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Model
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Abstract

Recent studies leverage diffusion models pre-trained on large multi-domain datasets for accurate monocular depth estimation.
However, the indirect nature of this approach, which involves reconstructing depth maps from predicted noise in the reverse
diffusion process, could weaken depth-edge precision. In this paper, we propose a method to explicitly guide the predicted noise
by employing an autoencoder pre-trained on ground-truth depth maps. Experimental results on the benchmark datasets demonstrate
that the proposed method can effectively improve the monocular depth estimation performance in unseen domains.
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Fig. 1. Training and Inference Pipeline. In the training pipeline, a pre-trained depth autoencoder is utilized to fine-tune the denoising
U-Net of Stable Diffusion v2!"l. The depth autoencoder is trained to compress depth maps into low-dimensional latent vectors

and then reconstruct them into depth maps.
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Table 1. Performance comparison on the benchmark datasets

NYUv2!'™ KITTII® ETH3D!" ScanNet!'! DIODE!®!

AbsRel oy AbsRel o AbsRel o AbsRel & AbsRel o
DiverseDepth'®? 11.7 87.5 19.0 70.4 22.8 69.4 10.9 88.2 37.6 63.1
MiDaS! 111 88.5 23.6 63.0 18.4 75.2 12.1 84.6 33.2 715
LeReS? 9.0 91.6 14.9 78.4 17.1 77 9.1 917 27.1 76.6
Omnidata'® 74 94.5 14.9 83.5 16.6 77.8 75 93.6 33.9 74.2
HDN®e! 6.9 94.8 1.5 86.7 12.1 83.3 8.0 93.9 24.6 78.0
DPT" 9.8 90.3 10.0 90.1 7.8 94.6 8.2 93.4 18.2 75.8
Marigold'® 5.7 96.0 10.1 90.7 6.4 95.7 6.9 94.4 30.0 77.9
Proposed Method 5.6 96.2 10.1 91.1 6.3 95.9 6.3 95.5 29.9 78.1

E 2. #joj2ztel®} Hotsh= dhgol izt njete] HET Hlm

Table 2. Accuracy under threshold comparison of baseline® and proposed method

NYUv2!'3 KITTI'® ETH3D!"" ScanNet!" DIODE!"®
4 5 d3 oy [ d5 5 3, d3 5 [ 33 4 3y d3
Baseline® 96.0| 99.0 | 99.7| 90.7 | 98.5| 99.5| 95.7 | 98.9 | 99.5| 94.4 | 98.5| 99.6 | 77.9| 89.4 | 93.9
Proposed Method 96.2| 99.0 | 99.7| 91.1| 98.5| 99.6 | 959 | 98.9 | 99.5| 95.5 | 98.7 | 99.6 | 78.1| 89.6 | 94.0

(AbsRel) 9} AAFL 1.25(5,)°

£ vasdeh # 39 4% A3

E 3. 20| =017ris} 0| 2METe 53 2E 4

Table 3. Ablation study of the depth autoencoder and the depth loss function
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NYUv2!"3! KITTI(™® ETH3D!" ScanNet!™ DIODE!"®
AbsRel 0y AbsRel 0, AbsRel oy AbsRel 0y AbsRel 0y
Baseline!® 57 96.0 10.1 90.7 6.4 95.7 6.9 94.4 30.0 77.9
Proposed Method
(W Depth Loss, wio Depth Autoencoder) 5.6 96.1 10.0 91.2 6.4 96.0 6.6 94.9 30.0 781
Proposed Method
(w/ Depth Loss, w/ Depth Autoencoder) 5.6 96.2 10.1 91.1 6.3 95.9 6.3 95.5 29.9 781
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Fig. 2. Results of monocular depth estimation on the NYUv2!"™¥! dataset (a): Input images (b): Ground Truth
depth maps (c): Depth maps generated by Marigold® from the input image (d): Depth maps generated by
the proposed method from the input image
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Fig 3. Results of monocular depth estimation on the ScanNet!"! dataset (a): Input images (b): Ground Truth
depth maps (c): Depth maps generated by Marigold® from the input image (d): Depth maps generated by

the proposed method from the input image
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Fig. 4. Results of monocular depth estimation on the KITTI' dataset (a): Input images (b): Ground Truth point clouds
(c): Depth maps generated by Marigold® from the input image (d): Depth maps generated by the proposed method from

the input image
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