detected by the Corr and CCA methods around the basket. Graph-based [2] and RANSAC methods are compared. Note: false

positive rate is artificially bounded to -5 in logarithmic scale.

detection at independent time instants implies signif-
icant false positive rates at satisfying detection rates.
This case is the most common in practice.

5.2 Ballistic trajectory analysis

Ballistic trajectory analysis is illustrated in Figure 5.
It essentially helps in case of significant false positive
rates, as primarily encountered in the single view case
(see Fig. 4-(b)), or when dealing with the whole basket-
ball field in the multi-view set-up (see Fig. 6-(a)). In the
multi-view case, our validation shows that our proposed
RANSAC approach compares favorably to the graph-
based approach introduced in [2]. It then demonstrates
that the extension of this RANSAC method to a pro-
jected ballistic model makes it possible to reliably de-
tect the ball with a single camera.

The parameters of the graph-based algorithms have
been set as follows (see [2]): Thaz = Tshort = 0.2 sec,
Umaz = 25 m/sec, B = 3, and Teost,Graph = 0.5.

Regarding the RANSAC approach, the model with
minimal mean squared error is only kept if the error
is smaller than a threshold T.ost,rANSAC, S€t tO 6 cen-
timeters.

In the multi-view scenario, Figures 6-(a) and 6-(b)
present the ROC curves obtained after ballistic analysis

of CCA and Corr results, respectively when considering
the whole field and the basket area. Those figures com-
pare the results obtained either with the graph-based or
the RANSAC approach (mean of ten trials). The ’filter’
curves refer to the performance obtained by filtering out
the candidates that do not fit a ballistic model, while
the ’trajectory’ curves compute the performances by
interpolating missed detections between the inliers, i.e.
the candidate positions that follow a ballistic model,
in addition to rejecting outliers. Figures 6-(a) and 6-
(b) show that (i) ballistic filtering is quite effective in
removing false positives, (ii) the graph-based and the
RANSAC approaches achieve comparable results, and
(iii) ballistic interpolation of missed detection substan-
tially increases the detection rate (by 10-15%). The
RANSAC approach has the advantage to naturally ex-
tends to single-view, as illustrated in Figure 7, which
presents the ROC curves obtained when detecting ball
position candidates from a single camera view, using
the CCA method. It shows that a RANSAC filtering
removes most of the false positive ball detections, while
preserving a large majority of true positive detections.
Hence, it becomes possible to detect the ball when it is
close to the basket, even with a single camera. This is
of primary importance regarding game interpretation,
in the context of autonomous production [6,46] or team
activity recognition [47].
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Fig. 7 ROC curves obtained in the single view case (Camera
7 in APIDIS dataset). The CCA and Corr methods are con-
sidered to compute the ball candidates. The RANSAC filter-
ing is based on a projected ballistic model (see Section 4.1.2).

5.3 Real-time implementation aspects

Our algorithm has been designed to minimize the com-
putational complexity. In a real-life system, ball detec-
tion is supposed to be combined with a player detec-
tion algorithm that also relies on a foregound mask [4,
3]. Hence, the marginal complexity associated to the
ball detection is mainly due to the computation of the
integral image of the cleaned-up mask in spherical co-
ordinates, and to the computation of the correlations
with the projected silhouette templates associated to
the whole set of ball position candidates'!. Only 7 ad-
ditions/subtractions (=binary template matching) and
one multiplication (=normalisation) have to be com-
puted to estimate the correlation in one ball position
candidate. This is at least 2 orders of magnitude smaller
than for color histograms inner products (e.g. as used
in [26]), including when those ones are implemented us-
ing integral histograms [48]. As a consequence, our sys-
tem is expected to be data-dominated, meaning that its
throughput is determined by the transfer of data rather
than by the computational load.

To quantify the computational requirements of our
method without being limited by the speed at which the
input frames are fowarded by the camera or read from
the hard drive, we have run our system while contin-
uously and iteratively accessing the same input image

11 We neglect the complexity associated to the RANSAC-
based ball trajectory estimation, since it runs over a relatively
small number of pre-selected ball position candidates.

(from the cache). In this experiment, each processing it-
eration computes a rectified foreground mask for player
detection (see [4]), and maps it to spherical coordinates
for ball detection (see Section 3.2.1). In our case, the
1624 x 1234 input image captures half of the sport field
(as in the videos provided for qualitative assessment
[45]). Tt is sub-sampled by two in both directions, be-
fore rectification (using a look-up table) and foreground
mask computation. Player template integral computa-
tions are then performed on a 640 x 480 image (=part of
the rectified image that covers the sportfield) to feed the
ground occupancy map, defined by sampling the sport-
field with a 4 cm squared grid. The ball detection is run
around the basket (within a 4m x 3m x 3m box, over
a regular grid sampling candidates every 10 cm in the 3
directions), which means that 36000 ball template cor-
relations are computed at each time instant. The spher-
ical coordinate system considered for ball detection is
centered in the camera location, and its X-axis points
towards the basket. The image used for ball template
integrals computation is then obtained by sampling (us-
ing a look-up table) the foreground mask symetrically
with respect to the X-axis, both in azimuthal (-8 to +8
degrees) and polar (+84 to +96 degrees) angles. The
sampling rate is set to 10 degree per samples so as to
preserve the resolution of the input foreground mask.
The processor used integral image computations was
a hyper-threaded (meaning two logical processor per
core) quad-core i7-4790 CPU @ 3.60GHz. Our imple-
mentation builds on a linux operating system (Ubuntu
14.04 LTS, 64 bits), and uses Intel®) Integrated Per-
formance Primitives (IPP), and C/C++ programming
language. The observed throughput over 10 trials was
12053 iterations/sec, with a standard deviation of 122
iterations/sec. Table 1 presents the percentage of re-
sources used by each component of the system. This
percentage is expressed in terms of logical processor
usage. Hence, when fully activated, the 8 threads of
the processor correspond to 800% of resources. We ob-
serve that none of the processes saturates one of the
logical processor, which confirms that computations do
not constraint the throughput.

System component Logical processor usage (%)

Foreground mask 37 %
Look-up and integrals 41 %
Player detection 60 %
Ball detection 56 %

Table 1 Percentage of logical processor (hardware thread)
utilization associated to a players and ball detection system.
Total resources for the tested quad-core processor correspond
to 800% of virtual/logical processor. Input image is accessed
from fast cache memory. System runs at 12000 frames/sec.
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Predicting the capacity in other usage scenarios (with
more camera viewpoints, or whole field ball detection) is
not trivial since, in multi-thread /multi-core CPU archi-
tectures, capacity extrapolation requires to know both
the detailed utilization information of all shared core
processing units (arithmetic and logic unit, floating point
unit, cache, memory bandwidth, etc.) in the reference
usage scenario, as well as the characteristics of the work-
load to be added in the targeted scenario. However,
since the processor usages provided in Table 1 are con-
strained by the data transfers and not by the compu-
tational resources, at least as many operations will be
available when working at smaller frame rates. Hence,
at the conventional rate of 30 frames/sec, we can rea-
sonably consider that at least 14 x 10° ball template
correlations can be investigated per frame!'2?, whatever
the acquisition set-up.

Table 2 considers a variety of acquisition scenar-
ios, and presents the number of template correlations
and the associated percentage of logical processor re-
sources, as estimated for the different scenarios running
on a quad-core i7-4790 at 30 frames/sec. All scenarios
search the ball over a regular lattice of vertices, the dis-
tance between two adjacent vertices being equal to 10
cm. The first two rows consider a multiview acquisition
set-up, in which 4 cameras are considered to cover each
side of the field from 2 distinct viewpoints. The first
row only searches the ball around the basket area, in
a 4dm X 3m X 3m box, while the second row considers
a search over the whole 15m x 30m field, over a 4m
height. The last two rows consider a single viewpoint
acquisition set-up, with whole field search. The third
row considers the conventional template correlation ap-
proach described in Section 3.2.1, while the last row
considers the approximation presented in Section 3.2.3,
where the panoramic image is scanned with a constant-
size sliding template. When covering the whole field,
the spherical system used for ball template integrals
computation points towards the center of the field and
samples the foreground mask derived from two cam-
eras (one for each side of the field) at 10 samples per
degree symetrically with respect to the X-axis, both in
azimuthal (-60 to +60 degrees) and polar (460 to +120
degrees) angles. The size of the spherical image cover-
ing the field from a side view is thus 1200 x 600. The
correlation has to be computed every two samples to
maintain the distance between adjacent templates be-
low 10cm, whetever the depth of the ball in the scene.
Hence, 600 x 300 correlations have to be computed in
every fame. We observe that, at 30 fps, the detection
of the ball can be implemented in real-time with very
small computational overhead, especially when only the

12 74 x 105 = 12000 fps x (40 x 30 x 30 ) / 30 fps.

basket area is considered, or when the constant-size
template approximation is acceptable (as it is typically
the case when dealing with panoramic side views) and
supports a sliding window implementation, as explained
in Section 3.2.3 .

Scenario # corr/frame Logic. proc. usage
2 VPs, basket 0.14 M 1%
2 VPs, field 3.6 M 26 %
1 VP, field 1.8 M 13 %
1 VP, field, SW 0.18 M 1.3 %

Table 2 Number of template correlations per frame, and
estimation of the associated percentage of logical processor
utilization on a quad-core i7-4790 running at 30 frames/sec,
in a variety of applicative scenarios. Each scenario involves
either 1 or 2 viewpoints (VPs), and investigates either the
whole basket-ball field or just the basket area, as detailed
in the text. SW refers to the sliding window approximation
introduced in Section 3.2.3.

In Figure 8, we go one step further and investigate
the impact of the delay parameter d, and associated
buffering requirements, on the ballistic trajectory anal-
ysis. We observe that, at constant false positive rate, the
detection rate does not much improve anymore beyond
a delay of about 12 frames, but degrades significantly
when it becomes smaller than 12, which corresponds
to about half a second. This reveals that ballistic tra-
jectory analysis can only support delay-tolerant appli-
cations, and would for example not be suited to drive
motorized cameras in an instantaneous and real-time
autonomous production scenario.

Ransac (3D detections: whole field)

Ransac (3D detections: basket area)

4
%
e

e
>

S
=

true positive rate
true positive rate

015" 0.8

——Ransac filter Corr Crofg (Teorr = 0.57)

-©-Ransac filter CC.
—

A
ansac trajectory CCA| -G-Ransac filter CCA

2 Ransac filter Corr Crojg (Teor = 0.532)

1 6 12 18 24 1 6 12 18
delay

(a)

Fig. 8 Impact of the delay parameter d in both cases (a)
when the ball position candidates is detected by the CCA
method on the whole basket-ball field and (b) when the ball
position candidates is detected by the Corr and CCA meth-
ods around the basket. The detections are filtered with the
RANSAC method, the size of the window is fixed to T' = 24,
the shift to s = 1 and the false positive rate to 0.001.

6 Conclusion

Our investigations have demonstrated that reliable and
cost-effective detection of a weakly contrasted ball can
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be supported in cluttered sport scenes by single-view
acquisition systems, as long as advanced image and sig-
nal processing tools are implemented to cope with the
limitations of conventional and error-prone foreground
silhouettes detectors. Non-linear rank-order filters have
been proposed to effectively merge the foreground cues
extracted from multiple views based on the correla-
tion with a ball silhouette template, and a RANSAC-
based solution has been investigated to extract ballistic
trajectory samples out of the error-prone sequences of
ball position candidates detected by a foreground de-
tector. Our work has shown that the RANSAC-based
solution is competitive compared to alternative graph-
based solutions, while offering the additional advantage
to naturally extend to the cost-effective single-view sce-
nario. Our work also helps in making important design
choices. Multiple views significantly increase the detec-
tion accuracy, and panoramic views are recommended
since they observe the whole scene from a far viewpoint,
which makes the size of the ball template independent
of the actual position of the ball on the field. In the sin-
gle view case or when detection is desired over the whole
cluttered scene, ballistic trajectory analysis is recom-
mended, but requires a minimal delay (of about half a
second) to be effective.
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