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Abstract
Due to the difficulties of collecting real-world optical
flow data, the optical flow domain lacks any large, realworld datasets. And while large synthetic datasets have
been created for proving model architectures, little work has
been done to determine the best way to train and adapt these
models for data-constrained scenarios. We analysed the effectiveness of data augmentation techniques and model architectures in creating models that can succeed in several of
data-limited regimes. We then used those insights to create
a variation of a current model architecture and test it in a
data-constrained environment.
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1. Introduction
Optical flow estimation aims at calculating a pixel-wise
displacement field between two images. The flow field
provides crucial correspondence information that has significant applications to tasks such as image interpolation,
super-resolution reconstruction, object segmentation and
tracking, action recognition, and autonomous navigation
[14]. Specifically for the autonomous vehicle field, it can
provide 3D object motion information used for scene understanding, obstacle avoidance or path planning. The main
challenges facing the domain are fast-moving objects, occlusions, motion blur, and textureless surfaces [13].
Optical flow can be defined by the apparent motion of
individual pixels on the image plane. It is a 2D velocity
field, representing the apparent 2D image motion of pixels
from the reference image to the target image. The task can
be defined as follows:
Given two input images I1 , I2 ∈ RH×W ×3 , the label, the
ground truth flow field, U ∈ RH×W ×2 describes the horizontal and vertical image motion between I1 and I2 . Depending on the domain of the dataset and label-generating
method used, the label flow can be sparse or dense. Dense
flow labels give the flow for each pixel, while sparse flow
labels contain an additional mask that specifics the relevant
pixels. Sparse labels are often used in real-world data sets as
sensors often cannot make readings over the entire image.
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Figure 1. Inputs and Outputs

Optical flow estimation not only needs precise per-pixel
localization but also the correspondences between two input images. This involves learning image feature representations as well as matching them at different locations in the
two images. In this respect, optical flow estimation fundamentally differs from other deep learning tasks in computer
vision [2].
The optical flow labels can be visualized where each
color would indicate a vector in 2 dimension according to a
color wheel. Above, we visualize a single example, taken
from the Sintel dataset [1]. Image 1 and Image 2 are given
as input to the model, which outputs a predicted flow. We
can visualize the flow to capture the movement of the pixels
between Image 1 and Image 2. Here, the blue hue of the
flow label indicates that the frame has shifted to the left.

2. Related Work
Since the pioneering work by Horn and Schunck that
formulated optical flow as a continuous optimization prob-

Figure 2. Deep Learning for Optical Flow

lem, various methods have dominated optical flow estimation [5]. For example, DeepFlow (2013) blended a matching algorithm that correlates multi-scale patches with a variational approach to handle large displacements [16]. Later,
deep learning was shown to be able to side-step formulating an optimization problem and train a network to directly predict flow. FlowNet (2015) was the first CNN
model that solved the optical flow estimation problem as
a supervised learning task. It consisted of a generic CNN
network with an additional layer that represents the correlation between feature vectors in different locations in the
image [2]. FlowNet2 (2017) improved upon FlowNet by
stacking multiple FlowNetC/S architectures and warping of
the second image with intermediate optical flow. To optimally deal with small displacements, FlowNet2 introduced
smaller strides into the FlowNet architecture [8]. However,
FlowNet2 required over 160M parameters to achieve accurate flow estimation. Following studies attempted to create
models that decrease the model size.
SpyNet (2016) combined a classical spatial-pyramid formulation with deep learning to estimate optical flow. This
architecture was able to estimate large motions in a coarseto-fine approach by warping one image of a pair at each
pyramid level by the current flow estimate and updating to
the flow. As a 96% smaller model than FlowNet, SpyNet
introduced a new direction to the field [11].
PWC-net (2018), outperforming FlowNet, first downsampled the features in several layers and warped the features of the second image to the first as a layer with learnable weights. It then passed through a cost volume layer followed by a generic CNN. PWC-NET was 18 times smaller
than FlowNet2 [12].
LiteFlownet (2018) was 30 times smaller in model size
than FlowNet and also outperformed the previous models.
This architecture owned a structure for pyramidal feature
extraction with a more effective flow inference approach
through a lightweight cascaded network and embraced feature warping rather than image warping. It also presented
a novel flow regularization layer to overcome outliers and
vague flow boundaries [6].
Taking inspiration from residual networks, Iterative
Residual Refinement (IRR) proposed a scheme that takes

optical flow output from a previous iteration and iteratively
refines it by using a single network block of shared weights.
Applying this scheme two networks FlowNet and PWC-Net
yielded significant improvement in accuracy [7].
MaskFlowNet (2020) solved the ambiguity caused by
occluded areas during warping with a matching module that
learned a mask that filters useless (occluded) areas after feature warping without any explicit supervision [17]. Global
Motion Aggregation (2021), on the other hand, proposed
a transformer-based approach to find long-range dependencies between pixels in the first image, and perform global
aggregation on the corresponding motion features to solve
this ambiguity [9].
The state-of-art model Recurrent All-Pairs Field Transforms (RAFT) (2020) is a composition of CNN and RNN
architectures. It maintains and updates a single fixed flow
field at high resolution unlike all the previous work that uses
coarse-to-fine design where flow is first estimated at low
resolution and then upsampled to be refined at high resolution. Unlike the rest, it also ties the weights across iterations
and, hence, the update operator of RAFT is recurrent and
lightweight. It uses a novel design for its update operator as
well. This model is advantageous because it does not have
to recover errors at coarse resolutions, can detect small fastmoving objects, and requires less training iterations [13].

3. Problem Statement and Motivation
Given the depth of current research into model architectures, we decided to focus on a different aspect of optical
flow in this paper. One current limitation of optical flow
research is limited data. Getting optical flow ground truth
for realistic video material is difficult [2]. There are only a
few datasets and all of the larger datasets are generated with
computer simulation techniques. These simulated datasets
are useful for improving architectures and generally can improve a model’s performance on a real-word dataset if the
model is trained on sufficiently large training set. However, training the models only on a small portion of these
synthetic datasets might not lead to models that generalizes well to other types of data. Thus, we will analyse the
effectiveness of existing optical flow architectures specifically FlowNet and RAFT in a data-constrained environment, and use those insights to modify an existing architecture to hopefully improve its performance. Specifically,
we will experiment with data augmentation and different
dataset sizes to determine the effectiveness of each model.

4. Methods
4.1. Models
We chose to analyse two models: the first optical flow
deep learning architecture, FlowNet-S, and current the state
of the art, RAFT.

Figure 3. FlowNet-S Encoder

Figure 5. RAFT architecture

Figure 4. FlowNet-S Decoder

4.1.1

FlowNet-S

Encoder: The input two images are places into 6-channel
tensor, where the first three channels belong to the first image, the three remaining channels belong to the second image. The encoder part consists of several convolution layers
followed by activation functions. See Fig. 3 for the architecture [2].
Decoder: The trainable upconvolution layers upscale the
encoder Optical Flow output. Each decoder stage concatenates upscaled results from the previous stage and the feature map from the corresponding layer of the encoder which
helps with predicting the fine details. See Fig. 4 for the architecture [2].
Loss Function: The loss function for FlowNet is called
Multi-scale training loss. The loss is calculated for every
decoder stage with the impact-decreasing parameter to get
the fine prediction on every decoder stage. As a result, the
calculated loss for a small-sized prediction has more contribution to the total loss rather than the larger one [2]. The
loss formula for every decoder stage is based on the endpoint error between prediction Vpred = (∆xpred , ∆ypred )
and ground truth data Vgt = (∆xgt , ∆ygt ):
L = ||Vgt − Vcalc ||1 =
q

4.1.2

(∆xgt − ∆xcalc )2 + (∆ygt − ∆ycalc )2

RAFT

RAFT consists of three main components:
1. a feature encoder that extracts a feature vector for each
pixel from both images, along with a context encoder
that extracts features from only img1 .
2. a correlation layer that constructs 4DW × H × W ×
H correlation volume by taking the inner product of

all pairs of feature vectors, with subsequent pooling to
produce lower resolution volumes at multiple scales
3. a recurrent GRU-based update operator that takes the
correlation volume, the context features, and the flow
prediction to iteratively update the flow field initialized
at zero
as shown by Fig. 5. In this paper, we will use RAFT-S, the
light version of RAFT, for computational efficiency. RAFTS has less number of parameters since it has less number of
channels in the extractor, bottleneck residual units, and only
one 3 × 3 convolution GRU cells [13].
Loss Function: All upsampled recurrent cell outputs create
a sequence of the Optical Flow predictions f1 , . . . , fN . The
total loss is the sum of losses on each recurrent block output
between the ground truth and the upsampled prediction:
L=

N
X

γ i−N ||gt − fi ||1 , γ = 0.8

i=1

Each loss function is defined as the L1 distance between
ground truth and prediction, which is the same loss with
FlowNet [13].

4.2. Our Contribution: Deconvolutional Upsampling for FlowNet
FlowNet decoder results in a predicted flow for which the
resolution is still 4 times smaller than the input. The final
result of the model is the bilinear upsampling of this output
to the size of the imput images. Here, bilinear upsampling
uses all nearby pixels to calculate the pixel’s value, performing linear interpolation first in one direction, and then again
in the other direction.
One of the key architectural difference of RAFT is that
it maintains a single fixed flow field at high resolution
throughout the architecture. Hence, it never needs to upsample.
Inspired by this, we proposed an alternative upsampling
scheme for FlowNet. The prediction process in Flownet
traditionally involves taking the decoder output, passing it
through an additional convolutional layer and then using
bilinear upsampling. Our change combines these two last

Figure 6. KITTI
Figure 8. Flying Chairs

4.3.3

Figure 7. Sintel

steps, taking the decoder output and applying a transposed
convolution to simultaneously extract features and upsample the output. Hopefully, this will provide a more granular
predicted flow that can achieve better performance as it uses
trainable weights to upsample the flow.
We used existed codebase for FlowNet model as well
as utility functions for some parts of file loading, data
augmentation, and metrics calculation. We developed the
new FlowNet architecture based on the existed codebase
and wrote code for data augmentation, visualization, model
training and testing.

4.3. Datasets and Features
4.3.1

KITTI 2015

KITTI was captured by driving around the mid-size city of
Karlsruhe, in rural areas and on highways. Compared to the
stereo 2012 and flow 2012 benchmarks, this KITTI dataset
comprises dynamic scenes for which the ground truth has
been established in a semi-automatic process [4].
4.3.2

MPI Sintel

Sintel is derived from open-source 3D animated short film
Sintel. The dataset has 23 different scenes. It obtains
ground truth from rendered artificial scenes with special attention to realistic image properties. For this paper’s purposes, we use the clean version of the images which does
not include blur and atmospheric effects. The labels provide dense ground truth for very long sequences with large
motions. The images have resolution of 1024 pixels and
8-bit per channel [1].

Flying Chairs

Trading in realism for quantity, Flying Chairs is a common synthetic dataset used. It consists of random background image pairs from Flickr on which segmented images
of chairs are overlayed. These data have little in common
with the real world but have arbitrary amounts of samples
with custom properties [3].
4.3.4

Flying Things

FlyingThings3D is a synthetic dataset which consists of everyday objects flying along randomized 3D trajectories. Instead of realism, it was intended for generating orders of
magnitude more data than any existing option, without running a risk of repetition or saturation [10]. The number
of image pairs for training in each of these datasets is displayed in the following table.
Table 1. Dataset Sizes

Dataset
KITTI
MPI Sintel
Flying Chairs
Flying Things

Size
200
1,041
22,872
25,000

4.4. Our Contribution: Data Augmentation
A widely used strategy to improve generalization of neural networks is data augmentation. Even though the Flying
Chairs dataset is fairly large, we still used augmentations
to avoid overfitting in training. Specific data transformation
and augmentation we used:
• Cropping all the images to be the same size and normalizing the pixels
• Randomly applying horizontal and vertical flips to images
• Randomly stretching the images to zoom in or out
• Random applying asymmetric jitter to images which
changes their brightness, contrast, saturation, and hue

In addition, in our analysis, 1px, 3px, and 5px metrics will
indicate the percentage of pixels that has EPE error less than
1, 3 and 5 respectively.
The metric F1 is the percentage of pixels that are considered to be outlier. An outlier pixel is defined as a pixel
whose EPE (End-point error) is more than 3 and relative
EPE is more than 0.5. Relative EPE is calculated by dividing each pixel p’s EPE by the sqaure root of the sum of EPE
scores for all pixels on the same column as pixel p.
Figure 9. Flying Chairs with Data Augmentation

5.3. Quantitative Results
5.3.1

• Randomly erasing some section of the image (this was
only applied to img2 in the image pairs)
For each transformation, the flow is updated accordingly.
The hyperparamaters we used for data augmentation are the
same parameters used for the training dataset of the state of
the art RAFT model [13]. Fig. 9 shows a sample of images
after data augmentation. The effects of these transformations could be seen by comparing Fig. 8 and 9.

5. Experiments and Results
5.1. Experiments
To explore the performance of the models with different
training methods, we pre-trained FlowNet and RAFT with
0, 500, and 2000 image pairs from Flying Chairs and finetuned on 520 image pairs from Sintel, with and without data
augmentation respectively. We therefore did 12 different
experiments on different training methods.
Our pretraining had 100 epochs on the sampled data and
our fine-tuning had 20 epochs. We used a mini-batch size
of 5 due to the memory constraints of our GPU. All other
training hyperparameters were the same from their respective papers [8] [13].
The image pairs used from Sintel dataset for fine-tuning
were the same throughout the experiments. We tested the
models on the remaining 520 images in Sintel and all 200
images in KITTI. Experiment results can be found in table
2 to table 6 from the next sections.

5.2. Primary Metrics
The standard error measure for the Optical Flow task
is called EPE (End-point error) and defined as the Euclidean distance between ground-truth Vgt = (∆xgt , ∆ygt )
and calculated Vcalc = (∆xcalc , ∆ycalc ) optical flow values
for each pixel in the image for the case of the dense optical
flow estimation. The End-point error, used as a metric both
for FlowNet and RAFT, is given by:
EP E = ||Vgt − Vcalc ||2 =
q

(∆xgt − ∆xcalc )2 + (∆ygt − ∆ycalc )2

Effect of Data Augmentation in Training
FlowNet and RAFT on Datasets of Different
Sizes

In tables 2, 3, 4, and 5 size gives the number of image pairs
we used from Flying Chairs for training, while DA stands
for Data Augmentation.
Table 2. Evaluating Flownet on Sintel

Size

DA
no
yes

EPE
10.18
10.43

1px
23.27
30.72

3px
51.73
56.04

5px
63.36
67.26

F1
48.27
43.97

500

no
yes

7.88
7.74

46.42
37.49

68.29
65.50

75.81
75.03

31.70
34.48

2000

no
yes

6.79
6.47

54.39
47.69

73.79
71.24

79.88
79.03

26.18
28.72

0

Table 3. Evaluating Flownet on KITTI

Size

DA
no
yes

EPE
8.40
7.71

1px
52.22
80.09

3px
80.49
83.20

5px
83.48
84.21

F1
19.51
16.80

500

no
yes

14.66
13.76

17.51
21.30

30.35
34.20

39.43
42.32

70.00
65.80

2000

no
yes

15.68
14.77

18.05
19.40

29.80
32.17

38.63
41.90

70.20
67.82

0

5.4. Analysis
From our results, we can see that even with limited
amounts of pre-training data, dataset size is absolutely crucial. In almost every single case, increasing data size led
to better performance from the model. The exception is
FlowNet on KITTI, which could be due to the fact that
the KITTI and Sintel datasets are much more similar than
KITTI and Flying Chairs are, so pre-training on such an out
of distribution dataset actually hurts results.

Table 4. Evaluating RAFT on Sintel

Size

DA
no
yes

EPE
45.02
18.37

1px
3.45
3.24

3px
20.16
23.91

5px
33.59
40.29

F1
79.83
78.09

500

no
yes

28.67
8.70

8.48
15.73

29.33
59.57

37.57
75.26

70.66
40.38

2000

no
yes

38.78
6.51

14.39
44.73

32.51
80.59

42.54
87.05

67.49
19.15

0

Table 5. Evaluating RAFT on KITTI

Size

DA
no
yes

EPE
70.93
18.94

1px
1.23
2.73

3px
8.34
17.43

5px
15.72
31.66

F1
91.66
82.57

500

no
yes

37.93
14.06

2.90
8.71

15.46
33.74

23.57
46.23

84.54
66.25

2000

no
yes

88.58
17.87

12.64
15.97

19.55
35.53

23.10
45.02

80.45
64.44

0

FlowNet also seems to be more prone to overfitting on
training data, as evidenced by Fig. 14 in the Appendix. Although Flownet usually achieves better losses on the training data, RAFT does slightly better at test time.
Another interesting result was that data augmentation led
to universally better performance when testing on an outof-distribution dataset (KITTI). However, for FlowNet on
Sintel, data augmentation made almost no difference to performace.
RAFT, on the other hand, is drastically improved by data
augmentation in all cases in our experiments. This can
also be observed from the training losses of RAFT when
data augmentation is applied, see Fig. 15 in the Appendix.
RAFT models overfit to Flying Chairs dataset way less than
FlowNet during training both with data augmentation .
Thus, an important takeaway is that while RAFT is
the state of the art method when trained on a large corpus of pre-training data (like the entire 22k flying chairs
dataset), RAFT and FlowNet achieve similar performance
under their respective optimal training conditions in dataconstrained environments.
5.4.1

Testing FlowNet with a New Architecture

Table 6 shows the performance of the new architecture of
FlowNet trained with the same parameters as described in
previous experiments. Since data augmentation was shown
to make little difference on FlowNet, we didn’t apply data
augmentation to the training data here. We compared the
performance of this new model with that of the original one,

both on Sintel data. In table 6, New corresponds to our architecture whereas Old corresponds to the original FlowNet
model.
Table 6. Evaluating FlowNet with a new Upsampling Architecture
on Sintel

Size

Model
New
Old

EPE
9.28
10.18

1px
27.16
23.27

3px
55.44
51.73

5px
68.19
63.36

F1
44.56
48.27

500

New
Old

7.88
7.88

46.52
46.42

67.96
68.29

75.48
75.81

32.03
31.70

2000

New
Old

6.80
6.79

54.25
54.39

73.38
73.79

79.65
79.88

26.57
26.18

0

According to the results, the architecture change yields
no significant change in performance from the model. Two
models achieve nearly identical scores, though the new architecture does slightly better with less data and the traditional FlowNet does slightly better with more pretraining
data.

5.5. Qualitative Results and Analysis
In qualitative analysis, we observed how well the besttrained models in our experiments before were able to generalize to diverse sets of examples. For this, we sampled image pairs from 3 diverse synthetic datasets given
by 3DFlyingThings dataset: Driving, FlyingThings, and
Monkaa [10].
The FlowNet model (results shown in Fig. 10) is pretrained on 2000 Flying Chairs image pairs and fine-tuned on
520 Sintel image pairs with data augmentation and has the
best performance based on our quantitative results. In Fig.
10, the three columns show the data and results sampled
from Driving, Flying Things, and Monkaa datasets.
To understand the effect of data augmentation on
FlowNet, Fig. 11 shows the flow results that had the most
significant difference between training with and without
data augmentation.
Results from RAFT model in Fig. 12 show that data augmentation improves optical flow estimation for the training
setting. For example, output for driving (first row) is definitely more similar to Ground Truth when data augmentation is applied. Similar observation can be made for FlyingThings and Monkaa in second and third row.
Comparing prediction results in Fig. 10 and Fig 12., we
see that RAFT outperforms FlowNet, especially when data
augmentation is used in this data-constrained environment.
Lastly, Fig. 13 shows the flow results from RAFT with no
pre-training and only fine-tuning.
Comparing Fig. 11 with Fig. 13, we can see that, when
pre-training is not possible, only with fine-tuning, FlowNet

Figure 13. Ground Truth and Predictions with and without Data
Augmentation of fine-tuned RAFT on Sintel with no pre-training

6. Conclusion and Future Work

Figure 10. The input, ground truth, and output for images from
Driving, FlyingThings, and Monkaa datasets respectively using
FlowNet

Figure 11. Ground Truth and Predictions with and without
Data Augmentation of fine-tuned FlowNet on Sintel with no pretraining

In our experiments, we found that data size is crucial
to training optical flow models in data-constrained environments. We compared two models–RAFT and FlowNet–and
found that they have similar performance under dataconstrained environments overall, but show different performances under different specific conditions: data augmentation helps models generalize better, however, it improves
RAFT significantly more than it improves FlowNet. For
future work, it would be helpful to conduct similar experiments on different optical flow models (PWC-net, IRR, etc.)
to explore how different models perform in data-constrained
environments and how conditions including data augmentation and training data size effect their performance.
We also tested our new architecture for Flownet and
compared its performance with that of the original. For
future work, different aspects of the latter models could
be singled out and implemented on FlowNet to understand
which feature is the most crucial for improving optical flow
model performances under data-constrained environments.

7. Appendices
We visualized the training loss during the training loop
of each training method we experimented with for each
model. 0, 500, 2000 indicate number of Flying Chairs image pairs the models were pre-trained on.
We grouped the training loop losses based on the model
they belong to, whether this model was implemented with
data augmentation, and how much pre-training data was
used respectively.
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