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Abstract: Objectives: Dense and continuous optical flow plays an important role in many applications, in-
cluding robot navigation, autonomous driving, motion planning, visual odometry, etc. Current related
works mainly utilize shutter cameras and event cameras to output optical flow. However, dense and continuous
flow estimation is still a challenge due to the fixed frame rate of shutter camera and the sparse event data. In
addition, existing related approaches focus on the way how to integrate images and event data, but neglect
to deal with the long—time—-interval optical flow estimation. Methods: To this end, we propose a multi—
scale recurrent optical flow estimation framework fusing events and images. The network architecture con-
tains three components: multi—scale feature extractor, image—event feature fusion module and flow recur-
rent updater. The multi—scale feature extractor is a convolutional neural network—-based downsampler capa-
ble of mapping input image and event data into features at different scales. The image—event feature fusion
module is applied to fuse features from two different modalities of data. The flow recurrent updater is a recur-

rent residual flow optimizer, incorporated the pyramid methods, estimating flow in coarse—to—fine way as
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well as performing flow feature refinement. Furthermore, to avoid expensive flow annotations and perform
effective network training, we train network in the unsupervised way and design a novel training strategy,
namely dynamic loss filtering mechanism, to filter out redundant and unreliable supervisory signals. Re-
sults: We conduct a series of experiments on the MVSEC dataset. The results show that the proposed
method performs well in both indoor and outdoor sequences. In particular, for long—time-interval dense op-
tical flow estimation, the proposed method which tested on three indoor sequences achieves optimal perfor-
mance in mean endpoint error and the percentage of anomalies, which are 1.43, 1.87, and 1.68, as well as
7.54% , 14.36%, and 11.46%, respectively. Conclusions: The proposed method not only can perform

dense and continuous optical flow estimation, but also has a remarkable advantage on long—time-interval

optical flow estimation.
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Table 1 Performance Comparison of Unsupervised Optical Flow Estimation Methods Using Event Data on the Four

Sequences from MVSEC Dataset in Different Time Intervals (dz=1 and d;=4 Frame Intervals)

5} (8] [&] ot ik p— Indoor _flyingl Indoor_flying2 Indoor_flying3 Outdoor_dayl
B dr Exge Pow/%  Eage Pow/%  Eaxge  Pow/%  Eaxge  Pou/%
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Table 2 Performance Comparison of Sparse Flow in Different Time Intervals (d7=0.8, 1.8, 2, 3, 3.2, 4.4 and 5 Frame
Intervals) Between Our Proposed Method and DCEIFlow

Indoor_flyingl

Indoor _flying2

Indoor_flying3 Outdoor_dayl

ik HRIRIE de T \EE Pou/ % E i Pou/ % E spr Pou/ % E \ppe Pou/ %
0.8 0.56 0.40 0.74 0.77 0.63 0.33 0.92 1.30

1.8 0.89 1.38 1.13 3.64 1.02 2.55 1.38 9.05

2 1.06 1.99 1.40 6.27 1.27 4.34 1.14 1.73

DCEIFlow!?! 3 1.22 4.21 1.60 10.58 1.38 6.10 1.83 17.67
3.2 1.24 4.28 1.66 12.10 1.38 6.26 1.83 17.57

4.4 1.60 10.02 2.07 19.43 1.99 18.08 2.30 25.71

5 1.85 15.40 2.54 28.90 2.18 22.77 2.68 31.23

0.8 0.55 0.03 0.79 0.55 0.69 0.47 0.47 0.04

1.8 0.86 0.69 1.18 3.89 0.97 1.40 0.77 1.19

2 0.89 2.88 1.53 13.51 1.38 12.45 0.94 0.56

AT 3 1.18 3.52 1.58 10.01 1.44 7.36 1.02 4.67
3.2 1.21 4.52 1.59 10.10 1.51 9.21 1.06 4.65

4.4 1.59 10.97 2.19 21.86 1.79 13.93 1.42 10.56

5 1.84 14.55 2.28 21.70 2.08 19.78 2.66 30.17
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Fig. 4 Qualitative Evaluations of Different Methods on MVSEC Dataset for di=1
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Fig. 5 Qualitative Evaluations of Different Methods in the Outdoor_day1l Sequence on MVSEC Dataset for
dr=0.8,1,1.8,3.2,4and 4.4
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Table 3 Result of Ablation Studies
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) TH AT H JUEE
B de E e Pum/% E e P()m/% Ece Pom/% E e P()ul/%
1/8 0.71 0.14 0.89 0.98 0.77 0.70 0.78 0.10
1/4 0.66 0.40 0.84 1.48 0.71 1.03 0.75 0.12
1/16 +1/8 0.70 0.28 0.84 0.93 0.74 0.71 0.69 0.27
REH A
1/16 + 1/4 0.58 0.21 0.68 0.73 0.62 0.82 0.58 0.12
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JaH 0.53 0.09 0.64 0.46 0.58 0.62 0.56 0.09
1
0.01 0.59 0.10 0.69 0.48 0.62 0.64 0.62 0.08
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1.0 0.59 0.13 0.75 0.66 0.65 0.70 0.61 0.24
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A S uE AL .
Jei A 0.50 0.06 0.65 0.40 0.61 0.57 0.50 0.04
1/8 2.71 31.50  4.40  43.37 3.26 33.52 1.97 18.10
1/4 2.62 22.63  4.80 37.86 3.40 26.12 1.73 14.15
1/16 +1/8 2.18 21.25 3.61 34.13 2.68 24.93 2.05 16.54
RIEHE
1/16 + 1/4 2.08 16.65 3.76 31.71 2.65 19.83 1.47 11.37
1/8 4+ 1/4 1.76 12.08 3.10 25.56 2.20 16.63 1.50 11.44
1/16 +1/8 + 1/4 1.58 9.43 2.24 18.82 2.01 14.86 1.46 11.32
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Table 4 Comparision of Performance, Parameters, Memory
and Inference Time Between Our Proposed
Method and DCEIFlow
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