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Our task

* Planar Homograph Estimation in Aerial videos
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Backgrounad

* Homography estimation and Image stitching

Images for the same planar object by different camera position
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transformation between two image

lllustration image from: https://docs.opencv.org/master/d9/dab/tutorial_homography.html
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Related works

* Geometry-based homography estimators
* Feature-based method, e.g., ORB[1] + RANSACI[?Z]
* Direct pixel-based method, e.g., ECC[3]

* Learning-based homography estimators
* Deep Homographyl[4]
* Unsupervised deep homography|[5]



Limitation of previous works

* The previous works are designed for image pairs, and fail to
model the temporal or sequential knowledge for homography
estimation tasks.

* Existing deep network based homography estimators (supervised
or unsupervised) suffer from overfitting Issue.



Our Methods

Sequential Homograph Estimation for Aerial Videos
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Our Methods

* Knowledge based regularization terms
* Spatial regularization
* Rp(D) = Xe2awp [|Haterr — Hpeesalla
* Scale regularization

* Rs(I) = Xt Xemmn> Hmee41 — Hntee1ll1
* Temporal regularization

* Ryy(I) = X Z<k,l> ||Hk,t,t+1 - Hl,t+1,t+2||1

* Rpp(D) = X X8 Zxat |11 () — Is(He 51 %) |11



Experiments: Quantitative Results
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MACE performances of different experiments.



Experiments: Qualitative results
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Photometric loss distribution from one thousand pairs of patches in one pair of image.



Experiments: Qualitative results
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Examples Image stitching result.



Experiments: Qualitative results

BASE, Conv2

REG-ALL, Conv2

REG-ALL, Conv4

BASE, Conv4
1 v - r l'.
AV . '/ B
- A d K £
v ~ - “ i J bows - ;
g
K

Visualization of network activation by GradCam|[6].



Contributions

* We reformulate the homography estimation of aerial videos to be
a sequence-to-sequence task and develop a LSTM network to
estimate the sequence of homography parameters.

* We employ a set of spatial-scale-temporal knowledge to
regularize training of the LSTM model and empirically validate its
superior performance over alternative methods on challenging
aerial videos.
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