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Abstract—Monocular depth estimation aims to predict depth
maps from single RGB images—forgoing the need for stereo cam-
era pairs—and has recently seen impressive leaps in performance
due to the introduction of affine-invariant losses and the use of
foundation model features. These monocular depth models pre-
dict affine-invariant depth, which describes the relative positions
of objects in the scene instead of absolute differences. While
these models demonstrate strong performance on single image
benchmarks, their effectiveness at preserving consistent spatial
structure over viewpoint translation has been less thoroughly
explored. Many potential real-world applications, such as han-
dling video streams as input, rely on coherent three-dimensional
consistency in scenes. We develop a novel evaluation protocol for
monocular depth models using a sequence of camera positions to
test the consistency of prediction across variation in viewpoint.
We demonstrate this methodology in a novel real-world dataset
of video sequences where we are able to anchor depth model
output to metric depth values using structure from motion, as
well as in synthetic scenes where ground-truth metric depth is
directly available. Our work demonstrates open challenges in the
development of broadly applicable monocular depth foundation
models, particularly with their ability to perform consistently
under varied viewpoints and camera motion sequences.

Index Terms—Monocular depth estimation, single-image depth
prediction, reliability and robustness.

I. INTRODUCTION

Monocular depth estimation (MDE) aims to provide an al-
ternative method for retrieving depth information by enabling
depth prediction from a single RGB image. Recent innovations
making use of affine-invariant loss and pre-trained foundation
models have led to a rapid improvement in the effectiveness
of monocular depth models and a proliferation of methods
[1]-[7]. While the ability to recover metric depth is limited
with these models, they have shown remarkable promise in
recovering relative depth within a scene. Where alternative
methods for recovering depth in a scene may be impractical
due to additional required hardware or the need to capture the
scene from many viewpoints [§], MDE requires only a single
camera or static image.

Standard metrics for evaluating monocular depth models
include absolute relative error (AbsRel) and proportion of
pixels exceeding 25% error (91) [I]-[3], [5]. While these
metrics together effectively convey performance over a given
image, they are typically calculated treating test images as
independent and disjoint, potentially missing biases in model
effectiveness for less well represented viewpoints, and do not

capture potential lapses in spatial coherence across viewpoints.
Recent work extending MDE to video streams has considered
the need for spatial coherence [3], [6]l, [7], however, the
quantitative metrics proposed focus on consistency between
adjacent frames, where critical failures in spatial representation
may only become apparent across the entire sequence.

While monocular depth models show significant promise
for applications across robotics and other scene understanding
tasks, these applications will be dependent on the spatial con-
sistency of these models. Further, while evaluating the relative
depth performance of these models gives a baseline under-
standing of their performance, real-world applications will
require the use of metric depth maps scaled from the model
output. Hence, for understanding the expected consistency
of these models across video sequences, we must explicitly
examine the consistency of their metric depth predictions. With
this, our contributions are as follows:

¢ Curation of a monocular depth benchmarking dataset,
consisting of multiple classes of camera movements
across real and synthetic scenes.

o Development of two novel metrics, warp and drift error,
measuring the temporal consistency of monocular depth
models across the entire video sequence.

e Providing a comprehensive benchmark suite demonstrat-
ing the spatial coherence of 6 monocular depth models.

II. METHODS

Our primary focus of investigation is the spatial consistency
of monocular depth models over a range of scenes and
camera movements. We examine both real-world and synthetic
scenes, building a real-world dataset of 2,245 images across
23 scenes and a synthetic dataset of 2024 images across 7
scenes. In order to examine the effect of camera trajectory,
we broadly classify each video into either an arc or a pan
camera movement. Further, while our synthetic dataset has
access to ground-truth depth information, we use structure
from motion—specifically COLMAP [9], [10]—in real-world
scenes in order to have metric depth-priors.

In order to scale a given relative depth map—output from
the monocular depth model—to metric depth, we compute a
least-squares fit for a linear scaling from the relative to the
metric depth space. In particular, this scaling aims to map the
relative depth to the known ground-truth depth in the scene
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Fig. 1. Warp error reported across all real scenes. Warp error is normalized
to average depth of COLMAP points in scene. Outliers (values in the top and
bottom first percentile) are removed.

for the synthetic scenes, or to to the metric depth recovered
from structure from motion for real scenes (hereafter referred
to as ground truth for our purposes). This computation is done
per-frame in each video.

We propose two new metrics for evaluating the consistency
performance of monocular depth models on video sequences:
warp and drift error. For both warp and drift error, we compute
error over a set of points with corresponding ground truth
information. For each point, we use the predicted metric depth
map in order to re-project a 3D world coordinate. Warp error
is then defined as the average Euclidean distance between
the predicted and ground-truth 3D location of each point
in each frame. Instead of using ground-truth locations, drift
error computes the Euclidean distance between each predicted
location and the first predicted 3D location of that point.
Namely, we use the known history of which frames each
point is visible in from the structure from motion in order
to compare the prediction for the first time a point was visible
to every subsequent frame it is visible in. In this light, warp
error aims to measure the extent to which the predicted depth
map “warps” the ground-truth depth map and drift error aims
to measure the extent to which a model’s prediction drifts
throughout the video sequence.

For comparing warp and drift error across scenes, we
normalize the errors in each scene by the average ground-truth
depth across the entire video. Further, we remove the top and
bottom first percentile of error values in order to reduce the
impact of major errors and noise. We separately report the
average magnitude of these major errors.

III. RESULTS

We show warp and drift error averaged over all real-world
scenes in Fig. [T] and Fig. P2l respectively. Each plot shows
the trajectory of both error measures—normalized by average
scene depth—through 30 temporal buckets to emphasize tem-
poral errors. Notably, we see large drift error for ChronoDepth
at the end of scenes, while not seeing deviation in warp.
Further, for Depth Anything V1, Depth Anything V2, and
Video Depth Anything, we see warp error tends to drop on

=
S

---- Depth Anything V1 o
Depth Anything V2 A

121 DepthCrafter oo
—— Marigold P
10 - ChronoDepth A N

--— Video Depth Anything . '

(<)

(=)}

EN

Normalized average prediction drift

N
1

Time

Fig. 2. Drift error reported across all real scenes. Drift error is normalized to
average depth of COLMAP points in scene. Outliers (values in the top and
bottom first percentile) are removed.

average through time, even though drift error tends to creep
upward.

IV. CONCLUSION

We explore the temporal consistency of monocular depth
models across a novel dataset of real-world and synthetic
video. Additionally, we propose two new metrics, warp
and drift error, which measure a model’s deviation from
ground truth and from its original predictions, respectively.
We demonstrate how simply measuring temporal consistency
against either of these measures fails to completely capture
the inconsistencies present in each model. While not outlined
here, we additionally demonstrate how these temporal biases
extend to different kinds of camera movement.
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