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Player Tracking for Tactics Analysis
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ABSTRACT: To increase the performance of sport team, the tactics analysis of team from game video is essential. Trajectories
of the players are the most useful cues in a sport video for tactics analysis. In this paper, we propose a technique to reconstruct
the trajectories of players from broadcast basketball videos. We first propose a mosaic based approach to detect the boundary
lines of court. Then, the locations of players are determined by the integration of shape and color visual information. A
layered graph is constructed for the detected players, which includes all possible trajectories. A dynamic programming based
algorithm is applied to find the trajectory of each player. Finally, the trajectories of players are displayed on a standard
basketball court model by a homography transformation. In contrast to related works, our approach exploits more spatio-
temporal information in video. Experimental results show that the proposed approach works well and outperforms some
existing technique.
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1. Introduction

The advances in low cost mass storage devices, higher transmission rates and improved compression techniques, have led to
the widespread use and availability of digital video. Video data offers users of multimedia systems a wealth of information and
also serves as a data source in many applications. Especially, sports video has attracted increasing attention due to its high
viewership and tremendous commercial potential. Research on sports video analysis in the past decade were mainly focused on
highlight extraction and event detection which are interesting to common audience. But for experienced fans and coaches,  they
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are more interested in the tactic patterns used by the players in the game. Through tactics analysis, the coaches may improve the
performance of their teams and the fans may enjoy the sports game with additional statistical information. Trajectories of the
players are the most useful cues in a sport video for tactics  analysis. As basketball is one of the most popular sports and attracts
a large amount of audience, in this paper, we propose a technique to reconstruct the trajectories of players from broadcast
basketball videos. The main tasks include court detection, player detection/tracking, and homography transformation(i.e., the
mapping of player position to a top-down view of basketball court model).

Compared with previous works using static (fixed) cameras[1], trajectory information is more difficult to be extracted from
broadcast videos because the movement of cameras is large. Only some works address this issues[2, 3, 4]. For the player
tracking task, mean shift algorithm[2] or Kalman filter[3, 4] is adopted. However, mean shift based tracker is computationally
expensive. Kalman filter can’t get a good result when the player is occluded by other object. To estimate the parameters of
homography, some approaches detect feature lines such as sideline, baseline and free throw line[2, 3]. Because of noise,
illumination changes and player occlusions, the derived parameters are not reliable. Another approach is to manually align a
court model on the first frame and then apply the iterative closest point algorithm to estimate homography for the next frame[4].
This approach suffers from tedious manual registration. Finally, one common drawback of previous approaches is that only
partial view of court is visible in each video frame. They did not capture the whole view information of court. This makes the
homography transformation not very accurate.

To overcome the limitation of previous approaches, in this paper, we propose a mosaic-based approach. A mosaic is a panoramic
image obtained by aligning all images of a video sequence onto a common reference frame [5]. The resulting mosaic image
contains a whole view of basketball court. This will facilitate the subsequent video analysis task.

2. The Proposed Approach

In video structure, a shot refers to a sequence of frames that was continuously captured by same camera. A typical broadcast
basketball video consists of several kinds of shots: close-up view shot, median view shot and court view shot. Among them,
court view shot best captures the spatial relationships between players and the court. To obtain court view shots for analysis,
a shot classification algorithm is applied to the original video[6]. The proposed video analysis system is made up of four main
components: (1) Court detection. (2) Player detection. (3) Player tracking. (4) Homography transformation. Each is described in
the following subsections.

2.1 Court detection
We first present an algorithm to align frames from a video shot to build the mosaic of background as follows. We need to derive
the transformation between partially overlapping frames. Assuming background motion (due to camera motion) is the dominant
motion of the video, then the image motion of the majority of scene points can be approximated by the following transformation
model:

u(x, y) = a1x + a2y + a3

v(x, y) = -a2x + a1y + a4

where (u(x, y), v(x, y)) is the motion vector at image position (x, y). This model is a special case of affine model with 6 parameters.
However, experimental results show that our model is better than the general affine model. This is because we make more
constraints on the model parameters to avoid some undesirable transformations implied in affine model such as skewing. In this
step, we need to obtain the motion vectors (or displacements) between successive frames. Previous approaches are based on
the feature matching or optical flow computation. These techniques are computationally intensive. To reduce the processing
time, we directly use the motion vectors encoded in the MPEG-1 video stream. Given the motion vector, the image motion
parameters can be estimated by a robust regression technique called least-median-squares[7]. One distinctive property of the
algorithm is that it can tolerate up to 50% outliers in the data set, i.e., half of the data set can be arbitrary without significantly
effecting the regression result. Therefore, this technique can robustly estimate the motion of the majority of scene points
(background) and will not be biased by the minority scene points (moving object).

Once the transformations between successive frames have been determined, these transformations can be composed to obtain
the alignment between any two frames of the video sequence, and in particular, between the current frame and the reference
frame. In most cases, we choose the first frame of the sequence as a reference. After all frames have been aligned to a reference
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frame, the next step is the selection of pixels to be put into the resulting mosaic. The gray value in each pixel of the mosaic will
be computed by applying an appropriate temporal operator to the aligned frames. The temporal average operator is effective in
removing temporal noise, but the moving objects will appear blurred, with ‘ghostlike’ traces in the resulting mosaic. However,
this does not affect the performance of court detection. In Fig. 1, some sampled frames of a court view shot are shown. It is noted
that the camera has large movement in this video sequence and only partial view of court is visible in each frame. Fig. 2 shows
the mosaic image that contains the whole view of basketball court.

Figure 1. The sampled frames of a broadcast video

        Figure 2. The constructed mosaic image

Next, we detect the boundary lines of court in the mosaic image as follows:

Step 1 Convert mosaic image to binary image(Fig. 3) based on the dominant color information[8].
Step 2 Filter out the small connected components and keep the component with the largest area only.
Step 3 Extract the boundary pixels of the largest component and perform Hough transform on these pixels.
Step 4 Select the lines with the largest four voting.

The four selected lines constitute the boundary lines of basketball court. Fig. 4 shows the detected lines.

Figure 3. The binarization of mosaic image
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Figure 5. Result of DPM detector only

2.2 Player detection
The objective of player detection is to specify the locations of the players in the videos. Because there does not exist a single
visual feature for the best representation of image content, our algorithm integrates shape and color information to complement
each other. The shape based detector is the deformable part model(DPM)[9]. Since the boundary of basketball court has been
detected and the transform between current frame and mosaic image can be calculated, the DPM detector only detects objects
within the court. Fig. 5 shows the result of player detection using DPM detector only, where there are some false positives
resulting from referees, coaches and audience members.

        Figure 4. The red line is the boundary of court

Figure 6. Result of DPM & color detectors

To improve the performance, we also implement a color based detector. The color based detector detects the players based on
their jersey color. Given a set of training images containing jerseys of both teams, two color histograms for HSV(hue, saturation,
intensity) color space are constructed separately. The color detector performs detection within each bounding box produced by
DPM detector. Let (Hm, Sm, Vm) be the color value corresponding to the peak (maximum) of a histogram, the number of pixels with
value (Hm, Sm, Vm) within the bounding box are counted. If the number is greater than a threshold, the bounding box is detected
as a player region. The centroid of these jersey color pixels is identified as the location of player. According to which histogram
is used, the team of each player is also determined. Fig. 6 shows the result of player detection using both DPM and color
detectors.
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2.3 Player tracking
The task of player tracking is to determine the correspondence of detected players at different frames and form the trajectory of
each player. In this stage, we propose a graph based approach for tracking players. The basic idea is to use graph to hold
multiple hypotheses of player’s locations. We extract the optimal path of the graph as the trajectory of the same player across
frames.

A layered graph is constructed, where each layer corresponds to a frame. Each node of the graph represents a detected player.
Two nodes of adjacent layers are linked by an edge if their distance is smaller than a threshold. Thus, two linked nodes may
represent the same player at different frames. There is no edge between the nodes of the same layer. Each edge is also assigned
a weight that captures the degree of closeness between two players. Currently it is chosen to be their distance.

Since the player may leave the field of view of camera or be occluded by other player, some players are missed in a frame. We also
observe that player missing only lasts for two or three frames because of the large movement of players and camera. To solve
this problem, the layered graph is modified by linking nodes of non-adjacent layers. Assuming that player missing is detected
at the kth frame and all players of a team are detected at the mth frame, where m - k < 3, we link the nodes between the (k-1)th
layer and the mth layer as shown in Fig. 7.

       Frame1      Frame2        Frame3

      Figure 7. The layered graph for detected players at three frames

(a) (b)
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(c)          (d)

(e)          (f)

Figure 8. The result of player tracking from (a) the 10th frame to (f) the 60th frame

Given a starting node of the first layer, the player tracking problem becomes to find the shortest path to the node of the last layer.
This is based on the observation that location of one player in a frame is close to the locations of the same player in the next
consecutive frames. Finding the shortest path of a graph can be formulated as a dynamic programming problem. Viterbi algorithm
is employed to extract it based on the constructed graph[10]. By repeatedly applying this algorithm to all the detected players
in the first frame, we get the trajectories of all players. It is possible that the trajectories of two players may be overlapped, i.e.,
two paths share a common edge. To avoid such a situation, some constraint is added to the Viterbi algorithm. Fig. 8 shows the
tracking result of a video sequenc

2.4 Homography transformation
In this stage, the trajectories of players are displayed on a top-down view of standard court model. First, player location in the
original frame coordinate is transformed to mosaic image coordinate. The transformation matrix has been available in the stage
of mosaic construction. Next, a transformation between the mosaic image and court model coordinates is also required. The
transformation between court model coordinate (x, y) and mosaic image coordinate (u, v) can be written in the following form:

h00x + h01y + h02 = u(h20x + h21y + 1)

h10x + h11y + h12 = v(h20x + h21y + 1)

To estimate the eight parameters, we need at least four pairs of corresponding points. Some feature points of mosaic image
should be extracted and matched. In our case, the most interesting feature of a court is its corner. As the boundary lines of court
have been detected in court detection stage (Section 2.1), the intersections of these lines are determined as corners. Fig. 9 shows
the trajectories of players for 200 consecutive frames.
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Figure 9. Player trajectories of the same team are shown on the court model

3. Experimental Results

Experiments have been conducted on a NBA broadcast video: Spurs vs. Thunder. Since labeling court/player information for the
whole video is time consuming, we manually select 40 clips for training/ testing. The duration time of each clip may last for 10-
50 seconds.

The detected court boundary information is mapped to original frame to get a binary image Aext, where the inside court pixels are
white and outside court pixels are black. To have an objective evaluation of the quality of court detection result, a spatial
accuracy measure is calculated in each frame

where Aref is the binary image (ground truth) obtained by manual segmentation of original frame and ⊕⊕⊕⊕⊕ is the binary XOR
operation. The average error is 2.17%.

The performance of player tracking is usually measured by the following two metrics:

         Method            Recall                   Precision
        Our approach            84.74%      88.31%
        Hu’s approach            79.58%      83.68%
        Chen’s approach            82.14%      86.43%

=Serror

 (x,y) Aext(x,y) ⊕ ⊕ ⊕ ⊕ ⊕ Αref(x,y)

(x,y) Aref(x,y)

  D +MD D + FD
Recall

D
Precision

 D
= =

where D is the number of correct correspondences, MD is the number of players without correspondence and FD is the number
of players with wrong correspondence. For performance comparison, we also implement two well-known baseline algorithms
proposed by Hu[2] and Chen[3] which belong to mean shift based and Kalman filter based approaches, respectively. To compare
these approaches fairly, the parameters of each algorithm are tuned to achieve the best performance. As shown in Table 1, our

      Table 1: Performance comparison for player tracking

Σ

Σ

approach is, in overall, better than the other two approaches. The main reason is that our graph based approach is able to handle
most of the occlusion cases. However, the computation time of our algorithm is between that of the other two algorithms.
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To evaluate the accuracy of homography transformation, we map the four corners of standard court model to original frame
using the estimated homography parameters and calculate their distance to the ground truth locations. The average error of
homography is 5.36 pixels on 1280× 720 images. Applying the same procedure with the homography parameters estimated by
Hu’s algorithm[2], the average error is 9.62 pixels. Hu’s algorithm cannot handle some video frames that cover insufficient court
line features. On the other hand, our approach considers all video frames simultaneously to achieve accurate estimation of
parameters.

4. Conclusion

We have presented a video analysis system to extract trajectory of player from broadcast basketball videos. As the extracted
player trajectories are visualized on a court model, the professionals can capture the tactics adopted in the basketball games. In
contrast to previous approaches, our approach has the following advantages:

• The court detection algorithm is based on the construction of mosaic image which allows us to fully exploit the spatio-temporal
information in the video scene to achieve robust boundary lines detection.
• Complete boundary lines of court are detected. This will facilitate the tasks of player detection and homography transformation.
• In the player detection process, the shape and color features are integrated to complement each other.
• The graph based player tracking algorithm is able to track players in contacts as well as occluded players.

Experimental results show that the proposed approach works well and outperforms some existing technique. To provide more
information for tactics analysis, our future work should include the detection and tracking of basketball in the game video.
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