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Abstract

Estimating 3D scene flow from a sequence of monocu-
lar images has been gaining increased attention due to the
simple, economical capture setup. Owing to the severe ill-
posedness of the problem, the accuracy of current methods
has been limited, especially that of efficient, real-time ap-
proaches. In this paper, we introduce a multi-frame monoc-
ular scene flow network based on self-supervised learning,
improving the accuracy over previous networks while re-
taining real-time efficiency. Based on an advanced two-
frame baseline with a split-decoder design, we propose (i)
a multi-frame model using a triple frame input and convo-
lutional LSTM connections, (ii) an occlusion-aware census
loss for better accuracy, and (iii) a gradient detaching strat-
egy to improve training stability. On the KITTI dataset, we
observe state-of-the-art accuracy among monocular scene
flow methods based on self-supervised learning.

1. Introduction

Scene flow estimation, that is the task of estimating 3D
structure and 3D motion of a dynamic scene, has been re-
ceiving increased attention together with a growing interest
and demand for autonomous navigation systems. Many ap-
proaches have been proposed, based on various input data
such as stereo images [3, 27, 38, 57, 68], RGB-D sequences
[21, 37, 50], or 3D point clouds [4, 17, 35, 72].

Recently, monocular scene flow approaches [7, 23, 36,
73] have shown the possibility of estimating 3D scene flow
from a pair of temporally consecutive monocular frames
only, obviating complicated, expensive sensor setups such
as a stereo rig, RGB-D sensors, or a LIDAR scanner. Only a
simple, affordable monocular camera is needed. The avail-
ability of ground-truth data has been another key challenge
for scene flow estimation in general. To address this, meth-
ods based on self-supervised learning [23, 36] have shown
it possible to train CNNs for jointly estimating depth and
scene flow without expensive 3D annotations. Yet, their
accuracy is bounded by the limitation of only using two
frames as input, their underlying proxy loss, and training in-
stabilities due to the difficulty of optimizing CNNs for mul-
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Figure 1. Our multi-frame monocular scene flow approach in-
puts three frames and estimates depth and scene flow (visualized
in 3D [78] with scene flow color coding).
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tiple tasks, particularly in a self-supervised manner [36].
Semi-supervised methods have demonstrated promising
accuracy by combining CNNs with energy minimization [7]
or sequentially estimating optical flow and depth to infer
3D scene flow [73]. Those methods, however, do not reach
real-time efficiency due to iterative energy minimization [7]
or the additional processing time from pre-computing depth
and optical flow [73] beforehand. Yet, computational effi-
ciency is important for autonomous navigation applications.
In this paper, we introduce a self-supervised monocular
scene flow approach that substantially advances the previ-
ously most accurate real-time method of Hur et al. [23],
while keeping its advantages (e.g., computational efficiency
and training on unlabeled data). We first analyze the tech-
nical design, revealing some limitations, and propose an
improved two-frame backbone network to overcome them.
Next, we introduce a multi-frame formulation that tempo-
rally propagates the estimate from the previous time step
for more accurate and reliable results in consecutive frames.
Previous monocular methods [7, 23, 36, 73] utilize only two
frames as input, which is a minimal setup for demonstrating
the underlying ideas. In contrast, our approach is the first
to demonstrate how to exploit multiple consecutive frames,
which are naturally available in most real-world scenarios.
We make the following main contributions: (i) We un-
cover some limitations of the baseline architecture of [23]
and introduce an advanced two-frame basis with a split-de-
coder design. Contradicting the finding of [23] on using
a single joint decoder, our split decoder is not only faster
and more stable to train, but delivers competitive accuracy.
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(ii) Next, we introduce our multi-frame network based on
overlapping triplets of frames as input and temporally prop-
agating the previous estimate via a convolutional LSTM
[20, 59] (cf. Fig. 1). (iii) Importantly, we propagate the hid-
den states using forward warping, which is especially ben-
eficial for handling occlusion; it is also more stable to train
than using backward warping in a self-supervised setup.
(iv) We propose an occlusion-aware census transform to
take occlusion cues into account, providing a more robust
measure for brightness difference as a self-supervised proxy
loss. (v) Lastly, we introduce a gradient detaching strat-
egy that improves not only the accuracy but also the train-
ing stability, which self-supervised methods for multi-task
learning can benefit from. We successfully validate all our
design choices through an ablation study.

Training on KITTI raw [1 1] in a self-supervised manner,
our model improves the accuracy of the direct baseline of
[23] by 15.4%. Owing to its self-supervised design, our ap-
proach also generalizes to different datasets. We can option-
ally perform (semi-)supervised fine-tuning on KITTI Scene
Flow Training [43, 44], where we also outperform [23], re-
ducing the accuracy gap to semi-supervised methods [7, 73]
while remaining many times more efficient.

2. Related Work

Scene flow. First introduced by Vedula et al. [63, 64],
scene flow aims to estimate dense 3D motion for each 3D
point in the scene. Depending on the available input data,
approaches differ in their objectives and formulations.

Stereo-based methods [1, 3, 38, 57, 71, 77] estimate a
disparity map between stereo pairs to recover the 3D scene
structure as well as a dense 3D scene flow field between a
temporal frame pair. Earlier work mainly uses variational
formulations or graphical models, which yields limited ac-
curacy [2, 22] and/or slow runtime [42, 54, 65, 67, 68]. Re-
cent CNN-based methods [24, 27, 40, 56] overcome these
limitations: they attain state-of-the-art accuracy in real time
by training CNNs on large synthetic datasets followed by
fine-tuning on the target domain in a supervised manner.
Un-/self-supervised approaches [31, 32, 69] aim to over-
come the dependency on accurate, diverse labeled data,
which is not easy to obtain. Approaches using sequences of
RGB-D images [16, 19, 21, 37, 50, 51] or 3D point clouds
[4, 17, 35, 45, 70, 72] have been also proposed, exploiting
an already given 3D sparse point input.

In contrast, our approach jointly estimates both 3D scene

structure and dense 3D scene flow from a monocular image
sequence alone, which is a more practical, yet much more
challenging setup.
Monocular scene flow. Estimating scene flow using a
monocular image sequence has been gaining increased at-
tention. Multi-task CNN approaches [9, 30, 36, 52, 74,

, 79, 80] jointly predict optical flow, depth, and camera

motion from a monocular sequence; scene flow can be re-
constructed from those outputs. However, such approaches
have a critical limitation in that they cannot recover scene
flow for occluded pixels. Brickwedde et al. [7] propose
to combine CNNs for monocular depth prediction with an
energy-based formulation for estimating scene flow from
the given depth cue. Yang et al. [73] introduce an integrated
pipeline that obtains scene flow from given optical flow and
depth cues via determining motion in depth from observ-
ing changes in object sizes. Using a single network, Hur ef
al. [23] directly estimate depth and scene flow with a joint
decoder design, trained in a self-supervised manner.

All above methods [7, 23, 73] are limited to using two
frames. In contrast, we demonstrate how to leverage mul-
tiple consecutive frames for more accurate and consistent
results, which is desirable in real applications.

Multi-frame estimation. Multi-frame approaches to op-
tical flow typically exploit a constant velocity or accelera-
tion assumption [5, 10, 26, 29, 55] to encourage temporally
smooth and reliable estimates. Using CNNs, propagation
approaches have shown how to exploit previous predictions
for the current time step, either by explicitly fusing the two
outputs [39, 53] or using them as input for the current es-
timation [40]. Better temporal consistency has also been
achieved using a bi-directional cost volume [25, 34] and
convolutional LSTMs [14, 18]. Overall, these multi-frame
approaches improve the optical flow accuracy, especially
for occluded or out-of-bound areas.

For scene flow (stereo or RGB-D based), relatively few
multi-frame methods have been introduced so far, all us-
ing classical energy minimization. A consistent rigid mo-
tion assumption has been proposed for temporal consistency
[47, 65]. Other approaches include jointly estimating cam-
era pose and motion segmentation [62], matching and vis-
ibility reasoning among multiple frames [58], or an inte-
grated energy formulation [15]. These methods are robust
against outliers and occlusion, improving the accuracy; yet,
their runtime is slow due to iterative energy minimization.

We introduce a CNN-based multi-frame scene flow ap-
proach in the challenging monocular setup, ensuring real-
time efficiency. Building on the two-frame network of [23],
our method utilizes a bi-directional cost volume with convo-
lutional LSTM connections, ensuring temporal consistency
through overlapping frame triplets and temporal propaga-
tion of intermediate outputs (cf. Fig. 1). Moreover, we pro-
pose a forward-warping strategy for LSTMs.

3. Multi-frame Monocular Scene Flow

Given N temporally consecutive frames, {It,(N,Q),
It,(N,l), s It, I;11}, our main objective is to estimate
3D surface points P = (P, P,, P,) for each pixel p =
(pz, py) in the reference frame I; and the 3D scene flow
s = (8q, Sy, s, ) of each 3D point to the target frame I; ;.
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3.1. Refined backbone architecture

Advanced two-frame baseline. Our network architecture
is based on the integrated two-frame network of Hur er
al. [23], which uses PWC-Net [61] as a basis and runs in
real time. The network constructs a feature pyramid for
each input frame, calculates the cost volume, and estimates
the residual scene flow and disparity with a joint decoder
over the pyramid levels. While maintaining the core back-
bone, we first investigate whether recent advances in self-
supervised optical flow can be carried over to monocular
3D scene flow.

Jonschkowski et al. [28] systematically analyze the key
factors for highly accurate self-supervised optical flow,
identifying crucial steps such as cost volume normalization,
level dropout, data distillation, using a square resolution,
etc. While we do not aim for a comprehensive review of
such factors in the context of monocular scene flow, we per-
formed a simple empirical study of their key findings." We
found cost volume normalization and using one less pyra-
mid level (i.e. 6 instead of 7) to be helpful, and employ them
for our advanced baseline. Other findings were less effec-
tive for monocular scene flow; hence we do not adopt them.

Moreover, we observed that the context network, a post-
processing module with dilated convolutions [01], is a
source of training instability in the self-supervised setup.'
We thus discard the context network for stable convergence.

Split-decoder design. We further probe the decoder design
in detail and introduce a split-decoder model that converges
faster and more stably. Hur et al. [23] propose to use a
single decoder (cf. Fig. 2a) that jointly predicts both scene
flow and disparity based on the observation that separating
the decoder for each task leads to balancing issues. This can
result in a trivial prediction for the disparity (e.g., outputting
a constant value for all pixels). However, we observe that
this issue mainly stems from the context network, which we
discard (see above) due to stability concerns.

After discarding the context network (Fig. 2b), we find
a better decoder configuration. We gradually split the de-
coder starting from the last layer into two separate decoders
for each task and compare the scene flow accuracy in the ex-
perimental setting of [23]. Table 1 reports the result (lower
is better). Discarding the context network degrades the ac-
curacy by 4.1%, but in the end, splitting the decoder at the
2M_to-last layer yields an accuracy competitive to the one
of [23]. We choose this configuration (i.e. Fig. 2c) as our
decoder design. Our findings suggest that the conclusions
of [23] regarding the decoder design only hold in the pres-
ence of a context network. The benefit of our split decoder
is that competitive accuracy is achieved more stably and in
fewer training iterations (at 56% of the full training sched-
ule), with a lighter network (~ 10% fewer parameters).'

I'See supplementary material.
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(a) A single joint decoder [23]
- Context Network I Conv. for Scene Flow Output
N Conv. for Disparity Output

. Conv. @ Concatenation

(b) No context network  (c¢) Our split decoder

Figure 2. Decoder configuration: (a) A single joint decoder [23],
(b) removing the context network, and (c) our split decoder design.

Configuration D1-all D2-all Fl-all SF-all
Single joint decoder (Fig. 2a, [23]) 31.25 34.86 23.49 47.05
Removing the context network (Fig. 2b) 33.04 36.45 36.45 48.97
Splitting at the last layer 34.11 37.28 24.49 49.92

Splitting at the 2"d-to-last layer (Fig. 2c) 30.50 34.72 24.72 47.53
Splitting at the 3™-to-last layer 31.04 35.79 24.57 47.85
Splitting at the 4™-to-last layer 32.21 36.28 24.65 48.84
Splitting into two separate decoders 32.12 36.14 25.02 48.66

Table 1. Scene flow accuracy of split-decoder designs: Remov-
ing the context network degrades the accuracy (cf. Sec. 4.2 for a
description of the metrics), but splitting the decoder at the 2™-to-
last layer yields competitive accuracy while being stable to train.

3.2. Multi-frame estimation

Three-frame estimation. Toward temporally consistent
estimation over multiple frames, we first utilize three frames
at each time step [25, 34]. Fig. 3 illustrates our network for
multi-frame estimation in detail. For simplicity, we only vi-
sualize one pyramid level (i.e. the dashed square in Fig. 3),
noting that we iterate this across all pyramid levels. Given
the feature maps from each frame at times ¢ — 1,¢, and
t 4+ 1, the forward cost volume (from ¢ to t 4+ 1) and the
backward cost volume (from ¢ to ¢ — 1) are calculated from
the correlation layer and fed into the decoder that estimates
the forward scene flow st and disparity df. The remaining
inputs of the decoders are the feature map x from the
encoder, upsampled estimates, and the hidden states in the
convolutional LSTM (ConvLSTM) [59] module, see below,
both from the previous pyramid level. For backward scene
flow s? with disparity d?, the same decoder with shared
weights is used by switching the order of the inputs. We
average the two disparity predictions for the final estimate,
ie.d; = (df + d)/2, as they correspond to the same view
and should be consistent forward and backward in time.

LSTM with forward warping. To further encourage tem-
poral consistency, we employ a convolutional LSTM [59]
in the decoder so that it can temporally propagate the hid-
den state across overlapping frame triplets (¢f. Fig. 1) and
implicitly exploit the previous estimates for the current time
step. Fig. 5 shows our decoder in detail, visualizing only the
forward scene flow case s; ; at pyramid level [ for simplicity.
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Figure 3. Our network architecture for multi-frame monocu-
lar scene flow based on PWC-Net [01]: At each pyramid level
(dashed square), the two cost volumes are input to the decoder
(shared for bi-directional estimation) to estimate the residual scene
flow and disparity (averaged from the two decoders).

Inside the decoder, we place the ConvLSTM module right
before splitting into two separate decoders so that we can
temporally propagate the joint intermediate representation
of scene flow and depth. The ConvLSTM is fed the feature

map from previous layers, as well as cell state ¢;}, and

hidden state h;™7 ;, both from the previous time step at the
same pyramid level I. The module outputs the current cell
state c;; and hidden state h, ;, which are fed into the sub-
sequent split decoder that outputs residual scene flow and
(non-residual) disparity, respectively. We use a leaky ReLU
activation instead of tanh in the ConvLSTM, aiding faster
convergence in our case.

Importantly, we forward-warp the previous states
(i.e. c;—1, and h;_; ;) using the estimated scene flow at
the previous time step 5{71 so that the coordinates of the
states properly correspond. Without warping, each pixel in
the current frame will attend to the previous state from mis-
matched pixels, which does not ensure proper propagation
of corresponding states. Using backward warping based on
backward scene flow at the previous pyramid level si”lil
may also be possible, but exhibits a challenge: using back-
ward flow (at [-1) to warp the previous states to update itself
(at ), which is not easy if the initial estimate is unreliable.

As an example, Fig. 4 shows the forward-warping result
(I;™7, Fig. 4c) of the previous frame I;_; (Fig. 4a), which
matches the current frame I, (Fig. 4b) well. When a pixel
P1 moves to po in the next frame, the pixel p2 in I, should

(b) Current frame I v

(a) Previous frame I;_ 1

(c) Warping result I}

Figure 4. An example of forward warping: (a) Previous frame,
(b) current frame, and (c¢) forward-warped previous frame.
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Figure 5. A detailed view of the decoder at pyramid level [,
based on a convolutional LSTM with forward warping.

attend to the previous state of the corresponding pixel in
I,_1, ie. hy_1;(p1). To do so, we forward-warp the pre-
vious states using the estimated scene flow and disparity.
Furthermore, we use a validity mask M to filter out states
from mismatched pixels based on the affinity score of CNN
feature vectors from corresponding pixels:

W7 = falhy—n) M(xE, xi) (1a)
i) = fulern) M (e, xe) (1b)
with
M (x), x5 = (convi (fu(xE2) %) > 0.5), (Ic)

where f,, is the forward-warping operation with (implicitly)
given estimated scene flow and disparity. To generate the
per-pixel mask M, we forward-warp the previous (normal-
ized) feature map (x%)), dot-product with the current (nor-
malized) feature map (xfea‘) to calculate the affinity score,
pass it through a 1 x 1 convolution layer, and apply a fixed
threshold. Here, the 1 x 1 convolution is used to learn to
scale the affinity score before thresholding.

For forward warping, we adopt the softmax splatting
strategy of Niklaus et al. [48], which resolves conflicts be-
tween multiple pixels mapped into the same pixel location
when forward-warping. In our case, we utilize the estimated
disparity as a cue to compare the depth orders, determine
visible pixels, and preserve their hidden states.

3.3. Self-supervised loss

Given the scene flow and disparity estimates over the
multiple frames, we apply a self-supervised loss on each
pair of temporally neighboring estimates that establish a
bi-directional relationship. This allows us to exploit occlu-
sion cues. As shown in Fig. 6, given the estimates for two
time steps as {sf_;,s% ;,d;_1} and {sf,s? d;}, we apply
the proxy loss to {sf_;,d;_1,s?,d;}. We adopt the self-
supervised loss from Hur et al. [23], which consists of a
view synthesis loss and a 3D reconstruction loss, guiding
the disparity and scene flow output to be consistent with
the given input images. The total self-supervised loss is a
weighted sum of disparity loss L4 and scene flow loss Ly,

Ltotal = Ld + )\stsf' (2)
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Figure 6. Loss scheme. The self-supervised loss is applied be-
tween each pair of temporally neighboring estimates.
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Figure 7. Occlusion-aware census transform: (a) Computing the
(continuous) census signature of two image patches and the corre-
sponding occlusion mask, (b) standard approach of computing the
Hamming distance of the census signature divided by the number
of pixels, and (¢) our occlusion-aware Hamming distance.

The main difference to [23] is that we newly propose an
occlusion-aware census loss for penalizing the photometric
difference. We only introduce our novel contribution here
and provide details on the losses from [23] with our modifi-
cations in the supplementary material.

Occlusion-aware census transform. Carefully designing
the proxy loss function matters for the accuracy of self-
supervised learning [28]. For penalizing the photometric
difference for the view-synthesis proxy task, the census
transform [60, 76] has demonstrated its robustness to illu-
mination changes, e.g., in outdoor scenes [28, 33, 41, 66].
The conventional (ternary) census transform computes the
local census patch (Fig. 7a) and calculates the Hamming
distance between them to evaluate the brightness difference
(Fig. 7b). However, it is vulnerable to outlier pixels (e.g.,
occlusions) present in the patch, yielding a higher distance.

Taking into account the occlusion cue, we introduce an
occlusion-aware census transform between images I and I,
which calculates the Hamming distance only for visible pix-
els:

1
>,0(p)

Syersge Jo(TLP.y), T, p,y) ) O +)
Z Dyel-33p O +y) +e

P

Pcensus (Ia i, O) == (33)

III-> Disparity T Disparity Loss Lq

I I I \ \Detachlng the gradients
I I I->—> Scene Flow Loss Lyt

(a) Detaching the gradient between scene flow loss and disparity decoder
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Figure 8. Our gradient detaching strategy: (a) Detaching the
gradient between the scene flow loss and the disparity decoder in
the early stages of the training improves (b) the training loss con-
vergence and (c) the scene flow accuracy significantly.

with occlusion state O (with O(p) = 1 if visible) and

I(p +y) —I(p)
V(P +y) - 1(p))? + o7
(1 — t)?
(t1 — t2)? + 06
where 0 = 0.1 and o1 = 0.9. To facilitate differentiabil-
ity, T(I,p,y) in Eq. (3b) calculates a continuous approx-
imation to the ternary value at pixel p with an offset y in
image I. fs in Eq. (3¢) is the Geman-McClure function [6]
that scores the difference of the two input ternary values.
As shown in Fig. 7c, our occlusion-aware formulation
can prevent from having a high score caused by occlusions
in the census patch, thus providing a measure for the bright-
ness difference that is more robust against outliers.

T(Ip,y) =

(3b)

fo(ti,t2) = (3e)

3.4. Improving the training stability

As shortly discussed in Sec. 3.1, discarding the context
network improves the training stability. However, we found
that integrating a ConvLSTM module [59] may still yield
unstable training, resulting in trivial disparity predictions in
the early stages of training.

To resolve the issue, we propose to detach the gradient
from the scene flow loss (Lg in Eq. (2)) to the disparity
decoder in the early stages of training so that each split
decoder focuses on its own task first. We conjecture that
the gradient back-propagated from the scene flow loss to
the disparity decoder strongly affects the disparity estimate,
yielding a trivial prediction in the end. To prevent the scene
flow from dominating, we detach the gradients, but only for
the first 2 epochs of the training schedule as illustrated in
Fig. 8a, and then continue to train in the normal setting.

Figures 8b and 8c demonstrate the effect of detaching
the gradient in terms of the training loss and the scene flow
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outlier rate. Without detachment, the model outputs a con-
stant disparity map in the early stage of training, thus yields
higher scene flow error rates. In contrast, applying our gra-
dient detaching strategy demonstrates faster and stable con-
vergence, with much better accuracy (39.82% vs. 49.69%).

4. Experiments
4.1. Implementation details

For a fair comparison with the most closely related prior
work [23], we use the same dataset (i.e. KITTIraw [11]) and
the same training protocol, assuming a fixed stereo baseline.
We use the KITTI Split [13] by splitting the 32 scenes total
into 25 scenes for training and the remaining 7 for valida-
tion. Unlike [23], we divide the training/validation split at
the level of entire scenes in order to exploit more contin-
uous frames for our multi-frame setup and completely re-
move possible overlaps between the two splits. Then, we
evaluate our model on KITTI Scene Flow Training [43, 44],
using the provided scene flow ground truth. Note that KITTI
Split and KITTI Scene Flow Training do not overlap. Af-
ter our self-supervised training on KIT7TI Split, we option-
ally fine-tune our model on KITTI Scene Flow Training in a
semi-supervised manner and compare with previous state-
of-the-art monocular scene flow methods [7, 73].

Given that we use the network of [23] as the basis, we use
the same augmentation schemes and training configurations
(e.g., learning rate, training schedule, optimizer, efc.), ex-
cept for the following changes. For training, we use one se-
quence of 5 temporally consecutive frames as a mini-batch.
To ensure training stability, we detach the gradient between
the scene flow loss and the disparity decoder during the first
2 epochs, as discussed in Sec. 3.42:3

4.2. Ablation study

We conduct a series of ablations to study the accuracy
gain from our contributions over the two-frame baseline.
We use our multi-frame train split of KITTI Split and evalu-
ate on KITTI Scene Flow Training [43, 44] using the scene
flow evaluation metric. The metric reports the outlier rate
(in %, lower is better) among pixels with ground truth; a
pixel is regarded an outlier if exceeding a threshold of 3 pix-
els or 5% w.r.t. the ground-truth disparity or motion. After
evaluating the outlier rate of the disparity (D1-all), dispar-
ity change (D2-all), and optical flow (Fl-all), the scene flow
outlier rate (SF-all) is obtained by checking if a pixel is an
outlier on either of them.

Advanced two-frame baseline. In Table 2, we first con-
duct an ablation study of our advanced baseline described
in Sec. 3.1. We first train the original implementation of
Hur et al. [23] on our train split. Interestingly, the accuracy

2Code is available at github.com/visinf/multi-mono-sf.
3See supplementary material for more details and analyses.

Baseline type Dl-all D2-all Fl-all SF-all

Hur et al. [23] (on original split) 31.25 3486 2349  47.05

Hur et al. [23] (on our train split) 36.70 45.50 24.65  60.88
[23] — Context Net 34.24 3732 25.06 50.49
[23] — Context Net + [28] 33.56 3449 2292  46.70

Table 2. The accuracy of the original baseline of [23] on our train
split (second row) is significantly lower than on the original split
(first row). Removing the context network (third row) and exploit-
ing the findings from [28] (fourth row, our advanced two-frame
baseline) improves both the accuracy and the training stability.

Multi-frame  Occ-aware Dl-all D2-all Flall SF-all
extension census loss

(Our advanced baseline) 33.56 3449 2292 46.70

v 28.68 3258  21.11 4237

v 30.35 3192  21.86 43.87

v v 27.33 3044 1892 39.82

Table 3. Ablation study of our main contributions: Our key con-
tributions (multi-frame extension, occlusion-aware census loss)
consistently improve the accuracy over our advanced baseline.

significantly drops by 29.4% (relative change) compared to
training on their data split. This difference comes down to
our train split containing less diverse scenes, which suggests
that [23] may be somewhat sensitive to the choice of train-
ing data. Simply removing the context network already sig-
nificantly improves the accuracy up to 17.1% by improving
the training stability, almost closing the gap. As discussed
in Sec. 3.1, we follow [28] and use one less pyramid level
and feature normalization, which further improves the ac-
curacy, even slightly beyond that of the original baseline
trained on the split of [23] (covering more diverse scenes).

Major contributions. In Table 3, we validate our major
contributions, i.e. multi-frame estimation (Sec. 3.2) and the
occlusion-aware census transform (Sec. 3.3), compared to
our advanced two-frame baseline. Both contributions yield
a relative accuracy improvement of 9.3% (multi-frame ex-
tension) and 6.1% (occlusion-aware census transform) over
the baseline. Overall, our final model achieves 14.7% more
accurate results than our baseline. Note that our advanced
baseline already significantly outperforms the original im-
plementation of [23] on our train split by 23.3%.

Multi-frame extension. We further ablate the technical de-
tails of our multi-frame estimation in Table 4. Inputting
bidirectional cost volumes to the decoder (i.e. three-frame
estimation) only marginally improves the accuracy. Adding
a ConvLSTM that temporally propagates the hidden states
(without using warping) only shows limited improvement
as well. Using backward warping in the LSTM for tempo-
ral propagation with backward flow, interestingly, degrades
the accuracy, possibly due to using less accurate backward
flow from the previous level to warp the hidden states.
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Frames LSTM  Warping D1l-all D2-all Fl-all SF-all Method D1-all D2-all Fl-all SF-all Runtime
2 - - 3356 3449 2292  46.70 EPC [74] 26.81 60.97 25.74 (>60.97) 0.05 s
3 - - 3287 3470 2275 46.15 EPC++ [36] 23.84 6032 19.64 (>60.32) 0.05 s
3 v - 2843 33775 2522 4543 Self-Mono-SF [23] 31.25 34.86 2349 47.05 0.09 s
3 v Backward 3041  35.63 2579 46.90 Multi-Mono-SF (ours) 27.33 3044 18.92 39.82 0.063s

3 v Forward 28.68 32,58 21.11 42.37
Mono-SF [7]8 16.72 1897 11.85 21.60 41 s

Table 4. Ablation study of our multi-frame estimation

(Sec. 3.2): Using a ConvLSTM with forward-warping the hidden
states improves the accuracy up to 9.3% (relative improvement).

Loss type D1l-all D2-all Fl-all SF-all
Brightness difference + SSIM 28.68 3258  21.11 4237
Standard census [28] 28.89 31.69 20.55 41.71

Occlusion-aware census (ours) 27.33 3044 18.92 39.82

Table 5. Ablation study of the occlusion-aware census trans-
form: Our occlusion-aware census loss provides a more discrimi-
native proxy by taking occlusion cues into account.

However, when propagating the hidden states with for-
ward warping with the estimated scene flow from the pre-
vious frame, we observe a significant relative accuracy im-
provement of up to 9.3% compared to two-frame estima-
tion. Notably, this is the only setting in which there is a
clear gain from going to more than two frames. This high-
lights the importance of propagating the hidden states and
choosing a suitable warping method inside the ConvLSTM.

Occlusion-aware census transform. Lastly in Table 5,
we compare our occlusion-aware census transform to the
standard census transform and the widely used basic pho-
tometric loss consisting of brightness difference and SSIM
[12, 13]. We conduct this experiment on top of our multi-
frame architecture. Our occlusion-aware census further im-
proves the scene flow accuracy by 6.0% (relative improve-
ment) over the basic photometric loss and by 4.5% over the
standard census transform [28].

4.3. Monocular scene flow

Table 6 compares our method with state-of-the-art
monocular scene flow methods on KITTI Scene Flow Train-
ing. Our multi-frame architecture achieves the best scene
flow accuracy among monocular methods [23, 36, 74] based
on purely self-supervised learning. Our contributions yield
a relative improvement over the direct baseline of [23] of
15.4%. Also note that our method closes a substantial part
of the gap to the semi-supervised method of [7], but is sig-
nificantly faster. Despite using multiple frames and having
better accuracy, the runtime of our approach per time step
is actually notably shorter (0.063s) than the direct baseline
[23] (0.09s), benefiting from removing the context network
and using one less pyramid level.

We further evaluate our model on the KITTI Scene Flow
benchmark and compare with monocular scene flow ap-
proaches based on self- or semi-supervised learning in Ta-

Table 6. Evaluation on KITTI 2015 Scene Flow Training
[43, 44]: Our method achieves state-of-the-art accuracy among
un-/self-supervised methods. ¥semi-supervised method.

Method D1-all D2-all Fl-all SF-all Runtime
Mono-SF [7] 16.32 19.59 12.77 23.08 41 S
Mono expansion [73] 2536 2834 6.30 3096 025 s
Self-Mono-SF-ft [23] 22.16 2524 1591 33.88 0.09 s
Multi-Mono-SF-ft (ours) 2271 26.51 13.37 33.09  0.063s
Self-Mono-SF [23] 34.02 36.34 23.54 4954 0.09 s
Multi-Mono-SF (ours) 30.78 34.41 19.54 44.04  0.063s

Table 7. KITTI 2015 Scene Flow Test [43, 44]: Our method
consistently outperforms [23] and moves closer to the accuracy of
semi-supervised methods with significantly faster runtime.

(a) Overlayed input images

(b) Ours
Figure 9. Qualitative comparison of temporal consistency:
Each scene shows (a) overlayed input images and scene flow dif-
ference maps of (b) our method, and (c) the direct baseline of [23],
visualized using an optical flow color coding. The dashed regions
highlight our more temporally consistent estimates.

(c) Direct baseline [23]

ble 7. Our model consistently outperforms [23]. Optionally
fine-tuning (-ft) with 200 annotated pairs, our approach re-
duces the gap to semi-supervised methods that use a large
amount of 3D LiDAR data [7] or multiple synthetic datasets
for optical flow [73]. Yet, our model offers significantly
faster runtime (e.g., 650 x faster than [7] and 4 x faster than
[73]). Our model can thus exploit available labeled datasets
for accuracy gains while keeping the same runtime.

4.4. Temporal consistency

We evaluate the temporal consistency of our model,
comparing to the direct baseline of [23]. Lacking multi-
frame metrics, we subtract two temporally consecutive
scene flow estimates, project to optical flow, and visualize
the result in Fig. 9. This shows how scene flow changes over
time at the same pixel location. Our model produces visi-
bly more temporally consistent scene flow, especially near
out-of-bound regions and foreground objects.’
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B Both methods correct

(a) Overlayed input images (b) Disparity error map

I Ours is correct, [23] is not

(c) Disparity change error map

M [23] is correct, ours is not Both failed

oA

/,

(d) Optical flow error map

(e) Scene flow error map

Figure 10. Qualitative comparison with the direct baseline of [23]: Each scene shows (a) overlayed input images and error maps for
(b) disparity, (c) disparity change, (d) optical flow, and (e) scene flow. Please refer to the color code above the figure.

4.5. Qualitative comparison

In Fig. 10, we qualitatively compare our model with the
direct baseline of [23] by visualizing where the accuracy
gain mainly originates from. Our method outputs more ac-
curate scene flow especially on planar road surfaces (1%
and 2™ row), out-of-bound regions (2" row), and fore-
ground objects (1 and 3" row). Especially the accuracy
gain on foreground objects and planar road surfaces orig-
inates from more accurate estimates on the disparity and
disparity change map.’

4.6. Generalization to other datasets

We test the generalization of our model trained on KITTI
[11] to other datasets, such as the nuScenes [8], Monkaa
[40], and DAVIS [49] datasets. Fig. 11 provides visual ex-
amples. Our method demonstrates good generalization to
the real-world nuScenes dataset, but shows visually less ac-
curate results on the synthetic domain (i.e. Monkaa), as can
be expected. Interestingly on DAVIS, our method demon-
strates reasonable performance on completely unseen do-
mains (e.g., indoor, ego-centric).’

5. Conclusion

We proposed a multi-frame monocular scene flow net-
work based on self-supervised learning. Starting from the
recent self-supervised two-frame network of [23], we first
pointed out limitations of the decoder design and introduced
an advanced two-frame baseline, which is stable to train
and already improves the accuracy. Our multi-frame model
then exploits the temporal coherency of 3D scene flow using
overlapping triplets of input frames and temporally propa-
gating previous estimates via a convolutional LSTM. Using
forward warping in the ConvLSTM turned out to be cru-
cial for accurate temporal propagation. An occlusion-aware
census loss and a gradient detaching strategy further boost
the accuracy and training practicality. Our model achieves
state-of-the-art scene flow accuracy among self-supervised
methods, while even yielding faster runtime, and reduces
the accuracy gap to less efficient semi-supervised methods.

(c) Scene flow visualization

(a) Overlayed input images

(b) Depth map

Figure 11. Generalization to nuScenes (top), Monkaa (middle),
and DAVIS (bottom) datasets: Each scene shows (a) overlayed
input images, (b) depth, and (¢) a 3D scene flow visualization.

Future work should consider extending our self-
supervised approach to challenging, uncontrolled capture
setups with variable training baselines for even broader ap-
plicability. Also, while we do not explicitly model camera
ego-motion mainly for the simplicity of the pipeline, ad-
ditionally exploiting ego-motion can yield further benefits,
e.g., for driving scenarios where rigid motion dominates.
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