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semantic label to each pixel for fine-grained scene understanding. With the increasing demand for intelligent systems such
as autonomous driving, indoor robotics, and augmented reality, the ability to accurately parse complex visual scenes has
become crucial. While RGB images provide abundant texture and color information, they often fail under challenging con-
ditions such as poor illumination, occlusion, or cluttered environments. Depth maps capture geometric and structural cues
that complement RGB images, making RGB-D semantic segmentation an attractive solution. However, integrating these
two modalities is difficult because of their intrinsic representation differences. Mainstream approaches often adopt dual-
encoder architectures, which separately extract modality-specific features before fusion. Although effective in certain
cases, these models suffer from high computational overhead, redundant parameters, and suboptimal feature alignment.
The challenge, therefore, lies in designing a framework that achieves a strong balance between segmentation accuracy and
model efficiency. To address these limitations, this study introduces a frequency-guided lightweight RGB-D semantic seg-
mentation network, which incorporates frequency-domain modeling into multiple key components. By doing so, the pro-
posed method not only enhances cross-modal semantic alignment but also ensures adaptability for deployment in resource-
constrained scenarios. Method The proposed framework is constructed around three novel modules, each designed to
tackle a specific limitation of conventional RGB-D segmentation. First, we introduce a frequency-guided prompt adapter
(FPA). Spectral energy distributions are extracted and transformed into dynamic prompt vectors by applying a Fourier
transform to the input features. These prompts are fused with query features to encourage consistent semantic alignment
across network layers. Unlike static fusion methods, FPA adaptively strengthens cross-layer information propagation and
enhances semantic coherence between RGB and depth modalities. Second, we propose a spectrum-guided dynamic convo-
lution (SDC) module, which explicitly leverages frequency-domain decomposition. Input features are divided into low-,
mid-, and high-frequency bands, corresponding to global structures, boundary details, and fine-grained textures, respec-
tively. These frequency-specific features are then integrated with spatial-domain features through a gating mechanism. This
design simultaneously addresses local detail preservation and global context modeling, enabling robust multiscale represen-
tation learning. Third, we design a multiscale frequency-aware agent attention (MFAA) module. Traditional attention
mechanisms, though powerful, incur high computational cost when applied to dense feature maps. MFAA alleviates this
issue by dynamically generating compact agent vectors from spectral features of the previous stage. These vectors serve as
efficient proxies to capture global dependencies while preserving contextual consistency across scales. In this way, MFAA
reduces redundancy while strengthening long-range semantic modeling. The overall architecture adopts an encoder-decoder
structure, in which Transformer and CNN branches are jointly employed in the encoder, and the frequency-guided modules
bridge the gap between local precision and global reasoning. The decoder reconstructs pixel-level predictions while preserv-
ing cross-modal semantic alignment. Result Extensive experiments were conducted on multiple benchmark datasets to vali-
date the effectiveness of the proposed framework. On the NYU Depth V2 and SUN-RGBD datasets, the network achieved
57. 6% and 52. 8% mloU, respectively, using less than half the parameters of most state-of-the-art models. These results
highlighted its superior efficiency-accuracy tradeoff. Beyond RGB-D tasks, we evaluated the network on the KITTI-360
dataset for RGB-L (RGB + LiDAR) semantic segmentation, where it demonstrated competitive performance with a mean
IoU of 66. 3%, surpassing recent baselines such as DFormer while maintaining a lightweight design. Generalization ability
was tested on five RGB-D salient object detection datasets: NJU2K, NLPR, SIP, STERE, and DES. Across all four stan-
dard metrics (F-measure, E-measure, S-measure, and MAE) , the proposed network consistently outperformed existing
methods, achieving leading scores even under challenging conditions such as occlusion, reflective surfaces, or fine-grained
object boundaries. Ablation studies on NYU Depth V2 confirmed the independent contributions and synergistic effects of
each module: FPA improved cross-layer semantic propagation, SDC enhanced frequency-specific feature modeling, and
MFAA strengthened multiscale global interactions. Importantly, the model achieved 46 frame/s inference speed on a single
NVIDIA RTX 3090 GPU, making it suitable for real-time or resource-limited applications. Conclusion This paper presents
a novel frequency-guided lightweight RGB-D perception framework that systematically integrates frequency-domain model-
ing into prompt learning, dynamic convolution, and agent attention. The proposed design addresses key challenges of RGB-D
semantic segmentation, including modality misalignment, computational inefficiency, and insufficient global reasoning.

By harmonizing spectral and spatial cues, the network achieves high segmentation accuracy with significantly reduced
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parameters and computational costs. Experimental results across diverse datasets and tasks demonstrate not only its state-of-

the-art performance but also its strong generalization to unseen modalities and scenarios. The contributions of this work are

threefold: 1) an FPA that promotes consistent semantic alignment across layers, 2) an SDC module that enhances multi-

scale modeling through explicit frequency decomposition, and 3) an MFAA mechanism that efficiently captures global con-

text at low cost. Collectively, these innovations form a compact yet powerful framework for RGB-D perception. Beyond seg-

mentation, the proposed methodology provides insights for designing lightweight multimodal neural networks that achieve

an excellent trade-off between accuracy and efficiency, offering a reference for future research on deployable perception

models.
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Fig. 6 Multi-scale frequency-aware agent attention ((a) softmax attention; (b) linear attention;

(¢) agent attention; (d) multi-scale frequency-aware agent attention)
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Xt o BT 55, R Y 58 9
(mloU)ME N PEREPFAL 8 AR o mloU J& T 43 %1 X 45k
5 EAbRE X g £ S EmAZ L, 1T
Hr TR A2 B BIER R . X T R BAR
KEAT 55, hy 22 ff J3E it 00000 385 61 5 L SCAR A 2
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Ry VR A2 (E F-measure (Margolin 45,2014 ) 3855 F-
Hr 48 5 E-measure (Fan 5%, 2018) . 45 ¥4 AH B 8 B
S-measure (Fan 25 , 2017a) F1°F ¥ 48 %f 1% 22 (mean
absolute error, MAE ) (Perazzi 55 ,2012) , L) I 75 4> 18]
M5 o F-measure il 25 G HERR R 5 H 0 R i &
RN 45 3R 5 LR 1 — B, 9 BRI 1 35 X
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AL Jr)— B R R RE 77 o MAE B #2350 1
& 5 LS W] AR R PP iR 22, AR
RO O 22, HRCAE B/ N 3R B 0000 45 R e i L bR %
3.2 HiEE

7E RGB-D i L 43 #I4E: %51, R I NYU Depth V2
(New York University depth dataset V2) (Silberman
&£ 2012) #1 SUN-RGBD (RGB-D scene understanding
benchmark suite) (Song %5, 2015) B~ B A5 10 EPEM)
RGB-D % N 5o ih L FIB RS . NYU Depth V2
5 1 449X RGB-D HEA R, EHR 3 BN 640 X
48018 %, Horh A% 795 i Y 2R IS AN 654 i I i 5]
14, 4015 0] . SUN-RGBD 245 10 335 i
RGB-D &4, Horb 5 285 i ER A Il 2548 , 5 050 Ik
EUGAE IR |, & 37 18 R, B 5 A K/
Rl 480 x 48015 % .

7E RGB-L i X 43 4T 55 v, fd i KITTI-360
(Karlsruhe Institute of Technology and Toyota Techno-
logical Institute at Chicago) (Liao 55 , 2023 ) % #i% 4E 1
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FE AL o KITTI-360 S — 150 DX 3 7 25 35 37 53 il
8 A1 F 49 004 BRI ZR KR AN 12 276 IR Ko ik 1R
R HEAN 1 408 x 3762 K , B 19 Ml L2 H] .
7E RGB-D & 2% H b AT 55, 2% i NJU2K (Nan-
jing University 2K RGB-D dataset) (Ju 4§ , 2014) |
NLPR (National Laboratory of Pattern Recognition
RGB-D salient object detection dataset) (Peng % ,
2014) | SIP (salient person dataset) (Fan 5% , 2021) .
STERE (stereoscopic image saliency dataset) (Niu 4§ ,
2012) F1 DES(depth estimation based saliency dataset)
(Ding 55, 2019) 54~ F FBdla 42 AT PPA . NJU2K
£ 7 1 985 IE RGB-D 8% ; NLPR i Kinect R % £
1 000Xt RGB-D BRI I, 73 HE5 T 640 x 4808 3%,
i 25 N AN Mg 5 5 SIP B SR A% 929 MR A7 A
Py 2 5 A B AR, 20 B R O 992 x TT4 1R 31
STERE £ % 1 000 iiii RGB-D 1% ; DES 54/ 4 #H X
BN AR E 135 R E N IR . IR BB,
>R JH NLPR-train H1 4 700 A A< 1 NJU2K-train )
1485 WEAEAAE NN 4, IR AE 5 DB 4k B g —
HEAT I3 : H h NJU2K-test 2 500 Wi , NLPR-test 24
300 i , SIP . STERE Fl DES 4351 £ % 929 i .1 000
FI135 iR AR o
3.3 SKEIE

SEIGS B 7E B NVIDIA 3090 GPU | #E4 75,
K FH B R B 2 S HE LA PyTorch 2. 1.2, 7E il ki
R, SR F B HILAK 7 B 5 BRI 4 i e K 4f 4 o
Mg, LIS AL IZ AL RE 1 . X T RGB-D ALHLY
RTEE NN, E AL ImageNet ( Russakovsky o
2015) b #i il 5k i) DFormer M 4% " (Y GAA (global-
aware attention ) LR FEATHI LG AL , AR BER | AT
TR o 2 R A B 4, 5 % SegNeXt (Guo 55,
2022) (i1, R 1 901 Hamburger B3 (Geng
85,202 LA ZEAE . Atk ds Oy T, ] AdamW
(Loshchilov #1 Hutter, 2019) , £ FE 5 I 7 %015 B~
0. 01, %7 > FR U Z W WOR M . 515 sRBCR H]
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YRESURBE B R 400 48, it B R/ 8, W) IR 4 T &
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e AR R/ 16, M1 tR=E T RN 8 x 107, BH I
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R 2] ARIEDI had 72 AR e sl
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art) J7 7% Sigma (Wan 45, 2025) A [, A< SC LA 3] H:
50% IS EaE SC 0 T R 9 4 R PR RE L TR F 52. 8%
1) mloU, 245 FF— 25 B0 iE T 4 sk 42 7 8 L AL il
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LREUE HERR PN A B AR T IS Y
BNEEST o TR 24T st th A S IR AR 5
Bk & B, W TR RIMSRE A, 55 )7 ik 7E
DX 3 TR 5 B S B A A b 2 ) DX e A 5 0 25 TRV
AR SCT R AU 23 (B SRR AL SR A R



$31%5 /28 /2026 F£2 A

Hil, BIR, KEE, RER
A& 3UE 5| S RGB-D R ERIE N 7 BIM %

*1 RGB-DEXHDIEZSHEE=XTLLEE

Table 1 Quantitative comparison experiments of RGB-D semantic segmentation task

NYU Depth V2 SUN-RGBD
WIRES ZHM
WARSHRZE mloU/%  SIARSTHRER mloU/%

ACNet(Hu%:,2019) 116.6 480 x 640 48.3 530 x 730 48.1
SA-Gate(Chen 4§ ,2020) 110.9 480 x 640 524 530 x 730 49.4
TokenFusion(Wang % ,2022b) 45.9 480 x 640 54.2 530 x 730 51.0°
MultiMAE (Bachmann % ,2022) 95.2 640 X 640 56.0 640 x 640 51.1°
Omnivore( Girdhar 45,2022 ) 95.7 480 x 640 54.0 - -
NAS(Wang%5,2023) 48.9 - 55.1 - 50.3
PGDENet(Zhou %5 ,2023) 100.7 480 x 640 53.7 530 x 730 51.0
CMX-B2(Zhang % ,2023a) 66.6 480 x 640 54.4 530 x 730 49.7
CMX-B5(Zhang % ,2023a) 181.1 480 x 640 56.9 530 x 730 524
CMNext(Zhang % ,2023b) 119.6 480 x 640 56.9 530 x 730 51.9%
SGACNet(Zhang % ,2023¢) - 480 x 640 49.4 530 x 730 478
Dformer-L( Yin % ,2024) 39.0 480 x 640 57.2 530 x 730 52.5
Dformer-S(Yin 25,2024 ) 18.7 480 x 640 53.6 530 x 730 50.0
SMMCL(Dong il Yokoya,2024) - 480 x 640 55.8 - -
CFCI-Net(Zhou % ,2025) 4242 480 x 640 57.3 530 x 730 52.7
SGNet(Wang 45,2024 ) 64.7 480 x 640 51.1 530 x 730 48.6
AsymFormer(Du %,2024) 33 480 x 640 55.3 530 x 730 49.1
Sigma(Wan 45 ,2025) 69.8 480 x 640 57.0 480 x 640 524
AL (small) 20.3 480 x 640 54.6 530 x 730 50.5
A3 (large) 40.8 480 x 640 57.6 530 x 730 52.8

T L R RIZ IR BRSSO R BEAT R I S8, 73R8 27 DFormer Y45 R o

SR TR F A5 A 30 S A T SO R RE T R
MR BR T H AR X R e B AR, S B T HORT AR 4
RPHE . AR TATE b i, vKAR 3 A7 1E
WHARSK A/ N HAR . 2RO 65 SR U 175
o FL IR, S BB ML Z R ARSI 45
i BE A ZS PR PRI 45 22 OB R sl AL ), e Eh 2y
5 ARIK S DA B AR B AR B A SO R I
Xt RE /N HAR HAT B O AE g o oAb e B i
TS 5 T R 2 S N R R T s rp b7
TEAEAE M 8 SO — B el SO s 9 )L 1M AR 3C
TSRS | T SO ML 5 bR SO RE
1, RERE SRS B M 73 9 S 't s T 55 ] L AR 2 8] )
TSGR PRA5 25 XY 1 B3 401 B 8 b

3.5 RGB-LiEX 5 EILIGXT b 55047

R T BRI IR AR R BRALA R 1Y
i 52 A BE T AR SCHE KITTI-360 54 45 T e
T RGB-L 1 A3 #1525, I 5 10 3 i A7 1
KGR, SRR 2 T .

M2 0] LLE A AR SO 1 i w0 2 T 1)
RGB-D &5t 53t , SR REME 7E RCB-Liz 5t T B
TSR PERE AN Iz AL BE ) o AR SCREAL ) mloU
815K 66. 3% , FEMRFHR S HOUBI AT T | B
T DFormer(66. 1%) % IT PR ik . 1525 T4
HEI PSRN A A E M T RGB K S5Ot ER IR
TR EIAERRAE 2R 3K 1 0 43 A B [ B, BT T B s
SRR ARl A B v, I R AT 55 3 R 38 I
Ve, JE— 25 0E T AR SR AL e S A LIRS T
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Fig. 7 Visualization comparison on NYU Depth V2 dataset

#®2 KITTI-360 $#E% E RGB-X T EIHSL WA R
Table 2 RGB-X segmentation experimental results on
the KITTI-360 Dataset

Jrik BHFMLE  mloU/%
PMF (Zhuang % ,2021) SalsaNext 54.5
TransFuser(Prakash 25 ,2021) RegNetY 56.6
TokenFusion(Wang % ,2022b) MiT-B2 54.6

HRFuser(Broedermann %:,2023) HRFormer-T ~ 48.7
CMX(Zhang %,2023a) MiT-B2 64.3
CMNeXt(Zhang % ,2023b) MiT-B2 65.3
DFormer(Yin%,2024) DFormer-L 66.1

R DFormer-L 66.3

TE L R RIZ AR B RS iR A A SS

R ERAREHE T .
3.6 Z{LiEXE

SRy 4 T R AR SC I 2% 199z AL RE T, 7E NJU2K |
NLPR .SIP STERE Al DES 5~ 3 RGB-D & 3 HFx
R g a4 1, 5 2R BA AR Se i Oy i AT
X b, Hirp 145 DCF (depth calibration and fusion) (Ji

CMNext AL

42 2021) . CMINet(cross—stage multi-scale interaction
network ) (Zhang % , 2021) . DCMF (discriminative
cross-modality features ) (Wang &5 2022a) . SSLSOD
(self-supervised pretraining for RGB-D salient object
detection) (Zhao %5 , 2022) . CIRNet (cross-modality
interaction and refinement for RGB-D salient object
detection ) (Cong % ,2022) .CAVER (cross-modal view-
mixed Transformer for bi-modal salient object detec-
tion) (Pang %% , 2023) . MMRNet (multi-modal and
multi-scale refined network for RGB-D salient object)
(Fang %% , 2023) | PICR-Net (point-aware interaction
and CNN-induced refinement network) (Cong 4§ ,
2023) . HIDANet (hierarchical depth awareness net-
work) (Wu %5, 2023) | AirSOD (Zeng % , 2024) |
GTransNet(Fang 55,2024 ) A & MambaSOD (Zhan 55 ,
2025) , FHSRAE S LA R AN 3 BT

EEAR b, A SCHR T AR S | 5 o R )
46 FE T AT B B 1Y 4 4> PEAK 4 A (F-measure | E-
measure , S-measure Fll MAE) I #1HUAS T f IEPERE .
BRI AR S H ) Large A58 7E BT A BO06 45 Y
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Table 3 Quantitative comparison experiments of RGB-D SOD task

NJU2K % ff4E NLPR %44 STERE % #i4
Tk ZHEM
F E S M F E S M F E S M
DCF 108.5 0.922 0946 0912 0.036 0918 0.958 0924 0.022 0911 0940 0.902 0.039
CMINet - 0.940 0.954 00929 0.028 0.931 0959 0.932 0.020 0925 0946 0918 0.032
DCMF 58.9 0.888 0.925 0913 0.043 0.875 0.940 0.922 0.029 0.872 0.930 0.903 0.043
SSLSOD 742 0.902 0.939 0.903 0.044 0.899 0.949 0915 0.028 0.882 0929 0.887 0.047
CIRNet 103.2 0.927 0.925 0.925 0.035 0924 0955 0934 0.027 0913 0928 0916 0.037
CAVER 55.8 0.923 0951 0.920 0.031 0921 0961 0929 0.022 0911 0949 0914 0.033
MMRNet 172 0.922 0.904 0910 0.049 0921 0.941 0918 0.033 0913 0929 0.899 0.042
PICR-Net 112 0.923 0954 0.922 0.032 0930 0.971 0936 0.019 0910 00951 0913 0.033
HIDANet 525 0.922 0953 0.920 0.031 0924 0964 0929 0.021 0.894 0940 0.897 0.042
AirSOD 2.4 0.918 0.944 0.908 0.039 0923 0963 0.924 0.023 0.900 0939 0.895 0.043
GTransNet 431.6 0.921 0926 0.922 0.028 0908 0961 0928 0.019 0.895 0.928 0.908 0.032
MambaSOD 78.9 0.937 0.963 0.934 0.027 0.934 0.973 0.941 0.017 0920 0.955 0.924 0.031
AL 26.2 0.948 0.962 0.937 0.024 0.941 0.967 0.941 0.017 0.932 0.953 0.925 0.028
DES ¥4l 5 SIP £ i 4
WIRES
F E S F E S M
DCF 0.910 0.941 0.905 0.024 0.899 0.916 0.876 0.052
CMINet 0.944 0.975 0.940 0.016 0.923 0.934 0.898 0.040
DCMF 0.901 0.967 0.880 0.023 - - - -
SSLSOD - - - 0.894 0.928 0.890 0.047
CIRNet 0.878 0.952 0.913 0.025 0.895 0.917 0.888 0.052
CAVER - - - 0.906 0.933 0.893 0.042
MMRNet - - - 0.902 0.921 0.882 0.049
PICR-Net 0.939 0.970 0.940 0.017 0.894 0.926 0.881 0.050
HIDANet 0.918 0.954 0.919 0.021 0.894 0.925 0.884 0.050
AirSOD 0.934 0.962 0.923 0.022 0.887 0.903 0.858 0.060
GTransNet 0.938 0.982 0.944 0.014 0.895 0.926 0.887 0.041
MambaSOD 0.935 0.969 0.937 0.019 0.914 0.940 0.904 0.040
AL 0.955 0.980 0.946 0.013 0.934 0.943 0.910 0.034
7 :F .E.S M43 BIF/R F-measure ,E-measure ,S-measure MAE . JIHHLF R Z A9 R4S b RALES SR =" F R X hiE
SCHRACHEAT X 1o S5

FEELA T SO Y X H i R i, AT A X
FLUn &l 8 FIf s o NJU2K 088 45 o, 2 S 4% 1)
MAE 7 0. 024, 45 5 HoAth 75 7% , H 7E F-measure 1 S-
measure $8 PR D SEEL T — 20 EE T, F A ST 25 %)
H b5 XS EAT R U RE . A6 NLPR AR SE

AR SC R 2% [R) B e B R AT S PR B, F8 AR F-measure 15
2] 0.941. E-measure i%5 2| 0.967. S-measure ik
0.941 MAE{M0. 017, 248 734 Tk, JoHTE

Hbe 5L
H A2

R0 SRR i, AR SO i W A S S i A

PRI TR AR X AR AR A 2R A A R AR
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Fig. 8 Visualization comparison on NJU2K dataset
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Sl A R TS R R S, AR SO VR AR A A 5|
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MGy o BWRE AT BN ERGR T
PRI HG TP A% 30 PR 5 0T RIR R T
3.7 HELEAR

RIS UEASSCI 48 (A RLUPE , X RGB-D 1 3L 43
PEATIH B SE 5, A SEIAE NYU Depth V2 B4 4E I
HEAT o A SO 2% p A5 | 3 PR 35 E A% (FPA) 3
TG FEh BB AU (SDC) A1 22 NS5 sl A BV 78
FIBEP(MFAA) ZH 8 Sy B Gt B o> LA 1) 52
M) 1 5T K, 53 ) A SC I 265 R B 3 3 A2

RABH THEARFBIIA G T Large IRA ALY
FITEREAS AL o b Exp. A FE N IEER (UG 25
B REE T . SR 5] ABRG ]S4 R
1 Fit &% (Exp. B) ,mloU Hi 55. 3% #2 T+ % 55. 8%, KilE
TR G S i B R R AL RE 08 A AR 1 B 2 1 X
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Fig. 9 Visualization comparison of complex scene

F o LB ASGE 5] T 3l 4 & BB B (Exp. C) i,
mloU ik £ 56. 0% , 156 W 45 58 5 245 45 AR e i A5 R4 8 i
RN 5 R A AR ) . B AZ RUE
WA B 3 S (Exp. D) IR, mIoU 353 56. 3%,
FEUA I T RERRAE A 1 shAS AR ML T LA 5%
AN TR ROBE R AIE A — Bk o ik —2B b B A
Hrp WS (Exp. E . Exp. F 8% Exp. G) i}, mloU $
F 2 56.9%~57. 1%, 43 P Hi 2L NG,
mloU iK% 57. 6%, X L6 25 JLUGTIF T 45 45 B ] 14 B
#ME  FPA RERS I UE 5 208 AL, SDC T T 45
FRAE FIRBE J7, MFAA 1T LAk AS [6] )X BERRAE 8] 1)
EH. o R RETE R 2o AN A B T, AR SC
AL RES AL 2 AR 52 1., 045 v 4 SRy A
BRI 2 ROBE A5 Bl & i Re T, i — 20 30 0E T R
He s My e b 0 B AME S b R 5 A

SIS G R B fl A B (FPA) 72 AN [ 2
T2 B BL (Stage ) FURICR , 3 581 H T 78 AN R 437 B 4f
A FPA fySZIG 4k B 534k (57, 1%) M EL 3B )2 N
A FPA ] LU$E = fig , 76505 13 BrBr ik 3 57. 3%,
4 FPA BB T A 4 B Bt ih 3] 57. 6%, % W] FPA
REAS A R UEAS 6] 2 8] 1) 05 .58 B3 RRIE 1) 5
KEES o AR IR | 5, (AR 2 ] S 7
PERE T 0. 2%, BEAM, FEAUAE H Token 1 A 5 )2 4%
TR LT HEREA BT T B X iE— 25Ul FPA B5 2
LRI AERRIE RS S5 BAE s P I BB . 2860
F AL E A Stage H1 51 A FPA, ] LIFEAS 2 £ 3
TR 1A 14 [ 4 s - P

*x4

HIDANet

) 4% th R B R RAE R Y R 32

Table 4 Ablation study of different modules for

the network

SC¥; FPA SDC MFAA  Z%UE/M mloU/%
Exp.A - - - 38.0 55.3
ExpB ¥ - - 38.2 55.8
Exp.C - N - 39.8 56.0
ExpD - - N 38.8 56.3
ExpE Y N - 40.0 56.9
ExpF Y - N 39.0 56.7
Exp.G - N N 40.6 57.1
Z 'S N N N 40.8 576

R R, - R R AR

x5 FPAERMERHRMHAR

Table 5 Ablation study of FPA module location

FPA Vi & E il mloU/%
wlo FPA 40.61 57.1
Stage 1 40.66 57.2
Stage 12 40.71 57.2
Stage 1—73 40.76 57.3
Stage 1—4(w/o TLE5)Z) 41.23 57.5
Stage 1—4 (= [H3k 5] F) 40.81 57.4
ARSI | 5) 40.81 57.6

N3 6 iz, A A [7) 118 22 4 15 e ok DF-Aik 43 3%
S BB (SDC) , 45 Hh 50 SN2k A5 0
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BRI ZR A S SDC X A B I G XS L . By 52
Bl & T, Az BRI Zom A 3 x 3B, mloU A
56.4%, 51 A7 x T REREG , PEREFT0. 5%, il
FAZE AU SN , PR T 5 57. 2%, B0iE T
2 RUEE R AN ZEE o B 23 TR 43 S e A Al |
AEFR AT OB R & 57, 4%, T SEEL () SDC
Hen] LUK 3 57. 6% , A R 7E 52 2% 50 L IX S8 1 40021 o
U, oy RS BRI 3 A AU IR A RE B .

&6 SDCHEIRSTZTHIHRBAR
Table 6 Ablation study of SDC module branches

i ZHEM mloU/%
A (K = 3) 0.9 56.4
IS (K = 7) 0.5 56.9
(K =7) + 25 [A)(K = 3) 1.2 57.2
23 (AR (K = 7) + B (K = 3) 1.2 57.4
ZEAI (K = 7) + 5 = A B (K = 3) 1.8 57.6

g ik — 253 M SDC BT 40 719, 38 3k il S 4
T I3 3 28 R i J7 2O P RE R 52 ), 245
RANRTIR o B 5, Bty SO B B RNk
91X 1, SEEGEE R mIoU 1K 3 57. 2%, Ui B /N A% fiE
WA —E R A PR R AR o PR AR
B RNy 3 x 3, A e 8 B A2 46 (fast Fourier
transform, FFT) AT T#AH IS B, mloU i — A0 4
£ 57. 6% A FEUSE Sl FET 40 B iR 27
. ( discrete cosine transform, DCT) , mloU T [# &
57. 0%, i W DCT 7EM A K R i fe v iy T SR S AR

AR FEEHMERIRBE S T A, R TR S

W BRI, mloU T & & 57. 2%, £ ¥%
BLHRITE 53 SRR R & R R R 3 1A 2400 sh A
PR, 25 1 R FET VNSRRI 145 il &
MIBCTE T 58, BERS B KPR R s e B 3, ik —
AR T BIRS FEARAL R I

&7 SDCHEIRIFIH 5 3% HYiH BRAF 52
Table 7 Ablation study of SDC frequency domain branchs

USRI IR file 7750 mloU/%
1x1 FFT I T AR N 57.2
3%3 DCT AR 57.0
3x3 FFT HEAR 57.2
3x3 FFT AR 57.6

TG T 2 RO AR B A ) R
(MFAA) 5 HAth 3 2 S WL AR R AE AR RE ) b ity 22
5o ARG softmax 7 B ) 5 LM E B 40 i HUS T
56. 8% H156. 6% [ mloU , 3 IH 1 518 1o B (E ¢ £
BEAAAE—E 1Y LB SCHigk e )y B A2 BR Tk = AR
B R AILE , LB AR . 51 AT REREA:
AR B T, SR AN AR A i 7 =X (it Ab L5
FOJE , mloU 42T+ 2 57. 3%, BAilE 7S ERALHI XHE X
HERL AR AR v R RN A B ) AR B K
de . FELIERE b, A SCHE A MFAA 38 33 5k
W v Ak 2B B A B ) o, O 51 A B RO B AL
(Q.K.VHEKAMATRE ,AKRH F—RE), &M
mloU $27F % 57. 6% , BB T HoAth 73 2 1L

®8 MFAAZEHREH R
Table 8 Ablation study of MFAA module

e W3] IR FCHRTIE mloU/%
softmax 112 5% 71 - FIRE  56.8
S CRE =W - R 56.6
RBEFE T ik FRE 573
RIEEE T HH FRE 573
Z NIRRT ) iR BERE 576
=" RN T

3.8 #HESHEFPSHT

W 9 Fiv 7R, g AT PP Ak A SO 28 TR A iR
T 5k FAKCR Ty TR R RE O B, 2 B2 i ot AR
(frame per second, FPS) i i1 30 (4% & 2% RGB-D &
AT EIRRIHEA TR LY, o 56 AT I SR S50 RS
i DR ARSI PR i g LA HUE JE (FPS) . PGDENet
BT 5| T s 5 LT g s A B, s i i 5 o A
HOGHER BE S R A5 B AR L (BT M B 52 2 i A%
THE K . AsymFormer 38 i3 3F X FR 3= 1 45 ¥4 52
PRAA AR, 38 1 CNN I Transformer 43 it A5 25 40 #
1555 BERETIABR . AHILZ T, AR SO R 58—
fill 3T, g G AR g GRS AEE L
il AR TE TRER 5F 5 2 R SCRRIRE ) .
JIr AT S5 B 7E B4 NVIDIA 3090 GPU | 5% i , A4
RRF A SOT BB A A5 B R 3 2 K Y W)
I, S0 46 Mit/s (04 B BE , i R L A B 2 R
I FH 5 b R A 3 I

e Ah 310 7R T A SO BT 1Y TS0
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Table 9 Model parameters and FPS analysis

i SRR (E;Ss/) mloU/%
SA-Gate(Chen % ,2020) 65 35 50.2
ESANet(Seichter % ,2021) 34 32 51.6
FRNet(Zhou %,2022) 86 39 53.6
PGDENet(Zhou %% ,2023) 101 32 53.7
DFormer-S(Yin%%,2024) 18.7 50 53.6
AsymFormer(Du % ,2024) 33 65 54.1
A3 (small) 19.3 46 54.6

TERELR M 25 I HE il b, 5] A FPAQUE N2y 0.2 M=
Bt 5 B FD TF 4 18 BB (floating point operations
per second, FLOPs)0. 7 G, BAFFFEHE K 0. 11 GB,{H
mloU &+ 77 0.5; # — M A SDC J5 , ¥t 5
FLOPs /3 K41 1. 8 M 5 1. 8 G, \AFHE/N0. 23 GB,
ok 1A 3 UK B T TR B R BT A
MFAA, Z AU 0. 8 M, FLOPs B4 /11 1.7 G, %
FEHEE 0. 15 GB, Z 2k T#I4M 0. 74 H 4 mi M fE
Tt BAAORE 3B IS S5
AN 7. 4% FLOPs 3 i 6. 4% . & 47 o5 H 34
9. 6%, EN I 1 mloU $2 7+ T 2. 3, (R BLH v i 113

R10 BEREZEESF
Table 10 Module complexity analysis

T SH/M  FLOPs/G mloU/%
Fek 38.0 65.7 55.3
+FPA 38.2 66.4 55.8
+SDC 40.0 68.2 56.9
+MFAA 23 (large) 40.8 69.9 57.6
4 & it

AR SO — R S| 5 595 B J RGB-D &
P2, B TESR TH 2B RHIE XS 555 1 SRR fif
RIAINESBOCR SRG R A LR R |
S, B G | 5 R IE RO &% , PR THES 2 TR SR AY
— P R U AR I — R 5 | S 3h 54
RUBEHR , 1 Fil 7 2 18] 35 AU I ) ) B S B T e

R 2o RO REAE A I, A — i 22 RUBE Ml £ G
PHVE AL, DA 7 S 58 A ] ROBEREAE 2
[ A1E A2 B 5 2 R@iae ) . RS IEEZA
RGB-D \RGB-Lifi Lo #IE 464 I, fetl LIRS 4L
EAH TR EIVERE IR E RGB-D 3% H ARG
TSR S A BRI T Rz Lie S, oF
ALY, ST AR L, A SO IR AR G540 2
) 373 v B 48 SR R A, R 22 B2 JER AT I 24 1Y)
AlG SR B TR TR S 5 S
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