








Fig. 7. Feature Tracking using (First) Local-adaptive KLT (Second) Our method
with known response (Third) Our method with unknown response. The video can
be seen at http://www.cs.unc.edu/~sjkim/klt /tracks.wmv

Fig. 8. (First) Samples of response functions estimated from the real video sequence
(20 frames). (Second) Final estimate of the response function. The video can be
seen at http://www.cs.unc.edu/~sjkim/klt /track-response.wmv

KLT, our method with known response function, and our method with un-
known response function is shown in Fig. 7. Both of our methods are able to
track more features with significantly less errors when the change in motion

and brightness is relatively large as shown in the example.

Fig. 8 shows the result of our response function estimation from this video.
For the ground truth, we took multiple images of a static scene with a fixed
camera changing the exposure value and fit the empirical model of response
(EMoR) to the data as the method in [12]. Samples of the response function

estimates and the final estimate are compared with the ground truth in Fig. 8.

We further verify our exposure estimation by comparing our estimates with
the ground truth. Using a Point Grey Flea camera which has a linear re-
sponse function, we took a video of a scene where the camera goes in and

out of shadows causing the exposure to change frequently as shown in Fig. 9.
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Fig. 9. Exposure Estimation. The estimated exposure values are compared with the
values reported by the camera.

The computed exposure values are compared with the values reported by the

camera in Fig. 9.

The execution time for tracking 500 features in 720x480 images on a Pentium
4 processor (2.80 GHz) was 5 frames/second for the standard KLT, the local-
adaptive KLT, and our method with known response. For our method with
unknown response, the execution time was 0.2 frames/second which includes
camera response and exposure estimation in addition to tracking. Only a few
frames are necessary to compute the response function and our method with
the known response can be used for tracking afterwards. The overhead would

be about 5% to 10% when tracking a 1-minute video.

To evaluate our stereo algorithm, we used videos from two scenes with high
dynamic range which causes the exposure to change significantly. Some sam-
ple images of the videos are shown in Fig. 10 and Fig. 11. For the first ex-
ample, the exposure changes because the camera moves from a shadow to
sunlight. Depth map computed with our method which adapts for the expo-

sure change shows superior results compared with the depth map computed
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Fig. 10. First stereo example. (Top) Sample images from the video sequence (Middle)
Generated 3D model with radiometrically aligned textures (Bottom) Depth maps
computed without exposure compensation (left) and with our method (right)

without compensating for the exposure change as shown in the last row of
Fig. 10. The texture-mapped 3D model of the scene generated with our stereo
system are also shown in Fig. 10. The textures are radiometrically aligned to a
constant exposure values using Eq. 52. For the second stereo example, a video
of a tunnel-like structure is taken starting from outside. This example is more
challenging due to bigger exposure changes and more complex geometry of the
scene. Depth map comparison and 3D models in Fig. 11 show similar result as
the first example. Note that the some textures are radiometrically distorted

in the model because the original pixels for those regions were saturated.

6 Conclusion

We have introduced a stereo system that adapts to exposure changes by de-

veloping a novel method that unifies the problems of feature tracking and
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Fig. 11. Second stereo example. (Top) Sample images from the video sequence (Mid-
dle) Generated 3D model with radiometrically aligned textures (Bottom) Depth
maps computed without exposure compensation (left) and with our method (right)

radiometric calibration into a common framework. For feature tracking, it is
commonly required that the brightness of features stay constant or the vari-
ations are dealt locally and linearly when the change is actually global and
nonlinear. This limitation is not acceptable in many applications like building
3D models from outdoor scene videos in which high dynamic range environ-
ments are captured with a low dynamic range camera system. To overcome
these limitations, we proposed a joint feature tracking, radiometric response
function and exposure estimation framework. This solves the chicken-and-egg
problem in which the tracking requires accurate radiometric calibration for
accuracy which in turn relies on precise tracks. Our computationally efficient
algorithm takes advantage of the structure of the estimation problem which
leads to a minimal computational overhead. With our joint estimation, we
were able to advance the quality and robustness of the known structure from
motion techniques [19] by incorporating the information for 3D camera track-

ing, the depth from stereo and providing radiometrically aligned images for
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texture-mapping. In the future, we plan to add vignetting estimation to the

process by using the tracks over multiple frames. In addition, we will also ex-

plore the possibility of applying our method for creating high dynamic range

(HDR) videos [9].
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