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Abstract

Gated cameras hold promise as an alternative to scan-
ning LiDAR sensors with high-resolution 3D depth that is
robust to back-scatter in fog, snow, and rain. Instead of
sequentially scanning a scene and directly recording depth
via the photon time-of- ight, as in pulsed LiDAR sensors,
gated imagers encode depth in the relative intensity of a
handful of gated slices, captured at megapixel resolution.
Although existing methods have shown that it is possible
to decode high-resolution depth from such measurements,
these methods require synchronized and calibrated LiDAR
to supervise the gated depth decoder  prohibiting fast
adoption across geographies, training on large unpaired
datasets, and exploring alternative applications outside of
automotive use cases. In this work, propose an entirely
self-supervised depth estimation method that uses gated in-
tensity pro les and temporal consistency as a training sig-
nal. The proposed model is trained end-to-end from gated
video sequences, does not require LiDAR or RGB data, and
learns to estimate absolute depth values. We take gated
slices as input and disentangle the estimation of the scene
albedo, depth, and ambient light, which are then used to
learn to reconstruct the input slices through a cyclic loss.
We rely on temporal consistency between a given frame
and neighboring gated slices to estimate depth in regions
with shadows and re ections. We experimentally validate
that the proposed approach outperforms existing super-
vised and self-supervised depth estimation methods based
on monocular RGB and stereo images, as well as super-
vised methods based on gated images. Code is available at
https://github.com/princeton-computational-
imaging/Gated2Gated.

1. Introduction

Depth sensing has become a cornerstone imaging modal-
ity for 3D scene understanding. Depth is used directly as in-
put to a vision module, or indirectly in training datasets, to
supervise models relying on other modalities across a wide
range of applications such as perception and planning in au-
tonomous driving, robotics, remote sensing, augmented and
virtual reality [40, 56].

The most successful methods for depth estimation are ei-
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ther based on pulsed scanning LiDAR [43], or passive RGB
sensors, i.e., monocular [14,17,48] and stereo RGB [26,49].
LiDAR depth sensors [51] measure the time-of- ight of
pulses of light emitted into the scene and returned to the sen-
sor along a coaxial path that is sequentially scanned across
ascene. As aresult, these sensors deliver precise depth with
high spatial resolution at short distances. However, they are
expensive, suffer from quadratic decreasing spatial resolu-
tion at longer distances, e.g., resulting in a few measure-
ment points for pedestrians at 100 m distance [51], and they
fail in the presence of strong back-scatter. Monocular and
stereo RGB methods offer a substantially cheaper alterna-
tive, but they struggle to achieve depth precision compara-
ble to time-of- ight imaging, struggle in low-light scenar-
ios, and at long distances that map to small disparities.
Recently, gated imaging has been proposed as an alter-
native sensor modality for depth estimation and 3D detec-
tion [22, 32] which promises to overcome the spatial reso-
lution limitation of scanning LiDAR while providing com-
parable depth precision. Gated cameras combine low-cost
CMOS sensors with analog gated readout and active ash
illumination, allowing to capture a sequence of gated im-
age slices that each encode time-resolved illumination via
their relative intensity and, as such, provide depth cues not
present in RGB cameras. Thanks to this active gated ash
acquisition mode, gated imaging methods have shown to be
more robust in low-light scenarios and in the presence of
strong back-scatter that can be suppressed during acquisi-
tion [22]. For a comprehensive review of Gated Sensors
see Sec. 3. Gated images provide dense depth informa-
tion at megapixel resolution of the gated camera, allow-
ing for long-range perception where LiDAR-based meth-
ods fail [32]. However, all of these existing methods re-
quire calibrated and synchronized LiDAR data for train-
ing supervision. Although commercial gated cameras have
become available [20], the requirement of such a multi-
modal capture system prohibits the rapid adoption of gated
depth imaging not only in automotive applications but also
in other robotic use cases. Moreover, large unpaired se-
quences of gated imagery cannot be exploited in training
existing gated depth estimation methods. In this work, we
propose the rst self-supervised method for depth estima-
tion from gated cameras. The proposed method takes gated
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slices as input and predicts the scene albedo, depth, and
ambient illumination. We reconstruct the input slices us-
ing calibrated gated pro les enforcing measurement cycle
consistency and warping from the nearby slices in a tem-
poral window enforcing temporal consistency. To this end,
we introduce a differentiable gated image formation model
that uses depth-dependent calibrated gating pro les for self-
supervised measurement cycle loss. To learn in the absence
of reliable gated measurements due to shadows, we utilize
temporal depth consistency using differentiable structure-
from-motion and the proposed image formation model.
Speci cally, we make the following main contributions:

We propose a novel self-supervised method that uses
measurement cycle consistency and temporal consis-
tency as training signals.

The proposed model is trained end-to-end, and by ex-
ploiting calibrated gating pro les, the method is able to
accurately estimate metric depth using the cycle con-
sistency component.

We validate that the proposed method outperforms
self-supervised and supervised depth estimation us-
ing monocular and stereo RGB images and supervised
gated depth estimation methods.

We have released models and code used to reproduce the
results from this work.

2. Related Work

Depth from Time-of-Flight ~ Time-of-Flight (ToF) cam-
eras acquire depth by measuring the round-trip time of mod-
ulated ood-illuminated light returned from a scene. Exist-
ing methods can be classi ed into three categories: correla-
tion [25,35,37], pulsed ToF [51] and gated imaging [20,27].
Correlation ToF cameras [25,35,37] estimate the depth from
the phase difference of the sent and received laser pulse,
which allows high spatial resolution, but is limited to short
distances and indoor environments [28]. Pulsed ToF sensors
[51] emit pulses of light and directly measure the round-trip
time of the returned pulses, but require a scanning mecha-
nism for large distances reducing the spatial resolution. Ad-
ditionally, experiments have shown that they can be affected
by adverse weather disturbances [4, 8, 31]. Gated imag-
ing [5, 20, 27] records the returned light within a short inte-
gration time on the imaging sensor. This limits the capture
to certain depth ranges and allows short-range back-scatter
to be ignored. In [2, 6, 7] a sequence of three gated slices
was used to reconstruct depth information. Further methods
introduced analytical approximations [38,39,58] or learned
the depth prediction through Bayesian methods [1,50] and
deep neural networks [23].

Supervised Depth Estimation Learning to predict depth
from intensity images requires appropriate ground truth
data. Methods either use the supervision from time-of- ight

data [9, 14, 22, 30, 43] or ground truth depth from multi-
view systems [33, 40, 44]. Previous imaging systems ei-
ther process images from monocular cameras [12, 36, 40],
can reason about multiple views [9, 60], or utilize the com-
bination of monocular images with sparse LIDAR point-
clouds [30, 43]. All of these existing methods can fail in
low-light or low-contrast scenarios, for example, at night
or in cluttered scenes, that active methods [22] tackle using
illumination. Furthermore, RGB-only monocular depth es-
timation can only reconstruct up to an unknown scale factor.

Self-Supervised Depth Estimation Acquiring ground
truth data for supervised depth estimation methods is chal-
lenging. An extensive process was applied in [16, 53] to
overcome the limited range and spatial resolution by re-
quiring a thorough LiDAR camera synchronization with the
ego-motion correction and accumulating single point clouds
into LiDAR maps as ground truth. Nonetheless, the appli-
cation spectrum is limited, disallowing the use in areas such
as scattering media, where LiDAR data is cluttered [3] or
for vehicle eet data without expensive ground truth sen-
sors. To tackle this challenge, self-supervised training ap-
proaches exploit multiview geometry by aligning stereo im-
age pairs [15, 18] or making use of image view synthesis
between temporally consecutive frames [19,24,61]. Align-
ing stereo images pairs for depth prediction was initially
proposed by Garg et al. [15]. Here, a neural network pre-
dicts the disparity from monocular camera images and su-
pervises it by warping the stereo images. Image synthesis
between temporally consecutive monocular image frames
was introduced in [18,54]. This approach utilizes two in-
dependent networks, one predicting the depth and the other
estimating a rigid body transformation between two tem-
porally adjacent frames. A reprojection error between two
frames is then formulated to supervise the depth estimate.
The following monocular methods investigate novel neural
architectures [15, 19, 24] or extensions in the loss formula-
tion [13,18,19,24,42,46,55,59]. However, they have inher-
ent scale ambiguity, which can be reduced by relying on ve-
hicle velocity or LiDAR ground-truth depth measurements
at test-time [24]. Departing from these approaches, the pro-
posed depth estimation method relies on the calibrated gate
pro les used in a measurement cycle consistency loss to en-
force scale accuracy. Moreover, we extract further depth
cues from the motion between intra-capture gated frames
that are sequentially acquired for different gates.

3. Gated Imaging

Before presenting the proposed method, we brie y re-
view the principles of gated imaging. Figure 1 illustrates
a gated imaging system which consists of a synchronized
camera and ash illumination source. In contrast to scan-
ning LiDAR systems, the ash illumination source illumi-
nates the scene through a laser pulse p, before capturing the
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Figure 1. A gated camera consists of a synchronized gated cam-
era and a ash pulsed illumination source (d). Using different
exposure gates, the image formation can be described with three
range-intensity pro les Ci, i 2 ¥0;1;2g plotted depending on
distance r[m], and an ambient, unmodulated " scene contribu-
tion. An overlay of all exposures is shown in green (b). Individual
range intensity pro les are shown for (f) short distance 3-72m in
deepred, (g) moderate distance 18-123 m in petrol, (h) far distance
57-176 m in and (c) ambient light (Z%) in . A corre-
sponding RGB capture of the scene is shown in (a).

re ected light echo with a delay. The re ected light is
captured through a CMOS imaging sensor, which only cap-
tures photons arriving in a given temporal gate with pro le
g. Following Gruber et al. [23], we denote a single gated
exposure as

Z{(r)

Ci(r)
A =
2r
gi(t Jpi t S (r)dt;

a1

)

where Z1(r) is the gated exposure, indexed by i, at distance
r and time t; C;j(r) is the range intensity pro le, i.e., the
convolution of the gated slice and its corresponding pulse
pro le; isthesurfacere ectance (albedo),and the atten-
uation along a given path due to atmospheric interactions.
The depth dependent path attenuation becomes unity in the
absence of any participating media.

We note that during daytime, this model is incomplete
due the high spectral solar power within the NIR band that
leads to a signi cant number of unmodulated photons cap-
tured as an ambient light component. We modi y the

model from [23] as
Zi(n = Cin+ (2)

Similar to other CMOS-based sensing methods, gated imag-

ing is also affected by noise, that can be modelled with a

signal-dependent Poisson  and Gaussian ¢, resulting in
Z{ = Cin+ + g+ 3)

In this work, at a given time t, we capture three sequential
gated slices with spatial resolution H W aszi 2 R} W

with delays fo.1.29 and an unmodulated NIR passive image
Z? as illustrated in Figure 1. With a native frame rate of
120 Hz, the proposed gated camera provides a full set of
observations at 30 Hz.

4. Self-Supervised Gated Depth Estimation

The proposed method learns to predict depth ¢ without
ground truth supervision from LiDAR or simulation. To
this end, we exploit the cyclic measurement consistency of
gated images and temporal consistency in the depth predic-
tions. Self-supervision allows us to overcome the limited
depth range (80 m) of methods trained on LiDAR ground-
truth and removes complex synchronization processes be-
tween LiDAR and cameras. Furthermore, we can train our
models on harsh weather conditions, e.g., fog, rain, or snow,
where LiDAR-based ground-truth is not available.

The proposed Gated2Gated architecture is illustrated in
Figure 2. While our model is general in terms of the input
gated slices, we consider three slices Zi, for i = 0;1;2,
at each time t. The gated measurements Z} are concate-
nated in a tensor Z¢ that is fed to three convolutional neu-
ral networks that disentangle the input into albedo, ambient
light, and depth, which are then used to reconstruct the in-
put slices using a cyclic loss. The disentanglement is simi-
lar to [41,52], where a network is trained to decompose an
conventional RGB image into albedo and lighting compo-
nents. In addition to this novel gated imaging-based training
signal, we exploit temporal consistency between temporally
adjacent gated frames to handle regions with shadows and
multi-path re ections.

Speci cally, the proposed architecture is composed of
three networks. The rst network predicts a dense depth
map per gated tensor Z¢, denoted as f, : Z¢ ¥ f¢. The
second network also takes Z as input, and predicts ambient
and albedo, denotedas f  : Z; ¥ ("¢; ~¢). The third net-
work takes two temporally adjacent gated tensors as input
(Z+; Zn), and predicts a rigid 6 DoF pose transformation

Rt n tt n

X from Zp to Zy, denoted as R = "

with Rewn 2 SO(3) and tyw, 2 R® ! generated by
feon:(ZuZn) ¥ kt!n-

The learned function f, is optimized to predict the abso-
lute depth value and is supervised using the other two aux-
iliary functions, f  and fyw n. The rst auxiliary function
is used to exploit cyclic measurement consistency with the
measured gated slice, i.e., enforce that the predicted depth
is consistent with a gated measurement. The second aux-
iliary function allows us to exploit temporal consistency
between nearby gated frames. Using these cues, the pro-
posed method resolves scale ambiguity inherent in monoc-
ular depth estimation. The two consistency components are
discussed in the following sections.
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Figure 2. The proposed self-supervised Gated2Gated architecture estimates dense depth from a set of three gated images, by learning from
cyclic gated and temporal consistency. Thereby, the inherent scale ambiguity is solved through the range intensity pro les introducing a
scale cue during training. Additional, mask b; v resolve multi-path and shadow artifacts breaking Eq. (5).

4.1. Cyclic Gated Consistency

The cyclic gated consistency loss supervises the pre-
dicted depth ¢, ambient "¢ and albedo 7y, by reconstruct-
ing the gated slices. To this end, we use a simpli ed version
of Equation 3, in which we model ambient and noise to-
gether, that is

= g+ pt+ 4)
The nal model then can be written as
2t ="MCilty) + g 5)

with C; being range-intensity pro les (as de ned in Fig-
ure 1). The C; pro les are measured experimentally with
calibrated targets and approximated with Chebyshev poly-
nomials Tp,

To=1 Ti1=%X Tne1=2XTn Tn 1; (6)

up to order of N = 6. The ambient predictions ™ can be
directly supervised using the ground truth captured passive
images Z} and the photometric loss Lp.

As loss function L, [18], we use Structural Similarity
(SSIM) [57] and Ly norm, that is

- . i;2i
Lp(Zi;2}) = 0:85 - 2ME)

+0:15 jjzi 24ia: (7)
Gated2Gated Cyclic Loss Masks. The gated slices 2}
can be reconstructed using the proposed cyclic gated con-
sistency, which enforces a match between a predicted depth
estimate and the ground truth Z! measurement it came from.
Speci cally, having predicted depth r using f and using
f , we can predict a gated image using Eq. (5). How-
ever, adopting a photometric loss [18,61] between the mea-
surement and the prediction fails in practice as severe mul-
tipath effects, missing illumination due to occlusion, and
saturation due to retro-re ective signs can break the model

in Eq. (5). We illustrate these issues in Figure 3. To this
end, we introduce the following pixel masks that optimize
the performance of the cyclic self-supervised model in those
conditions.

Pixel Variance. Pixels pyy with similar intensity across
all slices are not modulated and are either beyond the range
of the illumination, or highly absorptive. We then de ne a
mask to Iter out pixels with low variance as follows,

Dyy =F(Y)J max py,  min py > g (8)

Saturated Pixels. We also exclude saturated pixels, i.e.,
pixels with high-intensity values in all three gated slices,
using the mask

Myy = F(x;y) j max(ply) < @ )

The pixel variance and saturated pixels masks are combined

into a binary mask bg(y, de nedas
0 1 if(xy)2 Dyy ™ xy)2 Myxy
Xy = : (10)
0 otherwise:

Multipath Correction. The binary mask b’ is further re ned
by modeling multipath effects, taking advantage of the view
geometry, as illustrated in Figure 3. In automotive scenes,
the most severe multipath effects result from re ective road
surfaces. Using the camera intrinsics, we estimate a con-
servative constant ground plane with normal n and height
h. Furthermore, we estimate an approximated depth mea-
surement £ by comparing the intensity values of the three
gated slices. This allows usto Iter out pixels (X;y) that get
back-projected to 3D coordinates substantially lower than
the ground plane

Exy = F(Yy)j (#®K x)n <hg; (11)
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Figure 3. Illustration of the valid pixel mask b. Retro-re ective
traf c signs re ect the illumination light back towards the cam-
era (orange path), but spread out the light illuminating the ground
causing multipath effects (blue path). This superposes the low
intense groundplane intensity with the high intensity multi-path
re ection containing further distant pulse information, leading to
a wrong depth estimate (green path). Mitigation strategies are
shown below using a valid pixel mask b’ (middle) and next to it
the depth prediction (right). The last row shows the re ned mask
b (middle) and the corresponding training output (right).

Figure 4. The top row shows two temporally adjacent frames and
their rigid transformation X, as motivation for the valid mask v.
Note that moving objects that remain in the same place in both
frames are indistinguishable from objects at an in nite distance,
causing holes in the predicted depth maps (middle right). Estimat-
ing close pixels in m (middle) in nite distances can be Itered ac-
cording to the mask v (last row middle) with corresponding depth
results (last row right).

where X¢ = [X;Y;1] denotes homogeneous pixel coor-
dinates and K denotes the camera matrix. The nal
Gated2Gated cyclic loss mask b is then de ned as

1 if (x;y) 2 Exy b, =1

. (12)
0 otherwise;

bxy -
and the cyclic loss function is de ned as

X )
i=0
4.2. Temporal Depth Consistency

2y +1L(" 2z (13)

As illustrated in Figure 2, we use view synthesis to in-
troduce temporal consistency between adjacent gated im-
ages during training. Speci cally, we reconstruct the view
of central gated image Z from temporal neighbors Z, us-
ing the camera matrix K, the predicted depth #; and camera

pose transformation Riwn. Considering x¢ and X, homo-
geneous (pixel) coordinates from Z} and Z!,, the mapping
from source pixels X to target pixels X, is de ned as fol-
lows

Xn  KXirnfK x¢ (14)
Similar to [61], we compare the reconstructed view 2 with
Z using photometric loss and use it to train the depth pre-
diction network f,.. Unfortunately, this naive approach fails
in the presence of moving occlusions due to ego-mation and
the movement of non-stationary objects, which violate the
rigid pose transformation. As earlier for the cyclic loss, we
introduce validity masks as illustrated in Figure 4.
In nity Correction Masks. To handle the dynamic scene
objects, we use gated illumination cues to prevent projec-
tions to in nity (see Figure 4). Speci cally, we de ne two
valid sets per pixel position (x;y). The rst set St ana-
lyzes the pixel relation between rst Z¢ and last slice Z%.
This allows to nd valid pixels in a range from 3-so m,
where Co(sg) = ¢Cx(So). The second set S? analyses
the distance in the medium ranges 18-s; m (18 m due to
the speci ¢ gate selection we made, see Supplemental Doc-
ument) comparing the second Z{ and last slice ZZ with
C1(s1) = cCx(s1). In terms of measured pixel intensities
the sets can be given as

Sxy =F(GY) j Z2(xy)
SZ, =F(x;y)jZi(xy) ¢ Zi(xy)g:  (16)

This allows us to Iter points illuminated by the last
slice ranging from max(so; s1)-176 m (speci ¢ to our gates

again) and to nd close regions with a binary mask m

c ZZ(xy)g  (15)

1 if(xy) 28y _(xy) 28,

Myy = .
i 0 otherwise:

17)

Then for the pixels with P,y = T(X;y) j myy = 19
the average median ry is calculated. Comparing thé median

r¢ to the predicted depth ¢ allows us to Iter mispredicted
depth values stemming from moving objects which cannot
be captured by the rigid transformation X, see Figure 4.
Speci cally, we omit all depth values twice the average me-
dian leading to a binary mask

_ 1 if(xy) 2 Vyy

Vxy 0 otherwise; (18)

with set Viy = F(X;y) jMyy =1 N fe(Xy) <2 rg.
Additionally, scene points that are only visible either in
the source or the target image break our image formation
model. Such scenarios can be caused by foreground oc-
cluders obstructing the view of the background. In dynamic
scenes, this occlusion changes in each timestep. For a triplet
of adjacent frames (t  1;t;t + 1), we can de ne the min-
imum pixel error out of those pairwise differences, as oc-
clusions cause a higher re-projection error. This can be



(a) Clear Day: Gated2Gated mitigates artefacts in depth map at far distances.
RGB Full Gated LiDAR

Gated2Gated Gated2Depth [22] LIiDAR+RGB [43]

Stereo-SGM [29] PSM-Net [10] PackNet-Sfm [24]

Stereo-SGM [29]

(b) Snow: Gated2Gated provides more robust depth predictions in adverse weather.

RGB Full Gated LiDAR [m]
— 80

Gated2Gated Gated2Depth [22] LIiDAR+RGB [43]

PSM-Net [10] PackNet-Sfm [24]

Figure 5. Qualitative comparison of Gated2Gated and existing methods. For two examples (a) clear g,ay and (b) snow day, Gated2Gated

predicts sharper depth maps than existing methods. (Full-Gated image refers here to an integral image

explained as occluder and background have larger differ-
ences in texture than neighboring pixels in the background.
Therefore, we calculate minimum of per-pixel loss between
the re-projection from two temporal adjacent pairs similar

to [19] as -

L =  min L, v Zbv Zi(n

temp n=ft 1;t+1g o P t t( )
The complete loss function is (19)
L= I—temp + cycl—cyc; (20)

where ¢y = 0:01 is determined empirically on the valida-
tion set.
5. Dataset

In order to train our proposed models, we collected 1835
video sequences, which comprised about 130,000 frames
(note that previous gated imaging datasets [3,22] do not in-
clude sequential data). Each time history is centered around
one of the 13,000 middle frames and provides a temporal
history of 1second at a sampling rate of 10Hz. The cen-
ter frames are pre-selected by human annotators depending
on the scene of interest from an underlying data distribution
covering diverse winter road scenes collected in Northern
Europe following the settings proposed in [3]. Please see
the supplemental material for additional information.

We evaluate our proposed method on the open-source
Gated2Depth [22] and Seeing Through Fog [3] datasets.
While the rst dataset contains a large variety of day and
night captured images, the second contains diverse cluttered
recordings in light fog, dense fog and snowfall conditions,
which allow us to evaluate the performance of our model
in harsh weather conditions and scenarios where obtaining
ground truth data is dif cult. In the last case, to Iter out
clutter from LiDAR ground truth, we use the DROR lter-
ing algorithm [11], removing 8.2 % LiDAR points.

6. Experiments

In this section, we evaluate the proposed method by com-
paring it against the existing depth estimation approaches
based on monocular gated, RGB images, and stereo RGB
images; in both supervised and self-supervised training set-
tings.

2o Zt 2ZD).

Modality Train RMSE ARD MAE 1 2 3 Compl.
[m] m] [l (%] [%] (%]

Real Data Night (Evaluated on Lidar Ground Truth Points)

METHOD

PSMNET [10] Stereo-RGB D 1458 021 834 6875 8263 89.36 100
a | SGM [29] Stereo-RGB - 1551 036 875 6394 7619 8231 63
% SPARSE-TO-DENSE [43] Lidar(GT)+RGB D 879 021 438 8764 9374 95.88 100
E REGRESSION TREE [1] Gated D 1054 024 601 7673 89.74 9345 40
% | LEAST SQUARES Gated - 1313 042 888 4360 5580 63.54 31
| GATED2DEPTH [22] Full-Gated D 1486 029 884 5879 5879 79.84 100

GATED2DEPTH [22] Gated D 839 015 379 8752 93.00 95.21 100

MONODEPTH [17] RGB S 1141 023 6.18 7664 8953 9419 100
2 | MoNoDEPTH [ Full-Gated N 1541 052 1133 3172 7123 8874 100
§ *PACKNET [24] RGB M 1215 027 6.87 69.14 8693 9257 100
; *PACKNET-SLIM [24] Gated M 1078 022 6.02 7437 89.44 94.34 100
2 | *MONODEPTH2 [19] RGB M 1492 038 998 398 6857 8399 100
5 | *MonoDEPTH2 [19] Gated M 1118 025 599 7679 87.04 9158 100

GATED2GATED Gated MG 943 021 486 8217 9154 9448 100
% GATED2GATED [V 7,b 7] Gated MG 10.05 027 536 80.06 9044 9375 100
E GATED2GATED [v3,b7] Gated MG 9.88 026 545 78.87 9071 94.01 100
3 | GATED2GATED [V 7,b 3] Gated MG 958 025 503 80.68 91.25 9440 100
< | GATED2GATED [v 3,b 3] Gated MG 9.43 021 486 8217 9154 9448 100

Real Data Day (Evaluated on Lidar Ground Truth Points)

PSMNET [10] Stereo-RGB D 1394 019 778 7132 8467 9138 100
a | SGM [29] Stereo-RGB - 963 017 459 8580 9272 95.20 86
& | Sparse-TO-DENSE [43]  Lidar(GT)+RGB D 821 016 405 8852 9471 9687 100
E REGRESSION TREE [1] Gated D 1583 049 1140 56.30 7554 8245 23
% | LEAST SQUARES Gated - 1952 075 1405 4342 5463 6376 16
| GATED2DEPTH [22] Full-Gated D 1375 026 816 6248 6248 8293 100

GATED2DEPTH [22] Gated D 761 012 353 88.07 9432 96.60 100

MONODEPTH [17] RGB S 1024 018 547 8049 9178 9561 100
2 | MonopEPTH [ Full Gated N 1333 040 951 36.64 8163 9286 100
2 | *packnET [24] RGB M 1244 027 723 6632 858 9240 100
§ *PACKNET-SLIM [24] Gated M 9.93 018 534 7898 91.83 96.06 100
2 | *MONODEPTH2 [19] RGB M 1318 033 879 4499 7587 90.65 100
% *MONODEPTH2 [19] Gated M 957 018 476 8320 9175 94.94 100

GATED2GATED Gated MG 846 017 437 8356 9312 96.09 100
% GATED2GATED [V 7,b 7] Gated MG 9.29 022 499 8074 9188 9540 100
E GATED2GATED [v3,b 7] Gated MG 914 020 499 8082 9226 9558 100
3 | GATED2GATED [V 7,b 3] Gated MG 885 020 475 8120 9257 9585 100
< | GATED2GATED [v 3,b 3] Gated MG 8.46 017 437 8356 9312 96.09 100

Table 1. Comparison of our proposed framework and state-of-
the-art methods on the Gated2Depth test dataset. We compare
our model to supervised and unsupervised approaches. M refers
to methods that use temporal data for training, S for stereo su-
pervision, G for gated consistency and D for depth supervision.
* marked method are scaled with LiDAR ground truth. Best re-
sults in each category are in bold and second best are underlined.

6.1. Implementation Details

Although the proposed approach is not limited to a spe-
ci carchitecture, we estimate f,- depth maps with the Pack-
Net [24] network architecture. To estimate ambient f
and albedo "¢, we use a UNet-based [47] architecture with
a single encoder and two decoder heads. Pose transforma-
tion f¢ s 1 is learned through the model introduced by Zhou
et al. [61], without the explainability mask. The joint neu-
ral networks are implemented using PyTorch [45]. We de-



| clear | light fog | dense fog | snow |
METHOD RMSE MAE 1 2 3 RMSE MAE 1 2 3 RMSE MAE 1 2 3 RMSE MAE 1 2 3
MONODEPTH RGB [17] 12.74 843 75.11 90.18 9481 1404 9.10 7270 8843 94.32 1467 10.64 63.49 8290 91.89 13.17 8.73 7156 89.06 94.81
SPARSE-TO-DENSE [43] 13.66 9.85 5420 8242 91.47 1423 10.66 49.75 79.62 90.10 1850 1535 37.04 64.67 78.25 13.42 9.81 53.12 8229 92.04
% PACKNET-SLIM G [24] 16.46 11.62 56.91 78.43 8848 16.95 11.80 59.09 78.80 88.81 17.01 12.09 54.93 76.37 88.89 1530 10.33 62.22 82.29 90.65
O|MONODEPTH2 G [19] 13.26 7.40 7859 88.95 9277 18.17 10.43 7291 8320 89.27 1556 8.72 76.79 85.38 90.68 12.84 7.12 80.04 89.34 93.13
GATED2DEPTH [22] 1148 6.60 79.17 87.38 9158 1128 6.63 81.20 88.66 92.56 11.86 7.85 71.72 87.10 91.70 11.28 6.61 78.87 87.93 92.50
GATED2GATED 1115 6.31 80.82 90.48 93.97 10.70 6.01 84.71 9152 94.65 11.09 6.86 81.09 91.43 9447 1097 6.28 80.01 91.12 94.63
MONODEPTH RGB [17] 13.78 892 7263 8848 9337 1330 875 7252 88.88 9445 16.31 10.99 69.15 8592 91.33 1528 9.89 68.88 86.86 93.44
- SPARSE-TO-DENSE [43] 14.43 10.40 50.32 78.66 89.58 13.92 10.01 51.88 80.41 90.70 16.54 12.07 47.15 7345 84.36 14.08 10.05 52.91 81.03 90.85
T |PACKNET-SLIM G [24] 15.81 11.11 59.80 79.52 88.65 16.01 11.23 58.44 80.60 89.57 17.49 12.60 57.72 77.77 87.26 16.47 11.40 60.17 79.55 88.62
; MONODEPTH2 G [19] 1452 830 7445 8541 89.73 1421 829 7456 8506 91.01 1833 11.88 66.61 79.25 84.48 1511 846 76.15 86.38 90.52
GATED2DEPTH [22] 10.06 5.17 84.81 90.59 9339 9.94 537 8195 89.80 93.63 1251 7.72 76.90 86.59 90.81 10.70 5.81 81.81 89.45 93.02
GATED2GATED 1169 6.74 80.25 89.58 9283 1129 6.46 79.39 89.31 93.17 13,52 869 7643 86.70 90.61 1191 6.80 80.76 90.09 93.31

Table 2. Evaluation of the proposed Gated2Gated framework and state-of-the-art-methods on adverse weather scenes. All metrics are
evaluated in bins of approximately 7m to weight all distances equally. G indicates training and evaluation on gated images. Best results in

each category are in bold and second best are underlined.

neab5l2 1024 gated image input resolution and trained
the model on an NVIDIA A100 GPU with a batch size of
four. As optimizer we use ADAM [34] with ; = 0:9 and

> = 0:9999 and learning rate of 10 “. In total, the model
is trained for 30 epochs, with  rst 10 epochs used to train the
depth f, and pose f¢ s, prediction networks using tempo-
ral consistency only, and the last 20 epochs to jointly train
ambient+albedo f  alongside depth and pose. For valid
pixel masks, we set = 0:98; = 0:04 and ¢ = 0:995,
chosen with grid search on the validation set.

6.2. Assessment

Experimental Setup. We compare the performance of
the proposed Gated2Gated method against state-of-the-art
supervised and self-supervised depth estimation methods.
As supervised approaches, we compare against gated depth
estimation [1,22], LiDAR depth completion [43] and stereo
vision [9, 29]. For comparison with unsupervised methods,
we consider stereo [18] and temporal based self-learning
approaches [19, 24]. Since the self-supervised baseline
methods do not provide absolute depth predictions, we fol-
low previous works [19, 24, 61] and scale the estimated
depth maps with median ground-truth LiDAR information.
For completeness, we train and evaluate these approaches
both on gated and on RGB input images. All supervised
methods and [18] are trained on the Gated2Depth training
set, where LiDAR labels are available. The self-supervised
monocular approaches are trained on the proposed temporal
dataset. For further training details, we refer the readers to
the supplemental document.

Following [14], we evaluate using the metrics RMSE,
MAE, ARD and ; < 1:25i for i 2 1;2;3. These metrics
are computed for distances between 3m and 80m, limited by
the maximum LiDAR distance. To evaluate the long range
in uence in adverse weather we rely on 7m bins. We apply
binned metrics in adverse weather following [21].

Evaluation on Clear Data - Gated2Depth Dataset. Ta-
ble 1 reports a quantitative comparison of our proposed
Gated2Gated method and other state-of-the-art methods on
the test set of the Gated2Depth dataset [22]. Our model out-
performs all other self-supervised methods [18, 19, 24], and

even temporal approaches [19, 24] that use LiDAR ground
truth for depth scaling. The proposed method also outper-
forms stereo [9, 29] and Bayesian-based gated depth esti-
mation methods [1]. Among the supervised methods, only
Sparse-to-Dense [43] and Gated2Depth [22] obtain bet-
ter results. We note, however, that Sparse-to-Dense [43]
relies on sparse ground truth depth inputs from LiDAR
sensors. Figure 5 qualitatively compares our method to
baseline methods for depth estimation. In Figure 5b, our
method accurately shows all scene objects located at a far-
ther distance car, traf c signs and two pedestrians in ad-
verse weather conditions like snowfall, whereas RGB-based
and LiDAR-based methods deliver only poor depth pre-
dictions. While Gated2Depth [22] is also able to recover
the scene elements, the generated depth map shows arti-
facts at a farther distance in contrast to our method. Sim-
ilarly in Figure 5a, Gated2Gated generates accurate depth
maps whereas all other methods fail here. Figure 6 shows
the qualitative comparison of the supervised Gated2Depth
[22] and the proposed self-supervised approach. While the
performance metrics for Gated2Depth are on par with the
proposed method, the qualitative comparison shows that
Gated2Gated predicts much ner grain details and sharper
object contours in depth maps. Furthermore, the proposed
method generalizes better to far distances: Gated2Depth of-
ten estimates far distances and sky as close regions.

Ablation Study. To evaluate the individual contributions
of all components of the proposed method, we perform an
ablation study reported in Table 1. Without validity masks,
the proposed method performs worst and improves when
adding b or v the; RMSE score increases by 9.1 %. Training
with both masks is mutually bene cial and provides a sig-
ni cant boost to all performance metrics. We provide addi-
tional ablation experiments in the Supplemental Document.

Evaluation on Adverse Weather Scenes Seeing
Through Fog Dataset. We also evaluate the proposed
method in adverse weather, adopting the test splits provided
in [3]. The performance is measured in binned metrics to
weight all distances equally. Table 2 shows the quantita-
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Figure 6. The top row for each example shows the gated image Z: with three gated slices (22, Zt, Z?%) for each capture, second row
shows depth maps predicted by the Gated2Gated (G2G) self-supervised method, third row shows depth predictions from Gated2Depth
(G2D) [22] supervised, and the bottom row shows corresponding LiDAR point clouds in gated view.

tive results of the Gated2Gated method and state-of-the-art
methods. We note that absolute metrics may improve in
adverse weather conditions, as the number and range of
ground-truth LiDAR points decreases with worse weather
conditions. We validate that Gated2Gated achieves robust
performance overall weather conditions. In contrast, Mon-
odepth2 and Sparse-to-Dense struggle to maintain perfor-
mance in adverse weather. Since Sparse-to-Dense uses Li-
DAR points as additional inputs, wrong depth measure-
ments from backscatter negatively impact the predicted
depth maps. Furthermore, Table 2 validates that the pro-
posed approach performs on par with Gated2Depth, and for
daytime as well as in harsh weather scenarios, Gated2Gated
even outperforms Gated2Depth. These results highlight the
generalization capabilities of the proposed method over a
wide range of distances and weather conditions.

7. Conclusion

We introduce Gated2Gated, a method that learns to esti-
mate depth from gated images in a self-supervised fashion
only by observing gated video sequences. The proposed
method exploits cyclic measurement and temporal consis-
tency cues as training signals. This approach allows us
to resolve monocular scale ambiguity by relying on gated

illumination pro les and shadow/multi-path re ection via
multi-view observations. To train our method, we create a
novel gated video dataset containing 130,000 frames from
1835 sequences. We validate Gated2Gated in extensive
real-world experimentation, where it outperforms fully su-
pervised methods by up to 1.25m (# 11.25%) in RMSE in
daytime adverse weather and by at least 1.2 m (# 9.73%) in-
dependently of adverse weather. In the future, we plan to
add wide-baseline active stereo cues to our self-supervised
method by using two synchronized gated imagers.
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