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Figure 1: Optical flow visualization showing two frames of a sequence, ground-truth optical flow (color coded), and the color code to read
the vector at each pixel.1

Abstract
Optical flow estimation is a core task in computer vision, yet
many existing models struggle with lighting-induced appear-
ance changes that are common in real-world scenarios. This
work presents a focused evaluation of recent deep learning-
based optical flow models under controlled lighting varia-
tions, using a custom dataset composed of indoor and out-
door scenes recorded with a static camera. Scenarios include
glare, moving shadows, intensity shifts, and outdoor shad-
ows, with ground truth flow defined as zero to isolate the ef-
fect of illumination changes. Four models—RAFT, GMFlow,
SEA-RAFT, and FlowDiffuser—are benchmarked using stan-
dard metrics (EPE and F1-all). The results reveal that even in
the absence of physical motion, several models produce sig-
nificant flow estimates, particularly under shadow and inten-
sity variation. SEA-RAFT and RAFT show relatively higher
robustness, while GMFlow and FlowDiffuser are more sensi-
tive to lighting artifacts. The findings highlight a critical gap
in current model generalization and emphasize the need for
lighting-aware architectures and training strategies.

1 Introduction
Optical flow, defined as the apparent motion of brightness
patterns in an image sequence [1], is a fundamental concept
in computer vision. It captures the pixel-level movement of
objects between consecutive frames in a video, enabling the
analysis of dynamic scenes. An example of optical flow visu-
alization is shown in Fig. 1, where the third panel illustrates
the standard color-coded representation: hue encodes the di-
rection of each flow vector, and intensity indicates its magni-
tude.

Accurate estimation of optical flow is important for vari-
ous applications, including autonomous driving [2] and video
analysis [3]. Recent deep learning models such as RAFT [4],
GMFlow [5], SEA-RAFT [6], and FlowDiffuser [7] have
shown strong results, but they are mainly trained and eval-
uated on synthetic datasets, where ground truth flow is avail-
able through rendering.

While synthetic datasets allow for large-scale training, they
do not fully capture the complexity of real-world scenes. As
a result, there is a significant ”sim-to-real gap” – models per-
form well on synthetic benchmarks but often struggle in real-

world scenarios [8; 9]. Although several works have intro-
duced more realistic benchmarks [2; 9; 8], systematic evalu-
ation across diverse real-world conditions is still limited.

Lighting variation is one of the most challenging and un-
derexplored aspects of the sim-to-real gap. Real-world en-
vironments frequently experience unpredictable changes in
illumination, such as intensity shifts, glare, and dynamic
shadows [10]. Accurate estimation under lighting variation
is especially critical in safety-sensitive applications like au-
tonomous driving [2], surveillance [11], and robotics [12].
For instance, when a vehicle drives through a tunnel or un-
der trees on a sunny day, rapid shifts in lighting can create
shadows or flickering patterns on the road surface. These
artifacts can be misinterpreted as motion, leading to incor-
rect optical flow predictions and compromising downstream
tasks like object detection and navigation [2]. Therefore, ro-
bust handling of lighting variation is vital for reliable real-
world performance. However, these lighting complexities are
rarely reflected in synthetic datasets, which typically rely on
fixed lighting setups and struggle to reproduce phenomena
like sudden glare, limiting their realism and generalizabil-
ity [10].

This sim-to-real gap under challenging lighting conditions
raises the central research question of this paper: How well
do optical flow models evaluated on synthetic datasets per-
form in real-world scenarios with varying lighting condi-
tions? Specifically, which lighting conditions are most likely
to cause model failures, and how do different models respond
to these conditions?

To address these questions, this paper introduces a new
dataset based on real-world video, specifically designed to
include a wide range of lighting conditions. Utilizing this
dataset, a systematic evaluation of state-of-the-art optical
flow models is conducted to assess their performance and ro-
bustness under different lighting variations. The study fur-
ther analyzes the failure modes of these models when ex-
posed to diverse lighting conditions, providing a comparative
overview of their strengths and weaknesses.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work; Section 3 details the method-
ology and main contribution; Section 4 presents the experi-
mental setup and results ; Section 5 discusses responsible re-
search considerations; Section 6 offers a broader discussion



of the results; and Section 7 concludes the paper and outlines
directions for future research.

2 Background
Optical Flow models Optical flow estimation is a long-
standing problem in computer vision, aiming to capture pixel-
level motion between consecutive frames. The field has
evolved significantly – from classical variational methods to
modern deep learning-based models.

Early approaches such as the Horn-Schunck algorithm [1]
and the Lucas-Kanade method [13] rely on assumptions like
brightness constancy and spatial smoothness. While these
methods laid the foundation for optical flow, they often fail
in complex scenes involving occlusions, large displacements,
or significant lighting variation.

In recent years, deep learning has brought remarkable im-
provements in both accuracy and robustness. Pioneering
models like FlowNet [14] and PWC-Net [15] introduced con-
volutional neural networks to estimate optical flow directly
from image pairs. Building on these ideas, more advanced ar-
chitectures such as RAFT [4], GMFlow [5], SEA-RAFT [6],
and FlowDiffuser [7] have achieved state-of-the-art perfor-
mance through iterative refinement, global matching, and at-
tention mechanisms.

Most state-of-the-art optical flow models are trained
and evaluated primarily on synthetic datasets such as Fly-
ingChairs [14] and FlyingThings3D [16]. These datasets
are generated through computer graphics rendering pipelines,
where objects and scenes are artificially created, and pixel-
level motion between frames can be computed automatically
from the rendering engine. This enables the generation of
large-scale datasets with accurate ground truth optical flow,
making them ideal for supervised learning. However, syn-
thetic datasets inherently fall short in representing the com-
plexities of real-world scenarios. They often fail to capture
challenging phenomena like non-rigid motion (e.g., human
movement) and dynamic lighting variations, which lead to
the sim-to-real gap.

To overcome this gap, several real-world datasets have
been developed, including KITTI [2] and MPI Sintel [17].
Being one of the most widely used, KITTI features street
scenes captured from a moving vehicle, providing a more
realistic testbed for evaluating optical flow in autonomous
driving contexts. Ground truth in KITTI is generated using
a combination of LIDAR measurements and manual anno-
tations. While this approach brings the evaluation closer to
real-world conditions, it still presents limitations. The ground
truth is sparse and may introduce noise or inaccuracies [4].
Moreover, KITTI contains a limited range of lighting condi-
tions, as most data was collected under relatively consistent
outdoor settings.

To address these limitations, this paper introduces a new
real-world optical flow dataset with dense annotation that

1Image from Torralba, Isola, and Freeman, *Foundations of
Computer Vision*, 2024. Used under CC BY-NC-ND license.
Source: https://visionbook.mit.edu/optical flow.html.

explicitly focuses on diverse and challenging lighting con-
ditions. Using this dataset, a comprehensive evaluation of
several recent deep learning-based optical flow models –
RAFT [4], GMFlow [5], SEA-RAFT [6], and FlowDif-
fuser [7] – is conducted to investigate their robustness under
realistic lighting changes.

Varying Lighting Conditions Lighting variation remains
a major challenge in optical flow estimation [18]. Changes
in illumination can significantly affect pixel intensity values,
which many optical flow algorithms rely on for matching cor-
responding points across frames. As a result, even minor
lighting fluctuations can lead to large estimation errors, par-
ticularly in real-world, uncontrolled environments.

Traditional optical flow models have made early attempts
to mitigate the impact of illumination changes. For instance,
methods based on brightness constancy often fail under vary-
ing lighting, prompting researchers to incorporate more ro-
bust features. Tsenov et al. [18] proposed image preprocess-
ing techniques, such as histogram equalization and gradient-
based normalization, to improve performance in dynamic
lighting conditions for real-time applications. Other classical
methods leverage gradient orientation or texture-based cues,
which are less sensitive to lighting changes than raw inten-
sity values [19]. However, these approaches typically trade
off motion sensitivity for lighting invariance, which can limit
their applicability in complex environments.

Modern deep learning-based optical flow models have
brought significant improvements in robustness and accuracy,
often credited to large-scale supervised training and heavy
data augmentation. Many models, such as FlowNet [14],
RAFT [4], and GMFlow [5], employ photometric augmenta-
tions like brightness jittering, contrast shifts, and color noise
to simulate lighting variability. While these techniques im-
prove generalization to some extent, they still fall short of
capturing the full range of illumination dynamics encountered
in real-world environments.

Inspired by prior work on handling lighting variations for
tradition models [18], this paper uses a static-camera setup
while intentionally introducing dynamic lighting conditions,
for example, toggling a light source to create sudden in-
tensity variations. Several realistic scenarios – such as dy-
namic shadows, glare, and lighting intensity changes – are
included to systematically examine how each model responds
under stress. This approach enables deeper analysis of failure
modes and highlights areas where current models still strug-
gle.

3 Methodology

To evaluate the robustness of state-of-the-art optical flow
models under varying lighting conditions, this work intro-
duces a practical evaluation pipeline focused on real-world
data collection, frame selection, model benchmarking, and
detailed performance analysis.

https://visionbook.mit.edu/optical_flow.html


3.1 Dataset Collection
Video sequences are recorded in real-world environments us-
ing a stationary camera setup. Both indoor and outdoor
scenes are included to capture a broad spectrum of natural
lighting variations. The scenes are intentionally selected to
incorporate challenging lighting conditions, such as dynamic
shadows, changing lights intensity, and glares. These con-
ditions are known to degrade optical flow accuracy and are
chosen to reflect the complexities encountered in everyday
visual tasks [20].

3.2 Frame Selection
To extract representative data from the recorded videos, a
custom frame selection tool is developed. This tool pro-
vides an interactive user interface that allows manual se-
lection of frame pairs deemed most illustrative of specific
lighting changes. The selected pairs are then exported in a
KITTI-compatible format, making it straightforward to eval-
uate with standard optical flow metrics and existing bench-
marking tools.

3.3 Model Evaluation
Four state-of-the-art optical flow models – RAFT [4],
MFlow [5], SEA-RAFT [6], and FlowDiffuser [7] – are
benchmarked on the collected dataset. These models span
four key design paradigms—iterative refinement, global
matching, adaptive enhancement, and generative diffu-
sion—making them an ideal set for evaluating how archi-
tectural choices affect robustness to lighting-induced chal-
lenges. Each model is tested on the collected dataset, with
performance assessed across various lighting scenarios. This
evaluation allowed for a comprehensive comparison of model
architecture on robustness to lighting-induced artifacts, and
provides a comparative analysis of failure cases.

3.4 Evaluation Metrics
To quantitatively assess model performance, two standard op-
tical flow evaluation metrics are employed: End-Point Error
(EPE) and F1 score. The End-Point Error (EPE) computes
the average Euclidean distance between the predicted opti-
cal flow vectors and the ground truth vectors across all pix-
els [21]. It provides a direct measure of overall accuracy in
estimating motion. The F1 score, often referred to as F1-
all, measures the percentage of pixels whose EPE exceeds a
predefined threshold – typically 3 pixels or 5% of the magni-
tude of the ground truth flow vector, whichever is larger [2].
This metric reflects the proportion of significantly incorrect
flow predictions, offering insight into the reliability and ro-
bustness of each model, especially under challenging lighting
conditions.

3.5 Analysis of Failure Modes
Alongside quantitative evaluation, a qualitative analysis is
carried out to identify recurring failure modes in the optical
flow predictions. This involved a careful visual examination
of model outputs under diverse lighting conditions to reveal

specific challenges—such as moving shadows, glare, and in-
consistent illumination – that tend to degrade performance.
Identifying these patterns is critical for informing the design
of more robust and lighting-aware optical flow algorithms.

4 Experiments
4.1 Data Collection
To evaluate the effect of lighting changes on optical flow
estimation, a custom dataset is recorded using the iPhone
12’s default Wide Camera (26mm, f/1.6) at a resolution of
1440 × 1920 (1440p) and frame rate of 30 fps. The device
is mounted vertically on a stationary tripod with a clamp to
eliminate camera shake or movement throughout the record-
ing. Automatic exposure, focus, and white balance settings
are left enabled to reflect standard consumer recording condi-
tions.

For indoor scenes, recordings are conducted at night to
fully control the lighting environment and eliminate natural
light interference. A corner of a residential living room is
selected, containing a consistent background of small book-
shelves, one floor lamp, one table lamp, and decorative items.
Artificial lighting is used exclusively, and no objects are
moved between sessions to ensure that the only variable
is the lighting condition. Three distinct lighting scenarios
are designed: glare, moving shadows, and lighting intensity
changes.

Glare To simulate glare artifacts, a bright light source
(iPhone flashlight from a second phone) is used to introduce
direct light near the camera lens. The flashlight is gradually
moved toward the edge of the camera’s field of view until
lens flare artifacts (glare rings) appeared. The flashlight itself
should not appear in the scene. Other room lights remained
constant throughout to isolate the glare effect. An example is
shown in the first pair of frames in Figure 2.

Moving Shadows The moving shadows scenario is de-
signed to create dynamic shading effects without any phys-
ical object motion. The iPhone flashlight is again used as a
single-point light source. Two methods are used to introduce
motion into the shadows: (1) Occlusion Movement - placing
a moving object between the light source and the background
to cast dynamic shadows; (2)Light Source Angle Change -
changing the flashlight angle to alter the position of static
shadows. Light sources within the scene remained station-
ary in both cases. This setup is illustrated in the second frame
pair of Figure 2.

Lighting Intensity Changes Multiple lighting sources, in-
cluding a floor lamp, a table lamp, and an adjustable ceiling
light, are used to simulate changes in ambient lighting. The
ceiling light featured a built-in dimmer, allowing for smooth
transitions in brightness. Lighting variations are introduced in
two ways: (1) toggling individual lamps on and off to create
discrete changes in illumination, and (2) gradually adjusting
the brightness of the dimmable ceiling light to simulate con-
tinuous lighting intensity changes. Throughout these record-
ings, the spatial placement of all lamps and scene objects re-



Figure 2: Paired frames illustrating four lighting-related visual phenomena: (1) Glare, (2) Moving Shadows, (3) Lighting Intensity Changes,
and (4) Outdoor Shadows. Each pair consists of two frames captured under different lighting conditions, displayed at their original scale.2

mained fixed to ensure that only lighting intensity varied be-
tween frames. The third frame pair in Figure 2 demonstrates
this lighting effect.

For all indoor settings, only the lighting environment is ma-
nipulated; no objects in the scene are moved.
Outdoor Shadows Outdoor recordings are captured on
sunny days across ten different locations. These scenes in-
cluded natural lighting variations, such as moving shadows
cast by tree leaves on grass and pavement. The fourth frame
pair in Figure 2 depicts a typical outdoor shadow case.

4.2 Data Adjustment and Annotation
To ensure consistency with established benchmarks and fa-
cilitate fair model evaluation, all video sequences are first ro-
tated to a horizontal orientation and downsampled to a res-
olution of 1242 × 375 pixels – the standard resolution used
in the KITTI dataset [9]. This resolution preserves important
spatial details while ensuring compatibility with widely used
optical flow evaluation frameworks.

For the indoor dataset, a total of 20 frame pairs are manu-
ally selected for each targeted lighting condition. Selection is
performed using the custom-built frame selection tool, with
careful attention to ensuring that each pair distinctly exhibits
the intended lighting effect. This targeted selection enables
fine-grained analysis of model behavior under specific visual
stressors.

For the outdoor dataset, an automatic frame selection strat-
egy is adopted to better reflect real-world deployment scenar-
ios. From each of the ten locations, the first 20 frame pairs are
selected at fixed intervals of 10 frames, such as frames 0 and
10, 10 and 20, 20 and 30, and so on. This sampling strategy
is designed to highlight gradual lighting changes, particularly
those caused by moving shadows, while ensuring the physical
scene remains static with no object or camera motion.

Across all scenes, the ground truth optical flow is defined
as zero, as no actual displacement occurs between frames.
This setting is intentionally designed to test whether models
incorrectly predict motion in the presence of dynamic light-
ing.

4.3 Models Used
Four state-of-the-art optical flow models are evaluated using
their publicly available PyTorch implementations and pre-
trained weights:

• RAFT [4]: Evaluated using the pre-trained model
raft-things.pth, trained on the FlyingThings3D
dataset [16].

• GMFlow [5]: Evaluated using the pre-trained model
gmflow kitti-285701a8.pth, trained with the KITTI
dataset [9].

• SEA-RAFT [6]: Evaluated using the pre-trained model
Tartan-C-T-TSKH-kitti432x960-M.pth, trained
with KITTI-style data.

• Flow Diffuser [7]: Evaluated using the pre-trained
model FlowDiffuser-things.pth, trained with the
FlyingThings3D dataset [16].

All models are tested using the default evaluation script
provided by the authors, without any fine-tuning or post-
processing modifications.

4.4 Results
Table 1 presents the average End-Point Error (EPE) and F1-
all scores for each model under four different lighting scenar-
ios: glare, moving shadows, lighting intensity changes (in-
door), and outdoor shadows. These results represent the mean
performance across all frame pairs per condition.

Overall, SEA-RAFT [6] and RAFT [4] demonstrate
the most consistent robustness to lighting-induced changes,
achieving the lowest average EPE and F1-all scores across
most conditions. In contrast, FlowDiffuser [7] and GM-
Flow [5] exhibit significantly higher error rates in scenarios
involving dynamic shadows and intensity changes, indicating
greater sensitivity to non-motion-based appearance changes.

Under glare, all models maintain relatively low error, with
SEA-RAFT achieving the best performance (EPE: 0.26, F1-
all: 0.58). RAFT and FlowDiffuser also perform comparably
well, while GMFlow shows notably higher error, suggesting
reduced resilience to high-contrast highlights.

The moving shadows condition poses substantial difficulty.
FlowDiffuser records the highest error (EPE: 28.56, F1-all:
42.77), followed by GMFlow. These results indicate that
both models tend to misinterpret illumination changes as mo-
tion. SEA-RAFT and RAFT perform significantly better,
with SEA-RAFT achieving the lowest average EPE (4.09),
highlighting its improved handling of shadow-induced varia-
tion.



Model Glare Moving Shadows Lighting Intensity Outdoor Shadows

EPE F1-all EPE F1-all EPE F1-all EPE F1-all

RAFT 0.31 0.13 13.35 14.43 12.24 16.35 1.94 3.01
GMFlow 3.03 5.36 7.15 34.90 4.35 28.67 2.57 7.21
SEA-RAFT 0.26 0.58 4.09 14.94 6.84 13.16 1.53 3.34
FlowDiffuser 0.37 0.39 28.56 42.77 22.89 30.92 3.92 6.16

Table 1: Comparison of EPE and F1-all scores in indoor and outdoor lighting conditions.

In the lighting intensity change scenario, RAFT yields the
most stable results (EPE: 12.24, F1-all: 16.35), while GM-
Flow and FlowDiffuser experience a marked increase in error.
SEA-RAFT performs moderately well, though still impacted
by sudden intensity shifts.

Under outdoor shadows, all models experience a slight de-
cline in performance. SEA-RAFT again achieves the lowest
average EPE (1.53), while FlowDiffuser and GMFlow show
increased sensitivity to natural shadow movement, reflected
in their higher F1-all scores.

It is worth noting that although the reported values rep-
resent per-condition averages, the within-condition variance
is often substantial. Certain frame pairs—particularly those
involving rapid lighting transitions or complex shadow pat-
terns—lead to significantly higher error rates. This variabil-
ity underscores the importance of complementary qualitative
analysis, which is addressed in the following section.

5 Responsible Research Considerations
5.1 Ethical Risks
This work investigates optical flow models under lighting
changes using static scenes without any human subjects, ani-
mals, or identifiable personal data. As such, it poses minimal
ethical risk. No deceptive methods or manipulations were
involved, and all data was collected in controlled indoor en-
vironments or public outdoor locations where privacy con-
cerns were carefully considered. The primary research goal
is technical: to assess model sensitivity to appearance-based
scene changes, not to make inferences about human behavior
or identity.

5.2 Dataset Privacy
All data was collected by the authors using a personal smart-
phone. Indoor scenes were recorded in a private residence
with no personally identifiable items visible, and no individu-
als appeared in any footage. Outdoor scenes were captured in
public spaces (e.g., parks, sidewalks), ensuring that no peo-
ple, license plates, or private property were included in the
recordings. The dataset contains only non-sensitive visual
content focused on static scenes and natural or artificial light-
ing effects.

To further ensure privacy, all video frames were reviewed
prior to annotation and publication. Any footage inadver-
tently containing private information was discarded.

5.3 Reproducibility
This study was designed with reproducibility in mind. All
details of the recording setup, including hardware (iPhone
12 Wide Camera), resolution (1440 × 1920 down-sampled
to 1242 × 375), lighting arrangements, and frame sampling
strategies, are fully documented in Section 4. The annotation
procedure is described in detail, along with the choice of zero
ground truth flow based on the static nature of the scenes.

The following materials will be made publicly available
upon acceptance of this work:

• The full dataset (all extracted frame pairs with frame an-
notations in KITTI-compatible format)

• Source code for frame selection tools used in the analy-
sis

These materials will be released under a permissive li-
cense for research use and hosted on an open repository to
support reproducibility and further research. The dataset
and tools will be available at: https://github.com/aufos/
Optical-flow-frame-section-tool.git

5.4 Bias and Generalization
Although the dataset is diverse in lighting conditions, it is ge-
ographically and environmentally limited to a single indoor
setting and ten outdoor scenes in one region. As such, it may
not capture the full range of lighting behaviors in different
environments, seasons, or cultures. Future extensions may
involve broader geographic sampling or synthetic augmenta-
tion to increase diversity.

This study also highlights an important bias in current opti-
cal flow models – their tendency to interpret lighting changes
as physical motion. Identifying and mitigating this bias is a
key motivation behind the work and can help guide the devel-
opment of more robust, perception-aware models.

5.5 Environmental Impact
This work used pre-trained models without fine-tuning and
operated on relatively small-resolution videos. Inference and
evaluation were performed on a single GPU workstation. No
large-scale model training or hyperparameter sweeps were
conducted, minimizing compute usage and energy consump-
tion.

6 Discussion
The results presented in Table 1 highlight the varying degrees
of robustness exhibited by state-of-the-art optical flow models

https://github.com/aufos/Optical-flow-frame-section-tool.git
https://github.com/aufos/Optical-flow-frame-section-tool.git


when exposed to realistic lighting changes. While all models
were evaluated in scenes without any physical motion, most
still produced non-zero flow estimates in response to lighting-
induced appearance changes—demonstrating a critical limi-
tation in existing approaches.

6.1 Lighting Effects on Model Behavior
Across all tested scenarios, models demonstrated the greatest
stability under glare, with relatively low error values. This
suggests that glare, while visually disruptive, may not intro-
duce large structural changes in the image that confuse mod-
ern flow estimation pipelines.

In contrast, moving shadows and lighting intensity vari-
ations caused significant performance degradation in multi-
ple models, particularly GMFlow [5] and FlowDiffuser [7].
These models, both of which rely heavily on global matching
and visual appearance cues, were more prone to misinterpret-
ing illumination changes as motion. This indicates a lack of
robustness to non-geometric transformations and highlights a
common limitation among methods trained primarily on syn-
thetic or static lighting datasets.

SEA-RAFT [6] and RAFT [4], which adopt iterative re-
finement and feature-level warping mechanisms, consistently
performed better under varying lighting. Notably, SEA-
RAFT’s training on diverse and motion-consistent datasets
such as TartanAir appears to contribute to its ability to sup-
press false motion in lighting-dominated scenes.

6.2 Limitations of Current Pretraining Strategies
The analysis also reveals the influence of training data on
model generalization. Models trained on a single dataset
(e.g., RAFT and FlowDiffuser on FlyingThings3D [16] and
GMFlow on KITTI [9]) tend to perform worse under light-
ing conditions not well represented in their training distri-
bution. SEA-RAFT, trained on a combination of real-world
and synthetic datasets including TartanAir [22] and KITTI,
demonstrates greater robustness—emphasizing the impor-
tance of diverse, motion-consistent training environments for
improved generalization.

6.3 Need for Lighting-Aware Architectures
A key insight from this evaluation is that current architec-
tures lack explicit mechanisms to differentiate between ap-
pearance changes due to motion and those due to lighting.
Even in a static scene, changes in pixel intensity caused by
shadows or lighting transitions often result in false optical
flow predictions. This suggests that future models could ben-
efit from integrating additional cues, such as temporal consis-
tency checks, photometric invariants, or illumination-robust
feature representations.

6.4 Implications for Real-World Applications
These findings have important implications for real-world ap-
plications of optical flow, such as robotics, surveillance, and
autonomous driving. In such domains, lighting variations
are frequent and unpredictable. Without robustness to these

changes, optical flow systems risk producing misleading mo-
tion estimates, which can undermine downstream tasks like
object tracking, scene understanding, and navigation.

7 Conclusions and Future Work
7.1 Conclusion
This work presents a focused evaluation of state-of-the-art
optical flow models under realistic lighting variations, us-
ing a custom-constructed dataset with controlled glare, mov-
ing shadows, lighting intensity changes, and outdoor shadow
effects. Despite the absence of physical motion in the test
sequences, several models—particularly GMFlow [5] and
FlowDiffuser [7]—produced significant flow predictions, re-
vealing a critical vulnerability to lighting-induced appearance
changes.

Among the evaluated models, SEA-RAFT [6] and
RAFT [4] demonstrated comparatively strong robustness,
benefiting from architectural features like iterative refinement
and diverse training data. However, even these models exhib-
ited performance degradation in more complex lighting sce-
narios, such as moving shadows or abrupt intensity transi-
tions. These findings underscore the limitations of current
model architectures and training strategies in handling real-
world visual variability.

7.2 Future Work
Based on the findings of this study, several directions are rec-
ommended for future research.

Controlled and Dynamic Scene Simulation While
this study focuses on completely static scenes, future
datasets could incorporate small, controlled camera move-
ments—such as handheld jitter or slow panning—combined
with lighting changes. This would more accurately re-
flect real-world scenarios, where lighting variation and
minor viewpoint changes often co-occur. However, such
setups would require non-zero ground truth optical flow,
which introduces additional complexity in annotation and
calibration.

Dataset Expansion Future work should aim to construct
datasets that capture the same scene under systematically var-
ied lighting conditions, such as different times of day (morn-
ing, afternoon, evening), weather conditions (sunny, over-
cast), and artificial lighting setups (diffuse vs. directional).
Recording multiple lighting conditions for identical scenes
would allow more precise isolation of the impact of illumi-
nation on model predictions. With a larger and more diverse
dataset, models could not only be evaluated but also trained
on lighting-controlled data to enhance their real-world gener-
alization.

Model Adaptation Future models could incorporate archi-
tectural components or training strategies specifically aimed
at handling lighting variation. For instance, introducing mod-
ules that disentangle illumination changes from scene motion,
or training with lighting-invariant features, may help reduce
false positives in static scenes. Fine-tuning existing models



on datasets that emphasize lighting variation may also lead
to more stable performance in deployment scenarios with dy-
namic illumination.

By addressing these aspects, future research can build more
robust and perceptually grounded optical flow models capa-
ble of handling the complexities of real-world visual environ-
ments.
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cher, Daniel Cremers, Alexey Dosovitskiy, and Thomas
Brox. A large dataset to train convolutional networks
for disparity, optical flow, and scene flow estimation.
In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pages 4040–
4048, 2016.

[17] David J Butler, Jonas Wulff, Garrett B Stanley, and
Michael J Black. A naturalistic open source movie
for optical flow evaluation. In European Conference
on Computer Vision (ECCV), pages 611–625. Springer,
2012.

[18] Georgi Tsenov, Stanislav Obdrzalek, Andrej Ferko,
Radek Smid, and Michal Sobotka. Making optic flow
robust to dynamic lighting conditions for real-time op-
eration. Pattern Recognition Letters, 94:228–234, 2017.

[19] Thomas Brox, Andres Bruhn, Nils Papenberg, and
Joachim Weickert. High accuracy optical flow estima-
tion based on a theory for warping. In European confer-
ence on computer vision, pages 25–36. Springer, 2004.

[20] Simon Baker, Daniel Scharstein, JP Lewis, Stefan Roth,
Michael J Black, and Richard Szeliski. A database and
evaluation methodology for optical flow. International
Journal of Computer Vision, 92(1):1–31, 2011.

[21] Jiaqi Zhao. Learning the Loss in Optical Flow Estima-
tion based on the End-Point Error. PhD thesis, Univer-
sity of Stuttgart, 2021.



[22] Wenshan Wang, Yuxiang Yang, Xinyu Wang, Andrew
Markham, and Niki Trigoni. Tartanair: A dataset
to push the limits of visual slam. arXiv preprint
arXiv:2010.09733, 2020.


	Introduction
	Background
	Methodology
	Dataset Collection
	Frame Selection
	Model Evaluation
	Evaluation Metrics
	Analysis of Failure Modes

	Experiments
	Data Collection
	Data Adjustment and Annotation
	Models Used
	Results

	Responsible Research Considerations
	Ethical Risks
	Dataset Privacy
	Reproducibility
	Bias and Generalization
	Environmental Impact

	Discussion
	Lighting Effects on Model Behavior
	Limitations of Current Pretraining Strategies
	Need for Lighting-Aware Architectures
	Implications for Real-World Applications

	Conclusions and Future Work
	Conclusion
	Future Work


