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1 Baseline Details

We compare the GroCo method with a baseline that was made to eliminate
confounding factors such as model architectures or training pipelines. As such,
the baseline uses the same encoder, decoder, photometric loss and smoothness
loss. The difference is that the baseline model does not use the ground prior, so
in order to learn the scale the prediction we use a slightly modified version of
losses presented in [5], dividing the translation scale loss Lpose by the amplitude
of the scaled translation to not penalize larger translations more than smaller
ones:

Lpose =

∣∣∣∣Pscaled − Ppred

Pscaled

∣∣∣∣ (1)

The gradient being computed on Ppred only.
We also use Algorithm 1 to compute the scale, because we found that it

performed better than the method of [5] as seen in Tab. 1.

1.1 Scale Computation

Algorithm 1: Scale Computation
Data: depth, ground, dmax = 15, margin = 0.1
row_q3 ← third_quartile(depth, axis=’width’);
ratio ← ground

depth ;

ground_mask ← (ground < dmax) ∧ ( |row_q3−depth|
row_q3 < margin);

depth_scale ← median(ratio[ground_mask]);
Result: depth_scale

In supervised settings, the scale is usually computed by taking the ratio
between the median of the ground truth lidar depth and the median of the
predicted depth. In Algorithm 1 we adopt a similar idea but replace the ground
truth by the theoretical ground plane depth. To make it work, we segment the
region where this prior should be compared to the predicted depth. To do this,
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Fig. 1: Examples of ground masks using Algorithm 1 with a 10% threshold and a
maximum distance of 15m.

we use an algorithm that is robust to changes of camera view points, observing
that in driving scenarios the ground points are usually the one that are the
furthest away on each row of the image. Using this assumption we segment
pixels with depths close to the 3rd quartile on each row of the up-to-scale depth,
thereby removing potential outliers like potential pothole. Fig. 1 also shows that
we keep only the pixels up to a certain distance since they are more likely the
one respecting the flat ground hypothesis.
Note that when we use roll augmentation, images are inversely rotated before
the algorithm to keep the horizon line horizontal.

Tab. 1 shows that this method outperforms the one of [5] on the improved
KITTI Eigen test set [4] with the up-to-scale prediction of the Monodepth2
model [2]. We compare the standard deviation σ between the scale estimated by
the ground truth and the one estimated by the competing scale algorithms .
In order to consider overestimation in the same way as underestimation the
metric M is computed as follows for each image:

M(scalepred , scalegt) = max
(
scalepred
scalegt

,
scalegt
scalepred

)
− 1 (2)

Table 1: Comparison of the standard deviation σ between the scale recovery algorithms
and the ground truth. Evaluated on the improved eigen test split, using the default
Monodepth2 [2] model.

Method σ

Scale Recovery [5] 0.1022
Algorithm 1 0.0547
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2 Additional Visualizations

2.1 Videos

We provide two videos on sequences of the DDAD validation dataset, with both
the GroCo model trained on KITTI [1] (in zero-shot on DDAD) and the one
trained on DDAD [3]. These videos show a bird’s eye view (BEV) of the image
that is projected thanks to the depth estimation.

2.2 Height Images

Fig. 2: Pixels heights up to 3m computed from GroCo’s predicted depth. Images with
(D) are trained on DDAD while the ones with (K) are trained on KITTI.
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