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ABSTRACT

We present a technique for estimating the location of the ball during
a basketball game without using a detector. The technique is based
on the analysis of the dynamics in the scene and allows us to over-
come the challenges due to frequent occlusions of the ball and its
similarity in appearance with the background. Based on the assump-
tion that the ball is the point of focus of the game and that the motion
flow of the players is dependent on its position during attack actions,
the most probable candidates for the ball location are extracted from
each frame. These candidates are then validated over time using a
Kalman filter. Experimental results on a real basketball dataset show
that the location of the ball can be estimated with an average accu-
racy of 82%.

1. INTRODUCTION

Sport analysis has recently gained much attention for automatic
highlights generation, camera selection and video summarization.
In games that involve a ball such as basketball or soccer, the fo-
cus of attention is primarily on the ball and players around it.
Although player tracking has already been addressed as a feature-
based multi-target detection problem, ball detection and tracking is
still a challenging task due to its low visibility and abrupt motion.

Ball detection methods generally estimate the position of the ball
using spatial features. Moreover, several approaches perform an ad-
ditional temporal smoothing to filter out incorrect estimates. Meth-
ods based on spatial features generally perform an exhaustive search
for a set of features such as color, shape and size. To estimate candi-
date locations of the ball, Miura et al. [1] use predetermined ranges
of size and color histograms. Assuming the motion of the ball is lin-
ear, a binary map is generated where all “true” values correspond to
potential candidate regions. This approach is further modified with
object segmentation in [2]. They segmented the goal and the ellipse
to improve ball size estimation. D’Orazio et al. [3] use the Circular
Hough Transform (CHT) to locate circular objects within an image.
The CHT is used to detect candidate regions that are then validated
by a neural classifier. Miura et al. [1] demonstrated that elements
of the environment such as lines, stands and players with white uni-
forms can cause false candidates. Furthermore, assumptions such as
fixed size and circular shape of the ball do not hold anymore when
the ball moves at a high speed, which makes it appear elongated.
Moreover, approaches based on spatial features tends to fail in the
presence of other circular objects such as the character “O” on ad-
vertising or certain circular logos.
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Methods based on verifying the temporal consistency of can-
didate detections use various forms of tracking. Liang et al. [4]
extract the ball candidates from several consecutive frames (using
color, shape and size cues and template matching) and then build
a weighted graph with each node representing a candidate ball posi-
tion. The Viterbi algorithm is finally employed to extract the optimal
path. As an alternative, Kalman filter has been used to filter a set of
disjoint ball trajectories and remove false candidates while estimat-
ing a global trajectory for the ball [2]. Choi et al. [5], use a first
order dynamic model for the ball motion perturbed by Gaussian ran-
dom noise, where the estimated trajectory of the ball is generated
using a Particle filter. Treptow et al. [6] described the ball candidate
as a state vector, whose elements are position, velocity, and size.
Their dynamic model was implemented as a simple random walk
with “almost” constant velocity. These methods are still dependent
upon the initial detection phase, which is based on the extraction of
visual features of the ball that are not reliable because of the frequent
occlusions and the similarity with the background.

Unlike existing approaches, instead of using visual features as-
sociated to the ball, we estimates the ball candidates based on the
location of the players and their motion during attack actions. We
propose an approach for ball localization that uses contextual infor-
mation to estimate the approximate location of the ball based on the
players’ behavior. We use expected dynamics of the game and mo-
tion flow to estimate the regions of convergence for players and map
these regions to the probable ball locations. Temporal consistency
is then validated using Kalman filtering. We test the proposed ap-
proach on a real basketball scenario, where the ball is most of the
time either partially or completely occluded, and compare it with
alternative approaches.

This paper is organized as follow. Section 2 presents the pro-
posed approach. Results and evaluation of the method are presented
in Sec. 3. Conclusions are finally drawn in Sec. 4.

2. PROPOSED APPROACH

The estimation of the ball location using motion flow analysis is di-
vided in two steps. First, candidate regions are estimated by evalu-
ating the convergence points of the motion flow. The position of the
flow is used to skim the non-interesting regions. Next, the candidates
are temporally validated in order to obtain a consistent estimation of
the ball location over time. The block diagram of the proposed ap-
proach is shown in Fig. 1.



Fig. 1. Block diagram of the proposed approach.
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Fig. 2. An example of finding the ball candidates: (a) straights lines
(green) drawn on the motion vectors (blue) and (b) intersection lines.
The position of the ball is shown with a red circle.

2.1. Generation of candidate regions

In order to obtain the candidate regions for the ball position we ana-
lyze the points of convergence of the flow evaluated on the areas with
motion flow. To extract the motion flow caused by player move-
ment, we calculate the motion vectors for two consecutive frames,
f t and f t+1. We use two different block sizes for block matching,
i.e. 5×5 and 10×10 pixel. The smaller block size allows detailed
localization of the flow, but it is sensitive to noise. The larger block
size gives more coarse information about the direction of the flow,
but with reduced sensitivity to noise. Denote the two vector fields,
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2 we evaluate the converging areas of the flow. Since the larger
block estimation is less noisy the information about the direction of
the flow is more consistent. Each motion vector,
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trace for each of them a straight line. The points defining the straight
line are calculated as: 
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for all i = 1, ...,K2. Figure. 2 (a) shows a sample frame with this
motion vector extension. We consider the solutions (intersections)
generated from this vector extension by Gaussian elimination. The
solutions we take into account are those belonging to the domain that
start from the tail of the motion vector and expand to its tip (see Fig.
3). These solutions (see Fig. 2 (b)) provide us with the convergence
points of the flow. Since the points of convergence are spread around
the court, we are only interested in the solutions localized in the
areas where there is the presence of flow (e.g., the solutions in the
second half of the court are removed because there are no players
that can cause flow). To this end we merge the 2D histograms of
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Fig. 3. Example of solution validities: (a) a solution contained in the
intersection of the two domains is a valid solution, (b) a non-valid
solution. Different colors of the domains belong to different vectors.

Algorithm 1 Path Estimation
Ćt : set of candidates for ball location at time t;
ćtj : jth candidate for ball location at time t;
ptćj

: probability of the jth candidate to contain the ball;

xtj : location of the jth candidate along x direction ;
d(xtj1

, xtj2
) : Euclidian distance between ćtj1

and ćtj2
;

J́ : total number of candidates;
Ltj : set of candidates with xt−1

j < xti∀i = 1, . . . J́ ;

Stj : set of candidates with xt−1
j > xti∀i = 1, . . . J́ ;

Etj : set of candidates with xt−1
j = xti∀i = 1, . . . J́ ;

ćtB : best candidate at time t;
|.| : cardinality of a set;

1: for j = 1 to J́ do
2: if |Etj | ≥ |L

t
j | and |Etj | ≥ |S

t
j | then

3: ćtB = ćtj
4: else if |Stj | = |L

t
j | then
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∑
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7: ćtB = argmini d(xt−1
j ,max(PL, PS))

8: end if
9: if |Ltj | > |S

t
j | and |Ltj | > |E

t
j | then

10: ćtB = argmini d(xt−1
j ,Ltj)

11: end if
12: if |Stj | > |L

t
j | and |Stj | > |E

t
j | then

13: ćtB = argmini d(xt−1
j ,Stj)

14: end if
15: end for

flow positions, given by the vector field
−→
Φ t

1 (shown in Fig. 4 (a)),
and the solutions calculated with the straight lines (Fig. 2 (b)). The
bin size is set to 20×20 pixels in order to contain the ball. Each bin
has a value between 0 and 1 and the merging of the two histograms
gives the percentage of the flow converging in that bin. Thus each
bin can be regarded as a candidate for the ball position.

Let the set of these candidate ball positions at time instant t, be
represented as Ct = {ct1, ct2, ..., ctJ}, where J is the total number of
candidates. Each candidate ctj , j = 1, ..., J has a probability pctj to

contain the ball, such that
∑J

j=1 pctj = 1.

2.2. Temporal validation of the candidates

Since the candidate regions are spread around the court and might
not be consistent over time, we evaluate all possible paths by choos-
ing the most reliable entrusting on the candidate regions.

At each time instant t, the list of candidates (Ct) is sorted, and
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Fig. 4. Visual comparison of candidate estimation using (a) motion
based detection and (b) the proposed approach without Kalman fil-
tering. The green dot indicates the ball position.

the subset of these candidates Ćt = {ćt1, . . . , ćtJ́} is selected such
that

J́∑
j=1

pćtj = τ, (2)

where τ ∈ [0, 1]. The threshold τ must select the most significative
candidates and at the same time remove those with low probabil-
ity. An appropriate value we found empirically for their threshold
is τ = 0.6. After selecting the most probable candidates in the
horizontal and vertical direction, to approximate the spatial density
of the candidates over time we calculate the 4th order polynomial
that approximates these values. Since the polynomial gives an ap-
proximation of the concentration of the flow over time, the closest
candidates to the polynomial are chosen as starting points. Example
of candidates for the x coordinate and one graph for y coordinate
are shown in Fig. 6 (a) and Fig. 6 (b). The initial candidates are se-
lected within the vicinity of the polynomials. The best path for each
starting position is then extracted using Algorithm. 1.

Each path is approximated with a Kalman filter (KF) (see
Fig. 6 (c) and Fig. 6 (d)). The state equation and the observation
equation are as follows:{

st+1 = Fst + wt

zt = Hst + vt
, (3)

where st is the internal state that represents the position of the ball
at the instant t, F is the state transition, and zt is the measure-
ment and H is the observation model. wt ∼ N (µw,Σw) and
vt ∼ N (µv,Σv) are the process noise and observation noise, re-
spectively. The mean and the covariance of the noise are represented
by µ and Σ.

From the estimated paths (x and y coordinates), obtained with
the KF, we define a 2D Gaussian function over time (as shown in
Fig. 5(b)) representative of the probability distribution for the ball
location, i.e.
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where µt
x and µt

y are the mean of the paths of the x and y coordi-
nates, respectively, and σt

x and σt
y are the associated variances. Fig.

5 shows an example extracted from a real sequence.
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Fig. 5. (a) Candidate bins without filtering and (b,c,d,e,f) the Gaus-
sian function after Kalman filtering.

3. RESULTS AND EVALUATION

3.1. Experimental setup

We test the proposed algorithm, flow based detection (FBD) on real
basketball sequences from the APIDIS dataset1. The video resolu-
tion is 770×430 captured at 25Hz. The experiments are performed
on five sequences (see Table 1). We use top-view cameras and the
flat view was obtained with image warping on the ground-plane. We
extracted 865 frames out of 1892 frames of the attack phases (as
described in Table 1).

We compare the proposed algorithm with a motion detection
based method (MBD) and a vector extension based method (VEB).
MBD (Fig. 4(a)) provides the estimation of the ball position biasing
its decision as the area with the highest quantity of motion. VEB
provides the estimations using the information of the flow position
together with the analysis of the convergence areas (see Fig. 4 (b)
and Fig. 2 (a)). The area with highest probability is selected as the
candidate for ball location.

3.2. Discussion

Table 2 shows the average distance error between the groundtruth
(manually extracted) and the estimate for each method. The measure
of the error is given in meters (m) where 0.045m = 1 pixel. For
MBD and VEB the distance error is taken from the center of the
candidate area. For the FBD the distance errors is taken from the
position of the Gaussian maximum. The percentage accuracy for
each method is shown in Table 2.

The distance error for the motion based detection is higher be-
cause when the players are running towards the ball the estimate is
assigned in correspondence to their position and not to the point of
focus. On the other hand, the error remains limited and low, with
respect to the dimension of the court, because there are situations
where the ball is present in close vicinity of the areas with a high
quantity of motion (e.g., when a player is inside the three-point area

1http://www.apidis.org/Dataset/, accessed: 8 February 2010
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Fig. 6. An example of best path estimation using ball candidates:
(a,b) horizontal and vertical coordinates of points, respectively, with
groundtruth (green) and estimated positions (red). (c,d) Estimated
best path using Kalman filtering.

(a) (b)

Fig. 7. Sample images with location of the ball marked for : (a) good
approximation and (b) bad approximation.

trying to reach the basket). VEB demonstrated a higher accuracy
compared to the MBD, but suffers a degradation in performance due
to the noise generated by the non-uniform movement of the players
(see Fig.2(a)). Small changes in the direction of a player, rather than
the movements of the stationary players, generate wrong estimation.
With FBD, the Kalman filter together with the best path selection
filters this noise and provides an improvement in the estimation thus
generating a lower estimation error. If this assumption fails then we
have a false estimate about ball location. For instance, in Fig. 7 (a)
we have a good estimate of the ball location (ball in the area of high
probability) as the players are moving toward the ball, whereas in
Fig. 7 (b) the ball is in the area of low probability due to a splitting
of the positions of the players.

Table 1. Experimental dataset.
Seq. Total # of frames # of frames used
S1 514 267
S2 396 253
S3 394 162
S4 333 78
S5 255 105

Total frames 1892 865

Table 2. Performance evaluation: Average distance and the Per-
centage accuracy for each sequence. Key: Motion Detection
Based (MDB), Vector Extension Based (VEB), Flow based detec-
tion (FBD).

Tech.
Sequences

S1 S2 S3 S4 S5
Err. % Err. % Err. % Err % Err. %

MDB 4.68 72 4.08 76 4.28 75 4.88 71 4.84 71
VEB 3.52 79 3.64 78 2.76 84 3.92 77 4.08 76
FBD 3.20 81 3.48 79 2.44 86 2.84 83 3.12 81

4. CONCLUSIONS

We have presented a novel approach for ball localization based on
motion flow analysis. The proposed flow-based detection method
(FBD) employs contextual knowledge about players’ behavior and
provides a first estimate for the location of the ball. Then Kalman
filtering is used to smooth the candidate location results. The pro-
posed approach is compared with alternative methods and achieves
an average accuracy of 82% on a commonly available basketball
dataset.

An extension to this work is its application to perspective-view
cameras and the automatic detection of the attack phase by analyzing
the trajectories of the players.
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