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Figure 1: RobustSpring is a novel image corruption benchmark for optical flow, scene flow and stereo.
It evaluates 20 image corruptions including blurs, color changes, noises, quality degradations, and
weather, applied to stereo video data from [39]. For comprehensive robustness evaluations on all three
tasks, RobustSpring’s image corruptions are integrated in time, stereo and depth where applicable.

Abstract

Standard benchmarks for optical flow, scene flow, and stereo vision algorithms1

generally focus on model accuracy rather than robustness to image corruptions like2

noise or rain. Hence, the resilience of models to such real-world perturbations is3

largely unquantified. To address this, we present RobustSpring, a comprehensive4

dataset and benchmark for evaluating robustness to image corruptions for optical5

flow, scene flow, and stereo models. RobustSpring applies 20 different image6

corruptions, including noise, blur, color changes, quality degradations, and weather7

distortions, in a time-, stereo-, and depth-consistent manner to the high-resolution8

Spring dataset, creating a suite of 20,000 corrupted images that reflect challenging9

conditions. RobustSpring enables comparisons of model robustness via a new10

corruption robustness metric. Integration with the Spring benchmark enables11

public two-axis evaluations of both accuracy and robustness. We benchmark a12

curated selection of initial models, observing that robustness varies widely by13

corruption type and experimentally show that evaluations on RobustSpring indicate14

real-world robustness. RobustSpring is a new computer vision benchmark at15

https://spring-benchmark.org that treats robustness as a first-class citizen to foster16

models that combine accuracy with resilience.17
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1 Introduction18

Optical �ow, scene �ow, and stereo vision algorithms estimate dense correspondences and enable19

real-world applications like robot naviation [36, 76, 30], video processing [40], structure-from-20

motion [34, 46], medical image registration [43] or surgical assistance [52, 47]. While estimation21

quality continuously improves on accuracy-driven benchmarks [39, 41, 8, 6, 53, 14, 51, 58], their22

robustness to real-world visual corruptions like sensor noise or compression artifacts is rarely23

systematically assessed. This lack of systematic assessment is problematic, as better accuracy does24

not necessarily translate to improved robustness and can even harm model robustness [67, 56].25

Though image data in KITTI [41], Sintel [8] or Spring [39] comes with degradations like motion26

blurs, depth-of-�eld or brightness changes, they result from real-world data capture or efforts to27

increase data realism, but were not included to systematically study model predictions under image28

corruptions. Broad corruption-robustness studies as they exist for for image classi�cation [17, 44],29

3D object detection [42, 28] or monocular depth estimation [26] are rare for dense-correspondence30

tasks, where studies are limited to speci�c degradations like weather [57] or low-light [78]. This not31

only leaves uncertainty about the reliability of dense matching algorithms in real-world scenarios. It32

also prevents systematic efforts to improve their robustness.33

To enable systematic studies on the image corruption robustness of optical �ow, scene �ow, and34

stereo, we propose theRobustSpringdataset. Based on Spring [39], it jointly benchmarks robustness35

of all three tasks on corrupted stereo videos. While prior image corruptions affect the monocular36

2D or 3D space [17, 26, 42], RobustSpring's image corruptions are integrated intime, stereoand37

depthand thus tailored to dense matching tasks. A principled corruption robustness metric and38

public benchmark website make RobustSpring the �rst systematic tool to evaluate and improve dense39

matching robustness to image corruptions.40

Contributions. Figure 1 gives an overview of RobustSpring. In summary, we make the following41

contributions:42

(1) Tailored image corruptions.RobustSpring is the �rst image corruption dataset for optical43

�ow, scene �ow and stereo. It integrates 20 corruptions for blurs, noises, tints, artifacts, and44

weather in time, stereo, and depth.45

(2) Corruption robustness metric.We propose a corruption robustness metric, based on Lipschitz46

continuity, which subsamples the clean-corrupted prediction difference and disentangles47

robustness and accuracy.48

(3) Benchmark functionality.RobustSpring's standardized evaluation enables community-driven49

robustness comparisons of dense matching models. Public robustness benchmarking can be50

integrated with Spring's website.51

(4) Initial robustness evaluation.We benchmark eight optical �ow, two scene �ow and six52

stereo models. All models are corruption sensitive, which reveals concealed robustness53

de�cits on dense matching models.54

Intended Use.RobustSpring is not a �ne-tuning dataset, but a benchmark of how dense matching55

models generalize tounseenimage corruptions. It seeks to foster robustness research and, simultane-56

ously, helps assess real-world applicability of models. Hence, it is essential to tie RobustSpring to57

an existing accuracy benchmark like Spring, as this minimizes the robustness evaluation hurdle for58

researchers.59

2 Related Work60

While the quality of optical �ow, scene �ow and stereo models advanced for over three decades, their61

robustness recently regained attention as result of brittle deep learning generalization [49, 56]. We62

review robustness in dense-matching, particularly image corruptions and metrics.63

Robustness in Dense Matching.Robustness research for optical �ow, scene �ow, and stereo64

models often focuses onadversarial attacks, which quantify prediction errors for optimized image65

perturbations. Most attacks are for optical �ow [4, 57, 56, 59, 49, 73, 29] rather than stereo [7, 70]66

and scene �ow [68, 33]. As remedies to adversarial vulnerability [3, 2, 1, 59, 5] may be overcome67

through specialized optimization [54], another line of robustness research considers unoptimized68
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data shifts. Those come in two �avors:generalization across datasets, i.e. the Robust Vision69

Challenge [http://www.robustvision.net/], androbustness to image corruptions. Dense matching70

models typically report generalization [38, 65, 66, 32, 19, 72] to several datasets, which span71

synthetic [39, 8, 51, 35, 11, 13, 50, 31] and real-world data [14, 41, 27, 53, 58], often in automotive72

contexts. While some datasets contain image corruptions,e.g.motion blur, depth of �eld, fog, noise73

or brightness changes [62, 8, 39, 41], they do not systematically assess corruption robustness. Yet,74

in the wild, robustness to image corruptions is crucial. For optical �ow, systematic low light [78]75

and weather datasets [55, 57] exist, and [59, 74] apply 2D image corruptions [17] to optical �ow76

data. Beyond these isolated works on optical �ow, no systematic image-corruption study before77

RobustSpring spans all three dense matching tasks and includes scene �ow or stereo.78

Robustness to Image Corruptions.Popularized by 2D common corruptions [17], the �eld of image79

corruption robustness rapidly expanded from classi�cation [17, 44] to depth estimation [26], 3D80

object detection [42, 28] and semantic segmentation [28]. Conceptually, corruptions were extended81

to the 3D space [26], LiDAR [ 28] and procedural rendering [12], but none have been tailored to the82

depth-, stereo-, and time-dependent setup of dense matching with optical �ow, scene �ow and stereo.83

Robustness Metrics and Benchmarks.Most robustness metrics for dense matching differ by84

whether they utilize ground truth [49, 4, 74] or not [56, 57, 55]. However, multiple works [56, 67, 64]85

evidence that robustness and accuracy are competing qualities whose quanti�cation should not be86

mixed, which informs our robustness metric. RobustSpring is the �rst dense-matchingrobustness87

benchmark, and joins prior classi�cation robustness benchmarks [10, 25, 63]88

3 RobustSpring Dataset and Benchmark89

RobustSpring is a large, novel, image corruption dataset for optical �ow, scene �ow, and stereo.90

Below, we describe how we build on Spring's stereo video dataset and augment its frames with91

diverse image corruptions integrated in time, stereo, and depth, how we evaluate robustness to image92

corruptions, and use it to benchmark algorithm capabilities.93

Spring Data. Spring [39] is a high-resolution benchmark and dataset with rendered stereo sequences.94

It is the ideal base for an image corruption dataset as its detailed renderings permit image alterations95

of varying granularity – from removing detail by blurring to adding detail via weather. Being a96

benchmark, Spring has a public training and closed test split, which withholds ground truth for optical97

�ow, disparity, and extrinsic camera parameters. Because our robustness benchmark shall complement98

accuracy analyses, we use the 2000 Spring test frames, two per stereo camera. For image corruptions99

with time, stereo, and depth consistency, however, we require the extrinsic camera parameters and100

depths that are withheld. Thus, we estimate extrinsics using COLMAP 3.8 and depths asZ = f x �B
d ,101

with focal lengthf x , baseline lengthB and stereo disparitiesd, estimated via MS-RAFT+ [22, 23].102

Estimation also prevents data leakage and maintains ground truth con�dentiality.103

3.1 Corruption Dataset Creation104

RobustSpring corrupts the Spring test frames via 20 diverse image corruptions, summarized in Fig. 2a105

and Fig. 2b. Below, we describe the image corruption types, their new consistencies, their implemen-106

tation, and their severity levels.107

Corruption Types. In RobustSpring, we consider the �ve image corruption types from [17]: color,108

blur, noise, quality, and weather. Color simulates different lighting conditions and camera settings,109

including brightness, contrast, and saturation. Blur acts like focus and motion artifacts, including110

defocus, Gaussian, glass, motion, and zoom blur. Noise represents sensor errors and ambiance,111

including Gaussian, impulse, speckle, and shot noise. Quality distortions are lossy compressions112

and geometric distortions, including pixelation, JPEG, and elastic transformations. Weather enacts113

outdoor conditions, including spatter, frost, snow, rain, and fog. All corruptions are on a single frame114

in Fig. 2a.115

Corruption Consistencies. To increase the realism of these 20 corruptions for dense matching116

models, we extend their de�nition to time, stereo, and depth:Time consistentcorruptions are smooth117
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(a) Image corruptions on a single image.
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(b) Overview of corruptions and their consistency in time,
stereo or depth, with resulting visual changes w.r.t. the orig-
inal images as SSIM.

Figure 2: Overview of RobustSpring's image corruptions.

over time ononecamera,e.g.frost on a camera lens, which differs per stereo camera.Stereo consistent118

corruptions equally in�uence both stereo cameras,e.g.brightness changes affect the cameras to119

the same extent.Depth consistentcorruptions are integrated into the 3D scene,e.g.snow�akes120

falling along a trajectory in the 3D space, rendered into the camera view. Fig. 2b summarizes121

the consistencies we added to 16 of our 20 corruptions. Note that depth-aware motion blur is not122

stereo-consistent because it depends on the speci�c camera view.123

Corruption Implementation. Though most corruptions are loosely based on [17], our corruption124

consistencies requires multiple adaptations. Furthermore, we employ specialized techniques for125

highly consistent effects,i.e. motion blur, elastic transform, snow, rain and fog. We adapt imple-126

mentations from [17], modify glass blur, zoom blur, frost and pixelation to accommodate higher127

resolutions and non-square images, and adjust frost, glass blur, and spatter for consistency across128

video scenes. Motion blur is based on [77] and adds camera-induced motion with clean optical �ow129

estimates. Elastic transform uses PyTorch's transforms package to create a see-through water-like130

effect, changing object morphology with smooth frame transitions. For snow and rain, we expand131

[57]'s two-step 3D particle rendering to multi-step particle trajectories and stereo views, change from132

additive-blending to order-independent alpha blending [37], and include global illumination [15].133

To augment the large-scale Spring data, we improve its performance via more effective particle134

generation and parallel processing. Fog is based on the Koschmieder model following [69]. Full135

implementation details are in the supplementary.136

Corruption Severity. Prior works [17, 44, 26, 42, 28] de�ned corruptions with several levels of137

severity. Here we opt for one severity per corruption, because evaluating one scene �ow model on138

all 20 corruptions already produces 2.1 TB of raw data – 1.2 GB after subsampling,c.f. Sec. 3.2.139

More severity levels would overburden the evaluation resources of RobustSpring benchmark users.140

To balance severity across corruptions, we tune their hyperparameters until the image SSIM reaches a141

de�ned threshold. We generally use SSIM� 0.7, and, because the SSIM is less sensitive to blurs than142

noises [18], SSIM � 0.2 for noises for visually similar artifact strengths. Final SSIMs are in Fig. 2b.143

3.2 Robustness Evaluation Metric144

With various corruption types, we need a metric to quantify model robustness to these variations.145

In the following, we motivate and derive a ground-truth-free robustness metric for dense matching,146

introduce subsampling for ef�ciency, and discuss strategies for joint rankings over corruptions.147

Robustness Metric Concepts.For dense matching, robustness to corruptions is unde�ned. Metrics148

exist for adversarial robustness, using the distance between corrupt prediction and either (i) ground-149

truth [49, 4] or (ii) clean prediction [56, 57, 55]. The latter is preferred for two reasons: First, (i)'s150

ground-truth comparisons mix accuracy and robustness, which are competing model qualities [56, 67,151

64] that should be separate. This competition is intuitive: A model that always outputs the same value152

is as robust as inaccurate. Likewise, an accurate model varies for any input change and thus is not153

robust. Second, (ii) separates robustness from accuracy and builds on an established mathematical154

concept for system robustness [16, 45]: the Lipschitz constantL c. It de�nes robust models as those155
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