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Figure 6: Motion registration between two walking motions with different styles: (top) normal walking. (middle) the registered stylized
walking from our method. (bottom) the registration result from DTW. The red circles highlight the differences of two resullts.

Figure 7: Motion registration between “sneaky walking” and “walking with arm waving”: (top) “sneaky walking”. (middle) the registered
“walking with arm waving” from our method. (bottom) the registration result from DTW. The red circles highlight the differences of two
results. Note that “pink” and “yellow” colors highlight the left and right leg respectively.
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Figure 8: Automatic segmentation and registration of a long walking sequence: (left). A long walking sequence is segmented into three
orange”, and “blue” colors indicate the first, second and third walking cycle respectively. (right).

distinct walking cycles, where “green”, “
the three registered walking cycles.
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Figure 9: Robustness to outliers: (top) a long-distance jumping motion sequence corrupted with outliers throughout the motion. (bottom)

the registered short-distance jumping sequence.

Figure 10: Video registration: (top) the input video and tracked image features. (middle) the reconstructed/registered 3D motion from the

estimated viewpoint. (bottom) the reconstructed 3D motion from a new viewpoint.
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120Hz. The walking and running database include 200 and 100 pre-
registered motion examples with variations of speeds, step sizes, di-
rections, and styles, respectively. The jumping database includes 50
registered motion examples with different jumping heights, jump-
ing distances, directions and styles. The number of model parame-
ters for the walking, running and jumping are 30, 20 and 18 respec-
tively by keeping 99 percent of the motion variations.

Comparisons. We report the superior performance of our algo-
rithm by comparing with dynamic time warping. Figure 6 and Fig-
ure 7 show sample images of the side-by-side comparisons between
our method and dynamic time warping. The dynamic time warping
technique is based on minimizing the joint-angle motion difference
across the entire sequence. The DTW implementation considers
continuity, causality and slope limit described in the paper [Kovar
and Gleicher 2003]. In the experiments, we set the slope limit to 3.

Motion segmentation and registration. Our algorithm can be
used to sequentially segment a long sequence of an input motion
into multiple subsequences and then align each subsequence by reg-
istering them to the parameterized motion model. Figure 8 shows
the results for automatic segmentation and alignment of a long
walking sequence. The input sequence contains three walking cy-
cles with distinctive motion styles.

Corrupted motion data. The model-based registration process is
robust to outliers and noise. Figure 9 shows sample frames of the
registration results between a corrupted long distance jump and a
short-distance jump. In the accompanying video, we also show our
registration algorithm is robust to noisy motion data.

Video data. We can use the parameterized motion models to regis-
ter a video sequence. We first use an interactive spacetime tracking
process to track 2D positions of a few interesting image features
across the entire video sequence [Wei and Chai 2008] and then reg-
ister the 2D trajectories with the parameterized model. Figure 10
shows sample images of the input video and the reconstructed 3D
deforming motion seen from two different viewpoints (estimated
viewpoint and new viewpoint). The testing video data contains two
walking cycles and is downloaded from the public video database'.
It takes about 3.2 seconds to register 2D video data with the param-
eterized model on the Intel Core 2 Duo CPU.

7 Discussion

We present an efficient model-based approach for automatic regis-
tration of human motion data. We construct a parameterized motion
model from a set of pre-registered training examples and then de-
form the parameterized model to best register an input motion by
maximizing the “match” between the deforming motion and input
motion. We also introduce an efficient multi-resolution optimiza-
tion algorithm to simultaneously compute the model parameters
and time warping curves.

One limitation of the model-based registration approach is that an
appropriate set of training examples must be available and pre-
registered in the preprocessing step. To obtain a high-quality mo-
tion model, we choose to pre-register database examples with a
semi-automatic method. This might become time-consuming when
the number of examples in a database is large. One possible solu-
tion is to preregister a small set of examples in the database with the
semi-automatic process and then use the model-based registration
method to incrementally update the parameterized model.

In the future, we would like to include more subjects, children to el-
derly people, and more motion variations to the training databases.
We are also attempting to build parameterized motion models for

Thttp://www.nada kth.se/cvap/actions/
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other actions. We believe there are many exciting applications for
the parameterized motion models. One immediate future work is
therefore to investigate its applications in motion synthesis, com-
pression, coding, recognition, and filtering.
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