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Figure 1: Samples from the PKU-DAVIS-SOD dataset under
low-light conditions (first row) and slow-motion scenarios
(second row). It can be observed that in different environ-
ments, one modality can complement the other, providing
more detailed information.

x meg T Trms xwarx x WX SWWL T W WS »
» o8 P ur ng wp PR ® S
T s m» ssa s ff us x ur s
s m G mgsT ws mw s m
» X s X ne rsx g s s W
s »n[ 141 ] wm wr ws w[4 1 4]
s m us moox NS mx s S
w s S ™ x » n ffrawom s m
e wp L »r mS  Swng W
R uS W SwL W » wur x
s g roug wr W noOw ®ox IS I
® SWaS » rmox » n fFrw
w s x Ss W s s wNgm ss suff r
x wapr  wssa s wsaffi m x sswa ®ox » wr
@ W Z WP WR X » »or » »
» 4 wr s
noosppr pr®Ss W » x o ®» s
» g (1] m T T [44] g
Pr S WM W m XSS WS W Wmgs
(S ) ss »wmTgur S WSS S i)
ws w s Sy Twpr gere n( ST ) m w
s X $S ™ mox we Cwus W ( 7w (1) m
ST us ®oow WS frm ™ szs fi
» » ur wp T PR W S noRmS M T
wp Trms T X S N X Wr ” W x s
r wrs ST mopwur mr fim grm (w®m s s
®oxr oW s ) mwmpr PR W S S § r wmpa
nm fiom wmoprx s\ m s st xrwm()w R
us ur waPps » Sg wmr S
¥ s gs oW rowuS Mg wr wr
ws w( ) m g wr ws m( "F)m w s osp
m  NF s gm RS ng W wroows W
) s m ww i sp nom

100

Yunhua Chen, Jinyu Zhong, Pinghua Chen, Wei Wu, & Jinsheng Xiao

2 Related Works
2.1 Object Detection Based on Events

oW P WM T wr ws m( T SS )
wapr mor R R RWR T » wr s
ffrm m s m °F firs  powr xx »
n fFrwm owm S ®m pr T UL T )
X ug r ssm rsS W WM W X Sssm s now
( ) w BS® ® W T SMS =SS s
OIS I I ¥ P RAR X WS WX SM S W P =P
S ws i IR »ox as m s sW®m s
» wrs owr x mpr » g ff
T m ®» ®x w WS W  swsaw rz s
. i 20 B S » x rgs Sxwg
»n T T rwme w »
X ss RS M WgSs ®W »n 1 mP
RPX WL RS W ng Ng S s
. 2 I »ow S g B Sp »
» ™ W wg rs( % SS ) wapr
P RR X OB X m rssm ur s
. sgn pug nma w ( ST ) ff g8r 8 S
sp P r W M W frms s ns
nfim gr m sp wp wr s

T m»s «x s ™ Ng r xs S noWrSsmwmw
» s CRCN] s rpr s [1 11
1o 1T » rg » gr m(0)[1] m
» PR owr W xS x wrs TR M X WS
» oW Ol IRy W [ 1pr
»s rowrr omom ror wur wss wm ST [ ]
x o sp wp wr s r W »msr m ST
[T wmr w P X R OWm W mW W
mom wr oW MES X W W MM WS M ST WS S
s & e sp P rOW WX W W x
wpr ws T[1]mprps Tr ms rwax s
» » sgnfi ®m r w swm rmw i
MR O RNgP X IRM SW X px s r s

2.2 Object Detection Fusing Events and Images

» mowewg wmswm G wmgss mrx
r s W W ox ngWES WM r S O ffrm w
S msx g S nORw » S w WS s m
ws m[ 141 ] wm wr ws w[4 1 4]
» s m us w » []ws » AR
Suppr ss m( S) w rg BT SH S T oW " s
(v ] wap waps xS x x us »
T sM s oW " s wg ) wg [14]pr » s
i m wmap ws w s s S B owus W
s nox » » R s mn  we ff
w oz P WA WX X rs s ol s
m s x wroows W s npr S
s us w » s wr o
[ ] u e ®noRwp  gu mRg
nS W™ Wmg S ur s [4]g » »
» o mmpPs s W wr s w s
o P i U~ wr s »ws wur s
T m [ Jus s wajp R ®moppr oW W



SCNet:Spatio-temporal Feature Aggregation and Cross-modal Interactive
Encoding Network for DAVIS Object Detection ICMR 25, June 30-July 3, 2025, Chicago, IL, USA

Figure 2: Overview of the proposed model. (a) The structure of SCNet. Event frames are first input into MSTA and then sent
to the YOLOvVS8 backbone, while RGB images are directly sent to the YOLOv8 backbone. The features of the last three stages
of the two backbone networks are comprehensively fused through the MCIF module. The RT-DETR decoder is employed to
output the objects’ classes and bounding boxes. (b) The structure of MSTA (see Section 5), which mainly consists of multiple 3D
convolutions with different kernel sizes. (c) The structure of MCIF (see Section 3.4), which consists of two LLFFs (see Section
3.4.1), one HLFF (see Section 3.4.2), and one PAFPN.
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Figure 3: Structure of LLFF and HLFF. (a) LLFF. LLFF consists of a DCF-CSSA network, which contains two dynamic comple-
mentary channel switching (DCCS) blocks, a spatial attention block, and a dynamic addition block of feature maps. (b) HLFF.
HLFF consists of two modules: the CMA and the DCF-CSSA module. (c) The detailed structure of Cross-modal Cross-attention

and Cross-modal Self-attention.
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Table 1: Comparison with SOTA. Our method outperforms existing methods on both datasets.
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Table 2: Performance evaluation of our method under various scenarios on the PKU-DAVIS-SOD dataset. Including event-based
baseline, RGB image-based baseline, and RGB-Event fusion.
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Figure 4: Visualization of detection results for various scenes in the PKU-DAVIS-SOD dataset. Cars, pedestrians, and two-
wheelers are represented by red, blue, and green bounding boxes, respectively.
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Table 3: Comparison results of our DCF-CSSA and CSSA on
two datasets.

P SS S

Table 4: Effects of LLFF, HLFF and MSTA on two datasets.
Ours Baseline® indicates the method using average fusion
and without MSTA.
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Table 5: The impact of different combinations of three-
dimensional convolutions (C3D) with varying kernel sizes
in our MSTA module on the results of two datasets.
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