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Abstract: Objectives: Dense and continuous optical flow plays an important role in many applications, including 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 contains three components: multi-scale feature extractor, image-event feature fusion module
and flow recurrent updater. The multi-scale feature extractor is a CNN-based downsampler capable 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 recurrent residual flow optimizer, incorporated the
pyramid methods, estimating flow in coarse-to-fine way as 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. Results: We conduct a series of experiments on the MVSEC dataset. The results show the proposed
method performs well in both indoor and outdoor sequences. In particular, for long-time-interval dense optical flow
estimation, the proposed method which tested on three indoor sequences achieves optimal performance 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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Fig.1 Comparison of our optical flow estimation framework with the learning-based methods using only images or events. £ refers to the timestamp of a frame,
and dt denotes the integer time interval between two consecutive frames. (a) Conventional image-only methods estimate dense optical flow from consecutive

images at integer discrete time intervals. (b) Event-only methods take advantage of event streams to produce sparse but continuous pixel motions from any start
time to end time. (c) Our framework integrates a single image and event stream through the feature fusion module and generates dense and continuous optical
flow
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Fig.2 The architecture of our method, which mainly contains three components: 1) The multi-scale feature extractor processes a single grayscale image and
encoded event volumes into multi-scale features and context. 2) The image-event feature fusion module integrates image features and event features to generate
pseudo image features. 3) The flow recurrent updater thoroughly exploits hidden states, former flow (or randomly initial flow), context, cost volumes and
residual flow to refine flow iteratively at different scales, producing full-resolution optical flow in coarse-to-fine way
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Fig.3 The details of the image-event feature fusion module, which mainly contains four convolution layers. Note that gradient stopping is applied on the image
feature branch
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X=_argmin > p(L(@)—ILia(z+ f(2)) M(z) (22)
D:|D|=round(RN, ) ADED =5

Looro= Y p(L(@) =L a(z+ f(2)))- M () (23)
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L= 5 (L0 + L) (25)

Ltoml = Lzm + >\sim L:szm (26)
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4.1 KIEEIEE

AR S50 A% F MV SECHIUR S 27 — AN L& AT AR FUE S K FE BRI = N B 4N SR 4, XS H 3= 222 1
DAVIS346HHHLIHA . 7EBE T RIS, TEPRA R (8] 8] BE (dt=1F0dt=4 EUGMWIERE) AT R ZR A iTAl
Hr 3N S NI Cindoor_flyingl. indoor_flying2. indoor flying3) F114~% 4% (outdoor_dayl) IFAHHEAL,
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4.2 N&EEHEE

AR T5 R AEPYTorchHEZRBS R s B, 34 F AdamW AR AL 2 B HEAT IR 4L, RALZESEHEE NG =0.9, 8,=0.999,
e=10"%. YIZMEE f¥ibatchi& E N8, 1)IIZ540~epoch, HIUA%E 2R E A X107, I FHIFESHS. 10, 20/ epochif ¥ >
RIRZERRINT70%. EYIZRIANE, e EIEES M =N RERER (116, U8FIL4) , A REIERKECN6. TEHEE
B, AR BIARIR B B 12, BhAh, RERLIZR DL K T SCHISE 6 7ENVIDIA RTX 4090 L7 .
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Out=————-X
m

100% (28)
Xh, Out R EHEASI, P(AEE > 1) K- Fu s Z R T r B ER, Hhr=3.
1 EMER T EH RN R BEENRME I EE MVSEC BIRE EUANFF EREREERS (dt=1 F0 dt=4 ERITERE) HIMEEEXTtE. TER+TS
S3LEEERENSREK B X MR
Tab.1 Comparison of unsupervised optical flow estimation methods using event data on the four sequences from MVSEC dataset in different time intervals
(dt=1 and dt=4 frame intervals). Note that the results of compared methods are extracted from original papers

Indoor_flyingl Indoor_flying2 Indoor_flying3 Outdoor_dayl
PN Jii%: BRGESE
AEE Out(%) AEE Out(%) AEE Out(%) AEE Out(%)
DN g e B dit=1 fr 4 XS b4
EV-FlowNet("] LiTinby i (1.03) (2.2 1.72) (15.2) (1.53) (11.9) [0.49] [0.2]
SCHR[20] Fidinb et} (0.58) (0.0 (1.02) (4.0 (0.87) (3.0) [0.32] [0.0]
. Spike-FlowNet[?2] bl ibaulinh [0.84] - [1.28] - [1.11] - [0.49] -
LIF-EV-FlowNet!2! g 0.71 1.41 1.44 12.75 1.16 9.11 0.53 0.33
STE-FlowNet!s! TG e [0.57] [0.1] [0.79] [1.6] [0.72] [1.3] [0.42] [0.0]
TMALS] T (1.06) (3.63) (1.81) (27.29) (1.58) (23.26) (0.25) (0.07)
Fusion-FlowNet('! B IR (0.62) - (0.89) - (0.85) - [1.02] -
Enl Fusion-FlowNet!! g (0.56) - (0.95) - (0.76) - [0.59] -
DCEIFlow!®3! JEEb i 0.56 0.28 0.64 0.16 0.57 0.12 0.91 0.71

DCEIFlow!s] R 0.57 0.30 0.70 0.30 0.58 0.15 0.74 0.29



R TTVE iR (0.51) (0.12) (0.62) (0.57) (0.58) (0.42) (0.65) (0.38)
AT B (0.50) (0.06) (0.65) (0.40) (0.61) (0.57) (0.50) (0.04)
DL MBS RN ARG dt=4 P REXT L&t 3
EV-FlowNetl!"] T i (2.25) (24.7) (4.05) (45.3) (3.45) (39.7) [1.23] [7.3]
SCHR[20] Fidi i (2.18) (24.2) (3.85) (46.8) (3.18) (47.8) [1.30] [9.7]
c Spike-FlowNet(22] BTG [2.24] - [3.83] - [3.18] - [1.09] -
LIF-EV-FlowNet(?! B IG 2.63 29.55 4.93 51.10 3.88 41.49 2.02 18.91
STE-FlowNet[*] LT e [1.77] [14.7] [2.52] [26.1] [2.23] [22.1] [0.99] [3.9]
TMALS] L IEI (2.43) (29.91) (4.32) (52.74) (3.60) (42.02) (0.70) (1.08)
Fusion-FlowNet!! LR e (1.81) - (2.90) - (2.46) - [3.06] -
Fusion-FlowNet('! Fidinb et} (1.68) - (3.24) - (2.43) - [1.17] -
DCEIFlow B2 i 1.49 8.14 1.97 17.37 1.69 12.34 1.87 19.13
E DCEIFlow!3] TG 152 8.79 221 22.13 1.74 13.33 1.37 8.54
ARSI Vi ind (1.43) (7.54) (1.87) (14.36) (1.68) (11.46) (1.86) (19.72)
AT 1% FRBL IR (1.51) (8.64) (2.01) (17.16) (1.78) (13.21) (1.34) (9.90)

¥ [JH04E R 23378 outdoor_dayl F1 outdoor_day2 F3I_E RIS BIEIT(ELE R

()BIEE R R IHE outdoor_day2 FF3l LN RIE BRI IF(E LR ;
FREMBMNEEIECFHEHELENMNTHER; SEHIESEREEREXHIEE MVSEC HiRE LINGHERMITHER; AeGNERER
BifE, BEENERERAME; "B’ RRZFTENMANREEERE; “E+1” RRZFZENONBIEHEIBNERGEE.

#* 2 KX %S DCEIFlow EARFREEET (dt=0.8, dt=1.8, dt=2, dt=3. dt=3.2, dt=4.4 0 dt=5 EI&MIEIRR) BIFEHLRIEaERTEL
Tab.2 Comparison of sparse flow performance in different time intervals (dt=0.8, dt=1.8, dt=2, dt=3, dt=3.2, dt=4.4 and dt=5 frame intervals) between proposed
method and DCEIFlow

“_»

Indoor_flyingl

Indoor_flying2

Indoor_flying3

Outdoor_day1

T P 1] 5]

AEE Out(%) AEE Out(%) AEE Out(%) AEE Out(%)

dt=0.8 0.56 0.40 0.74 0.77 0.63 0.33 0.92 1.30

dt=1.8 0.89 1.38 113 3.64 1.02 255 138 9.05

dt=2 1.06 1.99 1.40 6.27 1.27 434 1.14 1.73

DCEIFlow!*3 dt=3 1.22 421 1.60 10.58 1.38 6.10 1.83 17.67

dt=3.2 1.24 428 1.66 12.10 1.38 6.26 1.83 17.57

dt=4.4 1.60 10.02 2.07 19.43 1.99 18.08 2.30 2571

dt=5 1.85 15.40 2.54 28.90 2.18 22.77 2.68 31.23

dt=0.8 0.55 0.03 0.79 055 0.69 047 047 0.04

dt=1.8 0.86 0.69 1.18 3.89 0.97 1.40 0.77 1.19

dt=2 0.89 2.88 1.53 1351 138 12.45 0.94 0.56

Ak dt=3 118 352 158 10.01 1.44 7.36 1.02 467

dt=3.2 1.21 452 1.59 10.10 151 9.21 1.06 4.65

dt=4.4 1.59 10.97 2.19 21.86 1.79 13.93 1.42 10.56

dt=5 1.84 14,55 2.28 21.70 2.08 19.78 2.66 30.17
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Tt HAR % 6.

BeAh, ARSOE 5 IR 5L T B AN ARG IR A T 77 12 DCEIFlowts1 kAT 22 A B 18] 1] K& [ 57 5 6L il v 12 e X b 234,
SKIRLERINR 207m. WEERB AT DE I, AR R e AT L, ASORESE SR LR Z T DCEIFlowt 7 i% .

4 BAFEE MVSEC BUiRE EMEMITRER (dt=1), ATESETEIRGRH—H, BTR R TEFEHMNLREEREINGRRGET
R, FEEBSRFEARRKE outdoor_dayl FF, THEHAIFEARE indoor_flyingl FF51
Fig.4 Qualitative evaluations on the MVSEC dataset for dt=1 case. To be consistent with ground truth, predicted flow maps demonstrate results only on the
pixels with valid flow annotations. The samples are taken from outdoor_day1 (top) and indoor_flyingl (bottom) sequences
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Fig.5 Qualitative evaluations in the outdoor_day1 sequence of the MVSEC dataset for dt=0.8, dt=1.0, dt=1.8, dt=3.2, dt=4.0 and dt=4.4 case, where we show
flow prediction on the pixels with valid flow annotations
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Tab.3 Tfe resﬁt%?;?alatic;f studies
Indoor_flyingl Indoor_flying2 Indoor_flying3 Outdoor_day1

S W
AEE Out(%) AEE Out(%) AEE Out(%) AEE Out(%)

LR i (][] dt=1 FRsk B0 45
RENE 18 071 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 0.74 071 0.69 0.27
1/16 + 1/4 0.58 0.21 0.68 073 0.62 0.82 058 012
1/8 +1/4 0.55 012 0.66 0.49 0.61 0.67 0.56 0.06
1/16 + 1/8 + 1/4 053 0.09 0.64 0.46 058 062 056 0.09
o =L 0.59 0.3 0.68 056 0.62 072 0.60 0.23
o 15 1
A 053 0.09 0.64 0.46 058 0.62 0.56 0.09
0.01 0.59 0.10 0.69 0.48 0.62 0.64 0.62 0.08
A AR AL 0.1 0.56 0.17 0.67 0.42 0.60 0.64 0.55 0.09
KRB 05 0.53 0.09 0.64 0.46 0.58 0.62 056 0.09
10 0.59 013 0.75 0.66 0.65 0.70 0.61 0.24
ENED:E! 0.69 0.19 0.77 0.74 0.74 0.59 0.70 0.29
PRI
A 0.53 0.09 0.64 0.46 058 062 056 0.09
A g =L 0.53 0.09 0.64 0.46 0.58 0.62 0.56 0.09
bl A 0.50 0.06 0.65 0.40 0.61 057 0.50 0.04
DL A 6 6] [ dt=4 f 5206 45 51
18 271 3150 4.40 43.37 3.26 3352 197 18.10
4 262 22.63 4.80 37.86 3.40 26.12 173 14.15
) 1/16 + 1/8 218 21.25 3.61 34.13 2.68 24.93 2.05 16.54
REHE
1/16 + 1/4 2.08 16.65 3.76 3171 2.65 19.83 147 1137
1/8 + 1/4 1.76 12.08 3.10 25.56 2.20 16.63 150 11.44
1/16 + 1/8 + 1/4 1.58 9.43 2.24 18.82 201 14.86 146 11.32
o P 1.80 11.80 2.74 22.09 223 16.98 152 1211
T P 45 1k
aH 158 9.43 224 18.82 2.01 14.86 1.46 132
0.01 1.76 12.09 297 24.26 2.26 17.58 154 13.09
AL 01 1.68 1136 292 24.23 2.19 1651 1.44 11.09
RILE 05 158 9.43 2.24 18.82 201 14.86 1.46 11.32
10 176 11.98 278 23.27 223 17.36 154 12.20
L 1.75 13.09 235 19.89 211 17.28 2.09 22.03
psaEh R
=5 158 9.43 2.24 18.82 201 14.86 146 11.32
A e L 158 9.43 2.24 18.82 2.01 14.86 1.46 132
Hlil B 151 8.64 201 17.16 1.78 1321 134 9.90
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& 4 KF5ES DCEIFlow 7EMEEE. B8E . BITHREF & B MR E S EAXT 4R
Tab.4 Comparison of performance, parameters, memory and inference time between proposed method and DCEIFlow

Indoor_flyingl

JiiE: i BAAGH PR
AEE Out(%)
DCEIFlow!3] 0.57 0.30 7.06M 878MB 22ms
A LTT5(114) 0.66 0.40 13.21M 688MB 31ms
ARILTIE(L/8 + 1/4) 0.55 0.12 13.21M 694MB 52ms
ATTIE(1/16 + 1/8 + 1/4) 0.53 0.09 13.21M 852MB 74ms
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