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Figure 7. Depth completion comparison results with different methods on DIML.

4.3. Comparison to State-of-the-art

To validate the performance of our proposed AGG-Net,
we compare our method against the classic bilateral filter-
ing method [2], and various latest SOTA work [18, 5, 25,
19, 28, 20] based on deep learning. Our model is imple-
mented by the optimal scheme and parameters based on the
ablation study results. The performance measurements of
the competing models are collected from their original pub-
lications or obtained by applying them to the above three
datasets according to their default settings. All the methods
are trained based on the raw depth map and tested in exactly
the same protocol. The results are shown in Tab. 3.

On NYU-Depth V2. On the most popular bench-
mark NYU-Depth V2, the deep learning models [18, 5, 25,
23, 28] are obviously superior to the traditional Bilateral
method [2] because deep learning is more potent than tradi-
tional image processing techniques in dealing with depth
completion. Among all the learning-based methods, our
model scores the best and wins the second by a large mar-
gin of 33.8% (0.092 vs. 0.139) in RMSE. Our model takes
the top scores of δt, and reaches 100% at the threshold
t = 1.253. For the index of Rel, our model achieves almost
the top score with just 0.001 point behind. Considering that
the NYU-Depth V2 dataset is the most widely used bench-
mark in this field, the corresponding results give confident
evidence that our model outperforms most existing SOTA
works in the average performance. The overall advantage
of our proposed AGG-Net derives from the proposed AG-
GConv and AG-SC modules.

On DIML. As a new dataset, the DIML is characterized
by some novel patterns of invalid areas, including spotted
mass, edge shadows, and large irregular holes. Our model is

Benchmark Method RMSE↓ Rel↓ δ1.25 ↑ δ1.252 ↑ δ1.253 ↑

(a) NYU.

Bilateral [2] 0.532 0.132 85.1 93.5 95.9
Sparse2Dense* [18] 0.230 0.054 94.5 97.3 98.9

CSPN* [5] 0.173 0.020 96.3 98.6 99.5
DfuseNet* [25] 0.156 0.016 98.8 99.7 99.9
DM-LRN [23] 0.205 0.014 98.8 99.6 99.9

RDF-GAN [28] 0.139 0.013 98.7 99.6 99.9
Ours 0.092 0.014 99.4 99.9 100.0

(b) DIML

Bilateral [2] 0.636 0.189 83.0 88.8 92.4
CSPN* [5] 0.162 0.033 96.1 98.7 99.6

DfuseNet* [25] 0.143 0.023 98.4 99.4 99.9
DM-LRN [23] 0.149 0.015 99.0 99.6 99.9

Ours 0.078 0.011 99.6 99.9 100.0

(c) SUN.

Sparse2Dense* [18] 0.329 0.074 93.9 97.0 98.1
CSPN* [5] 0.295 0.137 95.6 97.5 98.4

DeepLidar [20] 0.279 0.061 96.9 98.0 98.4
DM-LRN [23] 0.267 0.063 97.6 98.2 98.7

RDF-GAN [28] 0.255 0.059 96.9 98.4 99.0
Ours 0.152 0.038 98.5 99.0 99.4

Table 3. Quantitative comparison results with other methods on
(a) NYU-Depth V2, (b) DIML, and (c) SUN RGB-D. ‘*’ indicates
that the method is originally designed for sparse depth completion.

compared with the Bilateral and the other three SOTA meth-
ods [5, 25, 23] on the DIML dataset using the same testing
protocol. The results show that our model further improves
the Rel score while maintaining or expanding the advan-
tages on RMSE and δt. We also display several typical im-
ages in the DIML datasets and the corresponding comple-
tion results in Fig. 7. It can be clearly seen that, especially
marked with the red box, our results have more vivid de-
tails, sharper edges, and higher consistency to the GT com-
pared to the competing models, even for those very chal-
lenging cases with large irregular holes and dense speckles.
These results demonstrate that our model has a more ro-
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