
SUPPLEMENTARY MATERIAL FOR
ScopeFlow: Dynamic Scene Scoping for Optical Flow

A. Introduction

With this supplementary package, we would like to pro-
vide more details on our training pipeline and framework,
as well as more visualizations of the improved flow and oc-
clusion estimation.

The ScopeFlow approach provides an improved training
pipeline for optical flow models, which reduces the bias in
sampling different regions of the input images while keep-
ing the power of the regularization provided by fixed-size
partial crops. Due to the sizable impact on performance
that can be achieved by the improved training pipeline, we
created a generic, easy to configure, training package, in or-
der to encourage others to train state of the art models with
our improved pipeline, as described in Sec. C.

B. Dynamic scoping

The common pipeline of batch sampling and augmenta-
tion in optical flow training includes four stages: (i) sam-
pling images, (ii) applying random photometric changes,
(iii) applying a random affine transformation, and (iv) crop-
ping a fixed-size randomly located patch. We propose
changes for stages (iii) and (iv), by choosing the zooming
parameters more carefully along with the training, and in-
corporating a new randomized cropping scheme, presented
and extensively tested in our paper.

Fig. 1 provides a demonstration of the ScopeFlow
pipeline, which enlarges the variety of scopes presented dur-
ing the data-driven process while reducing the bias towards
specific categories.

C. ScopeFlow software package

In order to simplify the applicability of our approach, we
created a small and easy to use package, which supports
YAML configurations of a multi-stage optical flow model
training and evaluation. We found this approach very help-
ful when running experiments for finding the best scoping
augmentation approach.

Our code is attached to this supplemental, and our mod-
els (too large to be included within the limits of the sup-
plementary material) would be made public. Furthermore,

Figure 1. Randomized scoping within [rmin, rmax] = [0.5, 1].
Training with ScopeFlow online-processing approach leads to the
learning of richer features and reduces the error in challenging mo-
tion categories, such as fast speed and occluded pixels.



we provide easy visualization of our online augmentation
pipeline, as described in the README of our package.

D. Comparison to the IRR baseline

In our experiments, we use the IRR [3] variant, of the
popular PWC-Net architecture, to evaluate our method.
This variant has shown to provide excellent results, while
keeping a low number of parameters. To emphasize the im-
provements, we give here a thorough comparison, of all the
public results obtained in the main three benchmarks, for
our method and the IRR baseline.

D.1. MPI Sintel

Other than leading the MPI Sintel [1] table, as can be
seen in Tab. 6 and Tab. 7 in Sec. G, we improve the baseline
IRR models by a large margin in all metrics, and in partic-
ular the challenging metrics of occlusions (14.7%) and fast
pixels (18.4%). The only metric that did not improve is the
metrics of low-speed pixels (< 40), which should not be a
surprise, since our method reduces the bias between the fast
and slow pixels, as shown in our paper.

D.2. KITTI 2012

We uploaded our results to the KITTI 2012 [2] bench-
mark. As can be seen in Tab. 1 and Tab. 2, training the IRR
model with ScopeFlow pipeline improves the mean EPE by
more than 20%. Moreover, the improvement is achieved for
all thresholds of outliers and for all metrics.

IRR on KITTI 2012:

Error Out-Noc Out-All Avg-Noc Avg-All
2 pixels 5.34 % 9.81 % 0.9 px 1.6 px
3 pixels 3.21 % 6.70 % 0.9 px 1.6 px
4 pixels 2.33 % 5.16 % 0.9 px 1.6 px
5 pixels 1.86 % 4.25 % 0.9 px 1.6 px

Table 1. IRR results on KITTI 2012

ScopeFlow on KITTI 2012:

Error Out-Noc Out-All Avg-Noc Avg-All
2 pixels 4.36 % 8.30 % 0.7 px 1.3 px
3 pixels 2.68 % 5.66 % 0.7 px 1.3 px
4 pixels 1.96 % 4.39 % 0.7 px 1.3 px
5 pixels 1.56 % 3.60 % 0.7 px 1.3 px

Table 2. ScopeFlow results on KITTI 2012

In addition, Fig. 2 provides a qualitative comparison to
the baseline IRR model on the KITTI 2012 benchmark.
As can be seen, most of the improvement provided by
the ScopeFlow pipeline is in the challenging occluded and
marginal pixels.

D.3. KITTI 2015

We uploaded our results to the KITTI 2015 [5] bench-
mark. As can be seen in Tab. 3 and Tab. 4, training the IRR
model with ScopeFlow pipeline improves the mean EPE by
more than 12%, in the default category of 3 pixels. More-
over, the improvement is achieved for all thresholds of out-
liers and for all metrics.

IRR on KITTI 2015:

Error Fl-bg Fl-fg Fl-all
All / All 7.68 % 7.52 % 7.65 %
Noc / All 4.92 % 4.62 % 4.86 %

Table 3. IRR results on KITTI 2015

ScopeFlow on KITTI 2015:

Error Fl-bg Fl-fg Fl-all
All / All 6.72 % 7.36 % 6.82 %
Noc / All 4.44 % 4.49 % 4.45 %
Table 4. ScopeFlow results on KITTI 2015

In addition, Fig. 3 provides a qualitative comparison to
the leading VCN model on the KITTI 2015 benchmark,
showing a clear improvement for handling non-background
challenging objects. Our results are leading the category of
non-background pixels, which belong to faster foreground
objects.

E. Ablation visualization

Fig. 4 provides a demonstration of the contribution
of different training changes, composing the ScopeFlow
pipeline presented in our paper, to the improvement of the
final flow. As expected, most of the improvements are in
the marginal image area. Our method improves, in partic-
ular, the moving objects, which have many occluded and
fast-moving pixels.

F. Occlusions comparison

In order to provide a qualitative demonstration of our im-
proved occlusion estimation, we compared our results to the
methods with the highest reported occlusion estimation. We
provide a layered view of false positive, false negative and
true positive predictions. All occlusion estimations created
using the pre-trained models, published by the authors, and
sampled from the Sintel final pass dataset. Fig. 5 shows that
the model trained with the ScopeFlow pipeline improves oc-
clusion estimation in the marginal image area and mainly
for foreground objects. We used the F1 metric, with an av-
erage approach of ’micro’ (the same trend presented by all
averaging approaches).



Figure 2. Qualitative comparison to the IRR baseline on KITTI 2012 benchmark. Our improved training pipeline got the lowest AEPE on
KITTI 2012 among all other two-frame methods, using a low parameters off-the-shelf model architecture, which has an inferior perfor-
mance on the KITTI benchmarks. Occluded regions are marked in red, erroneous regions with a higher intensity. Most of the improvement
provided by ScopeFlow is in these challenging marginal pixels.

Figure 3. Qualitative comparison to the VCN [6] method KITTI 2015 benchmark. Although the VCN architecture gets the best outlier
percentage among all pixels, we have a better handling for non-background objects among all other two-frame methods.

G. Public tables

We uploaded our results to the two main optical flow
benchmarks: MPI Sintel and KITTI (2012 & 2015). In the
subsections below, we provide the screenshots that capture
the sizable improvements achieved by using our pipeline for
training an optical flow model, with an off-the-shelf, low pa-
rameters model. Since our method can support almost any
architecture, we plan, as future work, to apply it to other
architectures as well.

G.1. MPI Sintel

We add here two screenshots of the public table: (i) the
table on the day of upload (14.10.19), and (ii) the table af-
ter the official submission deadline for CVPR 2020. As
shown in Fig. 6, our method ranks first on MPI Sintel since
14.10.19, surpassing all other methods, and leading the cat-
egories of: (i) matchable pixels, (ii) pixels far more than
10px from the nearest occlusion boundary, and (iii) fast-
moving pixels (> 40 pixels per frame). We also provide a
screenshot taken after the official CVPR paper submission



Figure 4. Ablation visualization on the MPI Sintel training set. (a) First image, (b) IRR-PWC baseline, (c) ScopeFlowR (reduced regular-
ization), (d) ScopeFlowZ (zooming schedule), (e) ScopeFlow (final model), (f) Ground Truth flow.

deadline, in Fig. 7, showing our method still leading the
Sintel benchmark. We changed our method’s name after the
initial upload (on 14.10.19) from OFBoost to ScopeFlow.

G.2. KITTI 2012

Fig. 8 shows a screenshot of the KITTI 2012 flow ta-
ble, with the lowest outlier threshold (of 2%), taken on the
CVPR paper submission deadline. Our method provides the
lowest average EPE among all published two-frame meth-
ods, lower by 23% from the IRR-PWC baseline results.

G.3. KITTI 2015

Fig. 9 shows a screenshot of the KITTI 2015 flow table,
taken on the CVPR paper submission deadline. Our method
provides the lowest percentage of outliers, averaged over
foreground regions, among all published two-frame meth-
ods. Moreover, the percentage of outliers, averaged over all
ground truth pixels, is lower by more than 12% from the
IRR-PWC baseline results.
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Figure 5. Occlusion comparison over Sintel final pass. Comparison of occlusion estimations created by: (a) FlowNet-CSSR-ft-sd [4],
(b) IRR-PWC [3] baseline, and (c) ScopeFlow (ours). First frame on the left column and ground truth flow on the right column. For each
occlusion map: false positive are in blue, false negative in red, and true positive in white. All occlusion maps estimated using Sintel Final
samples and the original models published by the authors. Our improvements are mainly for foreground objects on the image margins.

Figure 6. Public Sintel table on the day of upload (taken on 14.10.19). Our method is leading the challenging final pass of the MPI Sintel
benchmark. We renamed our method for clarity from OFBoost to ScopeFlow. ScopeFlowR is our method with regularization changes,
ScopeFlowZ is our version with zooming changes. ScopeFlow is our final version with dynamic scoping.



Figure 7. Public Sintel table after CVPR papers submission deadline (taken on 18.11.19). Our method is still leading the main Sintel table
after the addition of many new methods.

Figure 8. Public KITTI 2012 flow table (with the lowest outlier threshold of 2%) on the CVPR paper submission deadline (taken on
15.11.19). Our method is with the lowest AEPE among all published two-frame methods, lower by 23% from the IRR-PWC baseline.



Figure 9. Public KITTI 2015 flow table on the CVPR paper submission deadline (taken on 15.11.19). Our method is with the lowest
percentage of foreground (objects) outliers among all published two-frame methods.


