
Table 2: Quantitative evaluations with the state-of-the-art methods on the NUS dataset [35], the selfie dataset [68], and
the DeepStab dataset [61]. We evaluate the following metrics: Cropping Ratio (C), Distortion Value (D), Stability Score (S),
and Accumulated Optical Flow (A). Red text indicates the best and blue text indicates the second-best performing method.

NUS dataset [35] Selfie dataset [68] DeepStab dataset [61]
C ↑ D ↑ S ↑ A ↓ C ↑ D ↑ S ↑ A ↓ C ↑ D ↑ S ↑ A ↓

Bundle [35] 0.84 0.93 0.89 0.78 0.68 0.82 0.85 0.84 0.76 0.91 0.84 0.56
L1Stabilizer [18] 0.74 0.92 0.89 0.88 0.75 0.92 0.85 0.84 0.74 0.92 0.85 0.70
StabNet [61] (online method) 0.66 0.88 0.82 1.02 0.70 0.78 0.83 0.83 0.65 0.86 0.80 0.80
DIFRINT [10] 1.00 0.96 0.83 0.87 1.00 0.87 0.85 0.72 1.00 0.94 0.78 0.78
Yu and Ramamoorthi [70] 0.86 0.91 0.85 0.88 0.78 0.79 0.87 0.77 0.82 0.92 0.81 0.72
Yu and Ramamoorthi [68] - - - - 0.85 0.91 0.88 0.76 - - - -
Adobe Premiere Pro 2020 warp stabilizer 0.74 0.82 0.87 0.84 0.71 0.80 0.84 0.79 0.73 0.87 0.83 0.78
Ours 1.00 0.96 0.85 0.77 1.00 0.87 0.87 0.64 1.00 0.96 0.81 0.64

Bundle [35] L1Stabilizer [18] StabNet [61] DIFRINT [10]

Yu and Ramamoorthi [70] Adobe Premiere Pro 2020 Ours Input

Figure 5: Visual comparison to state-of-the-art methods. Our proposed fusion approach does not suffer from aggressive
cropping of frame borders and renders stabilized frames with significantly fewer artifacts than DIFRINT [10]. We refer the
readers to our supplementary material for extensive video comparisons with prior representative methods.

looks sharp but often contains visible glitching artifacts due
to the discontinuity of different frames and inaccurate mo-
tion estimation. The results of the feature-space fusion are
smooth but overly blurred. Finally, our hybrid-space fusion
takes advantage of both above methods, generating a sharp
and artifact-free frame.

4.2. Quantitative evaluation

We evaluate the proposed method with state-of-the-art
video stabilization algorithms, including L1Stabilizer [18],
Bundle [35], StabNet [61], DIFRINT [10], and Yu and Ra-
mamoorthi [70], and the warp stabilizer in Adobe Premiere
Pro CC 2020. StabNet is the only online method for per-
formance evaluation. It is included because it provides the
DeepStab dataset. We obtain the results of the compared
methods from the videos released by the authors or gen-
erated from the publicly available official implementation
with default parameters or pre-trained models.

Datasets. We evaluate the above methods on the NUS
dataset [35], the selfie dataset [68], and the DeepStab
dataset [61]. The NUS dataset consists of 144 video se-
quences, which are classified into six categories: Simple,

Quick rotation, Zooming, Parallax, Crowd, and Running.
The selfie dataset includes 33 video clips with frontal faces
and severe jittering. The DeepStab dataset includes 61
videos with forward, pan, spin, and complex movements.

Metrics. We use the following metrics to evaluate the per-
formance of video stabilization, which are widely used in
prior work [35, 61, 10, 69]: 1) Cropping ratio: measures the
remaining frame area after cropping off the undefined pix-
els due to motion compensation. 2) Distortion value: mea-
sures the anisotropic scaling of the homography between
the input and output frames. 3) Stability score: measures
the stability and smoothness of the stabilized video. 4) Ac-
cumulated optical flow: accumulates the optical flow over
the entire stabilized video. Note that these metrics are used
to evaluate the performance of video stabilization, while
in Section 4.1 we use PSNR, SSIM [63], and LPIPS [71]
to evaluate the quality of synthesized frames.

Results on the NUS dataset. We show the average scores
on the NUS dataset [35] on the left side of Table 2. Both
DIFRINT[10] and our method are full-frame methods and
thus have an average cropping ratio of 1. Note that the dis-
tortion metric measures the global distortion by fitting a ho-



Table 3: Using different flow smoothing methods in our
framework. Our method improves three metrics on the
Selfie dataset [68] when integrating with different flow
smoothing methods.

C ↑ D ↑ S ↑ A ↓
Bundle [35] 0.68 0.82 0.85 0.84
Ours + Bundle [35] 1.00 0.84 0.85 0.70
Yu and Ramamoorthi [70] 0.78 0.79 0.87 0.77
Ours + Yu and Ramamoorthi [70] 1.00 0.87 0.87 0.64

mography between the input and stabilized frames. There-
fore, it is not suitable to measure local distortion. Although
DIFRINT [10] obtains the highest distortion score, its re-
sults contain visible local or color distortion due to iterative
frame interpolation, as shown in Figure 5 and the supple-
mentary material. Adobe Premiere Pro 2020 warp stabi-
lizer obtains the highest stability score at the cost of a low
cropping ratio (0.74). Our results achieve the best distortion
score and accumulated optical flow, a good stability score,
and an average cropping ratio of 1 (no cropping for all the
videos), demonstrating our advantages over the state-of-the-
art approaches in the NUS dataset.

Results on the Selfie dataset. The middle of Table 2 shows
the average scores on the selfie dataset [68]. Note that the
videos in the dataset often contain large camera motions
and are more challenging to stabilize. Similar to the NUS
dataset, our method achieves the best cropping ratio and
accumulated flow. Our distortion and stability scores are
comparable to Yu and Ramamoorthi’s method [68], which
is specially designed to stabilize selfie videos.

Results on the DeepStab dataset. We show the average
scores on the DeepStab dataset [61] on the right side of Ta-
ble 2. Our method achieves the best distortion, second-best
accumulated flow, and good stability without cropping.

Integrating with different flow smoothing methods. The
proposed method can be easily integrated with existing
flow smoothing methods to generate a full-frame stabilized
video. Table 3 shows that the proposed method not only ob-
tains full-frame results but also improves all metrics when
combining with other smoothing methods [35] or [70].

4.3. Visual comparison

We show the stabilized frame of our method and state-of-
the-art approaches from the Selfie dataset in Figure 5. Most
of the methods [18, 61, 35, 70] suffer from a large amount
of cropping, as indicated by the green checkerboard regions.
The aspect ratios of the output frames are also changed.
To keep the same aspect ratio as the input video, excessive
cropping is required. DIFRINT [10] generates full-frame
results. However, its results often contain visible artifacts
due to frame interpolation. In contrast, our method gener-
ates full-frame stabilized videos with fewer visual artifacts.

Table 4: Quantitative comparison of view synthesis.
Truck Train M60 Playground

LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR

EVS [9] 0.41 0.563 14.99 0.64 0.454 11.81 0.62 0.473 9.66 0.39 0.610 16.34
LLFF [39] 0.61 0.432 10.66 0.70 0.356 8.88 0.69 0.427 8.98 0.56 0.517 13.27
NeRF [40] 0.61 0.690 19.47 0.74 0.532 13.16 0.62 0.691 15.99 0.54 0.734 21.16
NPBG [2] 0.22 0.822 20.32 0.25 0.801 18.08 0.36 0.716 12.35 0.17 0.876 23.03
FVS [44] 0.15 0.875 22.21 0.32 0.759 17.46 0.30 0.785 17.13 0.16 0.849 22.32
Ours 0.12 0.882 23.25 0.26 0.778 18.76 0.27 0.788 17.43 0.14 0.854 23.20

(a) FVS [44] (b) Ours (c) Ground Truth

Figure 6: Qualitative results of view synthesis.

4.4. View Synthesis

Although we develop our fusion method for video stabi-
lization, it is not limited to stabilization, and we show that it
can be integrated into other multi-image fusion tasks such as
video completion and FOV expansion in the supplementary.
The proposed hybrid fusion method can also be used for
view synthesis. We compare our approach to state-of-the-
art novel view synthesis methods on the Tanks and Temples
dataset [24]. Table 4 and Figure 6 show that our method
performs favorably against other compared view synthe-
sis methods quantitatively and qualitatively. Our method
achieves the best results among all the methods in all eval-
uated metrics. Visually, our method generates images with
fewer artifacts and more details than FVS [44].

5. Conclusions

We have presented a novel method for full-frame video
stabilization. Our core idea is to develop a learning-based
fusion approach to aggregate warped contents from mul-
tiple neighboring frames in a robust manner. We explore
several design choices, including early/late fusion, heuris-
tic/learned fusion weights, and residual detail transfer, and
provide a systematic ablation study to validate the contri-
butions of each component. Experiments on three public
benchmarks demonstrate that our method compares favor-
ably against state-of-the-art video stabilization algorithms.
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