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Method Rel. Depth Adj. Scale Cam. MAE(cm) ↓ AbsRel ↓ SqRel ↓ RMSE ↓ RMSElog ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

RANSAC [6] MiDaS [23]
UW 99.572 1.17707 1385.8 1083.07 0.33456 0.0367 0.0901 0.3358
W 106.27 1.28238 1584.8 1093.16 0.35119 0.0222 0.0492 0.1960

RANSAC [6] MiDaS [23] ✓
UW 14.648 0.27817 134.90 207.41 0.13339 0.7590 0.8874 0.9337
W 12.335 0.23332 109.25 191.57 0.11514 0.8255 0.9099 0.9453

RANSAC [6] ZoeDepth [1]
UW 101.983 1.21769 1440.4 1054.46 0.33978 0.0203 0.0492 0.3062
W 106.346 1.23768 1479.3 1096.22 0.34530 0.0160 0.0367 0.1757

RANSAC [6] ZoeDepth [1] ✓
UW 19.171 0.26131 97.900 241.10 0.16740 0.6314 0.8482 0.9180
W 15.945 0.22246 85.366 212.13 0.14823 0.7137 0.8755 0.9328

RANSAC [6] GT ✓
UW 19.727 0.36740 193.67 271.73 0.17117 0.6525 0.8264 0.8899
W 15.947 0.34564 204.59 237.13 0.14122 0.7533 0.8672 0.9211

Ours MiDaS [23]
UW 5.616 0.07305 1.773 12.62 0.07644 0.9232 0.9607 0.9764
W 9.376 0.12280 2.995 15.57 0.09220 0.8579 0.9494 0.9752

Table S1. Quantitative comparison with RANSAC [6] with the camera parameters calibrated
from our mobile device. Rel. Depth: the source of relative depth. Adj. Scale: Adjusted scale. GT:
Ground truth. Cam.: Camera. UW: Ultra-wide camera. W: Wide camera.

A Comparison with RANSAC

One of the classical methods for integrating relative and metric depth is RANSAC
(RANdom SAmple Consensus) [6]. RANSAC is an iterative algorithm for estimating
the parameters of a mathematical model from a set of observed data that contains out-
liers. RANSAC is able to find the linear mapping from relative depth to metric depth
with the roughly aligned noisy iToF depth map because noise is the outlier of the depth
structure.

We conduct the quantitative experiment to compare it with our model as shown in
Table S1. Our method outperforms RANSAC in every setting even using the normalized
ground truth as the relative depth or iToF depth adjusted the scale. Our result shows that
the integration of passive and active sensing depth modalities is non-trivial, which also
be found by Wu et al. [30], indicating linear RANSAC can not simply solve this task.

B Limitations

While our framework can refine the iToF depth with RGB without depth ground truth,
it still has some limitations. First, for the new device, our model has a plug-and-play
issue. In other words, our data-driven model needs to re-calibrate the new cameras and
re-train for the data captured by the new device. Second, our model still has some failure
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Fig. S1. A failure case of integration. The bamboo scene is too complex and the refined depth is
foggy.
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Fig. S2. A failure case of integration. The red circled curtain is too complex and detailed. Thus
the refined depth is foggy.

cases as shown in Figure S1 and Figure S2. Figure S1 shows our model can’t deal with
the rare scene (which only has two similar samples in the train split of iToF-RGB1k) or
scenes having small complex objects (which is hard to warp accurately and precisely),
whereas our integration of depth modalities is data-driven and learning from geometric
consistency. Although our model estimates the depth of the trunk clearly and precisely,
the estimated depth of the leaves is blurry and foggy. Similarly, complex textures, such
as those found on curtains in Figure S2, pose challenges for accurate depth estimation.
In conclusion, failure happens to small complex objects that are hard to align through
geometric warping or the rare scene in the training data.

C Potential Negative Impact

Since our integration model for active and passive depth sensing modalities is data-
driven, the privacy issue of the dataset for training should be considered. Based on
this concern, our iToF-RGB1k dataset is for research only. We also avoid capturing
the human being in our iToF-RGB1k. Moreover, our model could have bias or fairness
issues from the dataset. We suggest conducting more diverse datasets for fair use to
prevent these issues.



D. MORE QUALITATIVE RESULTS 3

D More Qualitative Results

We provide more qualitative results of our model in the real world from our iToF-
RGB1k dataset in Figure S3 for the ultra-wide-angle camera and in Figure S4 for the
wide-angle camera, demonstrating the ability of our model to integrate our two depth
sensing modalities in diverse indoor environments.

E Implementation Details

We provide more implementation details for our intergration model. We use PyTorch [20]
1.12.1 as our environment for developing our framework. We also use Kornia [24] to
warp images and depth maps for computing gradients during the training.

E.1 Hyperparameters

ToF-FlyingThings3D [21] The learning rate used in our model for training with ToF-
FlyingThings3D [21] is 10−4. We adopt RAdam optimizer [15] with hyper-parameters
{β1 = 0, β2 = 0.999}. The batch size is set to 4. We use two-stage training. We train
our model with 50 epochs in each stage. In the first stage, the loss weights are set as
following, λxwarp-I = 1, λxwarp-D = 0, λxwarp-D = 0, λdistill = 0.01, and λsm = 0.1.
In the second stage, the loss weights are set as following, λxwarp-I = 1, λxwarp-D = 1,
λdistill = 0.01, and λsm = 0.1. The off-the-shelf monocular depth estimation model for
depth structure distillation is MiDaS [23].

iToF-RGB1k The learning rate used in our model for training with iToF-RGB1k is
10−4. We adopt RAdam optimizer [15] with hyper-parameters {β1 = 0, β2 = 0.999}.
The batch size is set to 4. We use two-stage training. We train our model with 50 epochs
in each stage. In the first stage, the loss weights are set as following, λxwarp-I = 1,
λxwarp-D = 0, λxwarp-D = 0, λdistill = 1, and λsm = 0.001. In the second stage, the loss
weights are set as following, λxwarp-I = 1, λxwarp-D = 1, λdistill = 1, and λsm = 0.001.
The off-the-shelf monocular depth estimation model for depth structure distillation is
Boosted [19] LeReS [31].
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Fig. S3. Qualitative evaluation of estimated depths for the real-world dataset, iToF-RGB1k, in-
cluding the RGB image taken by the ultra-wide-angle camera, the iToF depth warped onto the
image plane of the wide-angle camera, our results, and the results of Boosted [19] LeReS [31].
Our model overcomes the limitations of the iToF camera and the off-the-shelf monocular depth
estimation model and integrates these active sensing and passive sensing modalities to estimate
full FoV metric depth. Boosted [19] LeReS [31] is the off-the-shelf monocular depth estimation
model, a relative depth model. The unit of absolute depth is millimeters.
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