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Abstract: Objective Accurate and efficient disparity estimation is essential for three-dimensional scene understanding,
autonomous driving, robotic perception, and image-based reconstruction. Stereo matching estimates dense correspon-
dences between rectified left and right images, but reliable disparity estimation remains difficult when local appearance pro-
vides weak or ambiguous evidence. High-accuracy stereo networks often rely on high-dimensional cost volumes, computa=-
tionally intensive aggregation, or large recurrent states. These designs improve the representation of candidate matches but
also increase memory use and inference time. Compact stereo networks reduce computation by lowering feature dimension-
ality and simplifying cost aggregation. Excessive compression, however, can weaken the discrimination of similar disparity
hypotheses, especially in weakly textured regions, occlusions, and areas near object boundaries. Moreover, when an itera-
tive estimator repeatedly consults an unchanged matching representation, early disparity errors can affect later updates. To
balance estimation quality and computational efficiency, this paper proposes FLISNet, a fast iterative stereo matching net-
work with low-dimensional cost volume feedback correction. The method combines compact matching evidence, disparity-
guided recursive correction, and multi-scale structural compensation so that intermediate predictions can contribute to sub-
sequent cost refinement. Method FLISNet takes a rectified stereo pair as input and uses a shared MobileNetV2 backbone
with a U-Net-style reconstruction structure to extract multi-scale matching features. A separate context branch provides fea-
tures at full, half, and quarter input resolutions. The compact cost representation combines low-dimensional feature projec-
tion, channel weighting, and group-wise correlation. Specifically, the left and right matching features are projected into a
lower-dimensional space, and learnable channel-wise weights shared across spatial positions emphasize informative
responses before correlation is computed within feature groups. This procedure limits cost volume size while retaining dis-
criminative correspondence cues. Recursive feedback correction on the compact cost representation operates at one-quarter
of the input resolution. The initial disparity at this resolution is set to zero. A convolutional gated recurrent unit predicts
successive disparity residuals, and each intermediate estimate is encoded into a spatial feedback feature. A gate generated
from this feature modulates the low-dimensional cost responses through a residual connection. The updated cost responses
are then used for subsequent recurrent updates, allowing the current disparity estimate to influence the matching represen-
tation itself. The standard FLISNet performs eight feedback updates, while FLISNet+ performs eighteen updates for higher
accuracy. Following the final update, the gating features are resized to match the spatial resolutions of the structural com-
pensation stages. The network combines the final quarter-resolution disparity estimate with context and gating features,
then progressively restores details at one-quarter, one-half, and full resolution relative to the input image. Three output
stages are jointly supervised with loss weights of 0.5, 0.7, and 1. 0. This coarse-to-fine compensation process is designed
to improve local structures and disparity discontinuities without introducing a large cost volume. Result Experiments on
Scene Flow, KITTI 2012, KITTI 2015, ETH3D, and Middlebury examine matching accuracy, inference efficiency, and
performance across different scene types. On Scene Flow, the standard FLISNet achieves an endpoint error (EPE) of 0. 68
pixels with an inference time of 32 ms. CoEx obtains 0. 69 pixels and 33 ms in the same comparison. FLISNet+ reduces the
Scene Flow EPE to 0. 56 pixels with a runtime of 56 ms. This EPE is 5. 1% and 6. 7% lower than those of Fast-ACVNet+
and LightStereo, respectively, in the same comparison. Increasing the recursive update count from six to twenty reduces
EPE from 0. 73 to 0. 55 pixels, while inference time increases from 27 to 62 ms. The additional EPE reduction from eigh-
teen to twenty updates is only 0. O1 pixels, supporting eighteen updates as the accuracy-enhanced setting. On KITTI 2012,
FLISNet+ obtains a 3-all error of 1. 77% (all pixels with valid ground truth, 3-pixel threshold). Compared with the 2. 41%
reported for LBSM-L-Refine in the same table, this represents a relative reduction of 26.6%. On ETH3D, FLISNet+
achieves a Bad 2. 0 error of 0. 54%, the lowest among the methods listed in the comparison. In the zero-shot setting, the
standard FLISNet is trained only on Scene Flow and evaluated directly on KITTI 2012, KITTI 2015, and Middlebury. The
zero-shot comparison indicates that FLISNet can be applied to unseen datasets without target-domain fine-tuning and still
produce relatively stable disparity estimates. Ablation experiments evaluate the role of each component under the same
training and evaluation conditions. Replacing the compact cost representation with a standard correlation cost volume
increases Scene Flow EPE from 0. 68 to 0. 72 pixels. Replacing residual feedback modulation with a two-dimensional
lookup raises the EPE to 0. 74 pixels, while replacing multi-scale compensation with direct upsampling raises it to 0. 79

pixels. Using lower-resolution update scales increases the EPE to 0. 78 pixels and the inference time to 37 ms. Qualitative
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comparisons show clearer object boundaries and improved continuity in weakly textured regions. Inference times in this

study were measured on a single NVIDIA RTX 3090 GPU with batch size 1, 384 X 1248 inputs, and FP32 computation.

Each measured value is the average over 200 runs after 50 warm-up runs; runtimes quoted from original papers are marked

separately. Conclusion FLISNet combines low-dimensional matching features with disparity-guided residual modulation

and multi-scale structural compensation. The experiments show that the standard configuration maintains competitive dis-

parity accuracy with modest inference time, while increasing the update count improves accuracy when a higher runtime is

acceptable. The ablation results support the contributions of compact cost representation, feedback correction, and coarse-

to-fine compensation. Future work will investigate model compression, knowledge distillation, and low-cost feature adapta-

tion, along with adaptive matching methods for visually degraded environments.

Key words: stereo matching; lightweight network ; low-dimensional cost volume; iterative optimization; disparity refine-

ment
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Table 1 Effect of Feedback Recursive Correction Itera-

tions

BIEXRE 6 8 10 12 16 18 20

EPE(px) 0.73 0.68 0.65 0.61 0.59 0.56 0.55

FEHF(ms) 27 32 37 42 49 56 62

Wit 126 11 B B YO N, B A AE Scene Flow 244
£ L EPE BRSPS kRS 6 k1Y
JNZ 120, EPE M 0. 73 pxFE % 0. 61 px, 122 R
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BENARIE FLISNet (14 BRINAC E , HEF EPE 4 0. 68 px .
HEBRFERT N 32 mso Hf T=18 &N FLISNet+ K i 4
SRICE , I EPE #F— 2 % % 0. 56 px, 1M 48223 0
20 RAH A 0. 01 px IYESPE . UL, T=8 5T
=18 43 1| XoF 7 365 g S A JEE 34 5 %) 7 o .

2.5 HRERSCIE

MG IE FLISNet 4% 56 B 8T 000 22 A6 kG 12
FHEFRBCR A8, AR SCEEAR R0 AT 45 1
PEAT T Rl 525 . 58 & FLISNet 1R hy R AR AU |, H: b
JEAREN 0. 68px, HEHRAEMT Jy 32ms. S2H 43 14 5%
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EPE 1 0. 68px 1 2 0. 72px , ¢ B %38 AH AL 14 AL
SRIFAR T (3 PR (DT FC R B RE JIAS 2 o B B st )
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32 FLISNet XEIEHIH BRI
Table 2 Ablation Study on Key Modules of FLISNet

Bl 41tk B E AR Ui AR 25 EPE A2k JREFEFERS (ms) B Ak
A RAL SEEE M R E R LR EPRAW/INEN 0.68—0.72 3230
HIABIE 5% 2 8 ) S TR 0.68—0.74 3234
St EME: 2 R S5 F M= HA% FoREE 0.68—0.79 3230
R [1/4,1/2,1] [1/16,1/8,1/4] 0.68—0.78 3237

R 22 B BBk G B v AR 1 AR A
R AEH R A A A i SR, A SOk — AP T iR
A R E 20 . — B B Pt 44 F bR 2 40 ) 5 5K
BRI 2, v e 28 W B L 3R 0 1 o R
L L Wy = 1.0, I 2o 18 5 i PR I B A
W, W, A () M0 0 B s mie) o S 6 P A ) 285
S5k IR AR 7 2 R DL R A 2Rk E
AR ALVHEE{ W, W,, Wy}, IFTE Scene Flow £#i54E I
HATIPAG

®3 SHRB\ANEHBMEIR

Table 3 Sensitivity Analysis of Multi-stage Loss Weights

Sy W, W, W, EPE(px)
A 1.0 1.0 1.0 0.75
B 0.3 0.5 1.0 0.70
C 0.5 0.7 1.0 0.68
D 0.7 0.9 1.0 0.71

H1 2% 3 7] DL, O[] 22 B B4t 2 A 1 2 X A0
ZAGTERG B AR — e, A 4R AR
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A — BRI . ML Z R A SCH Y FLIS- %4 Scene Flow HBEELKER
Net 75 32 ms H#E FH£E i} B o. 68px 1 EPE, A1 Lt Table 4 Experimental Results on the Scene Flow Dataset
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HE— 4, FLISNet+# EPE [#IE 2 0. 56px, Bt5 DeepPrunerfast(Duggel %,2019) 01 o
R4 5, K I Fast-ACVNet+ il LightStereo, AANet(XuHl Zhang,2020) - 0.87 o
PR 2 4% ) B A 20 5. 1% F1 6. 7%, Al H LBSM-L- BONet(Xu%.,2021) 117 287
Refine, 15 2 M (.21 34. 9%,  F 4R FLISNet+ (1) i 5 Colix(Hong %.2021) 069 33
FEIF 0 2 S6ms, {H 5 % F DeepPrunerFast fil Fast=ACYNetlXu 5.2024) 0.64 39+
AANet, JEIEAS T S B IO MR e, gy, Tt ACYNer XU 2024 0 4
FLISNet bRl A {5 R AIHEFILAEIS 2 ) 504% T 4 B
ST 1, T FILISN b+ 400 S 0 — HESNLV2026) 0o
BTV T VCRUREE 8 A B TRk g SV eV 2020 080 8
45 FLISNet(Ours) 0.68 30%

25 S T A SO DA R 1 57 R VE TS )y FLISN et Ours) 056 &

T L R RIZ PR I FOR A S e L AR A 5 =

R R ST AR DU TR J7 B AF KITTI 2012 5 KITTI 2015
TRASTICLE RTX 3090 5 523 “ 47 37 JFa8 S 8 b

oS LA LA R o T LUE Y, mikG B TT IR AT

(b)COEX (a)Left Image

(c)Fast-ACVNet+

(d)Ours+

(e)Ours

l .
((a)Left Image; (b)COEX; (¢)Fast-ACVNet+; (d)Ours+; (e)Ours)

3 KITTI 2012 $cdif A nT B ARSs R
Fig. 3  Visualization Results on the KITTI 2012 Dataset
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%5 KITTI2012 5 KITTI2015 SR 45 R 3tk
Table S Comparison of Experimental Results on KITTI 2012 and KITTI 2015

KITTI 2012 KITTI 2015
Al WiRES Runtime (ms)
3-no¢. 3=all  4-noc  4-all DI-bg Dl-fg  Dl-all
GCNet(Kendall %¢,2017) 1.77 2.30 1.36 1.77 2.21 6.16 2.87 9007}
PSMNet(Chang F1 Chen,2018) 1.49 1.89 1.12 1.42 1.86 4.62 2.32 310*
GweNet(Guo 55,2019) 1.32 1.70 0.99 1.27 1.74 3.93 2.11 180*
. GANet(Zhang 5%,2019) 1.19 1.60 0.91 1.23 1.48 3.46 1.81 1807
i CFNet(Shen 5%,2021) 1.23 1.58 0.92 1.18 1.54 3.56 1.88 1807
RAFT-Stereo(Lipson 5%,2021) - S - - 1.75 2.89 1.96 380%*
LEAStereo(Cheng 2,2020) 113 145 083 108 140 291 165 3001
ACVNet(Xu %,2022) 113 147 086 L12 137 307 165 200%
DispNetC(Mayer %5,2016) 4.11 4.65 2.77 3.20 4.32 4.41 4.34 607
DeepPrunerFast(Duggal 2£,2019) - - - - 232 391 259 50%
AANet(Xu 1 Zhang,2020) 1.91 2.42 1.46 1.87 1.99 5.39 2.55 62%*
DecNet(Yao %,2021) - - - - 2.07 3.87 2.37 507
BGNet(Xu%F,2021) 1.77 2.15 - - 2.07 4.74 2.51 28%
BGNet+(Xu%#,2021) 1.62 2.03 1.16 1.48 1.81 4.09 2.19 35%
CoEx(Hong %,2021) 1.55 1.93 1.15 1.42 1.79 3.82 2.13 33*
e HITNet(Tankovich Z£,2021) 141 189 114 153 174 320 198 54+
Fast—=ACVNet(Xu %%,2024) 1.68 2.13 1.23 1.56 1.82 3.93 2.17 39%
Fast—ACVNet+(Xu %#,2024) 1.45 1.85 1.06 1.36 1.70 3.53 2.01 45°%
LightStereo( Guio 2.2025) 139 182 102 133 164 301 189 48+
LBSM-T(Wu %,2026) 221 277 - - \ - 281 14+
LBSM-L-Refine(Wu 5%,2026) 1.90 2.41 - - - - 2.52 23%
FLISNet(Ours) 1.65 2.16 1.17 1.55 1.96 3.42 2.20 32%
FLISNet+(Ours+) 1.36 1.77 0.99 1.30 1.69 2.73 1.86 56%

T AR 7 TR BE D R T TR EA T o3 A o IR R R AR B R 44 A B G R AT

DA TESE — RTX 309015 1 S A BRI 1] o 47 SRR I8 SR & A4 BRI 18] o =" 37 BB SUR SR AASCE R
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(a)Left Image

(c)Fast-ACVNet+  (b)COEX

(d)Ours+

(e)Ours

((a)Left Image; (b)COEX; (¢)Fast-ACVNet+; (d)Ours+; (e)Ours)
B4 KITTI2015 #dla e by ml #fbss =
Fig. 4 Visualization Results on the KITTI 2015 Dataset

#®6 ETH3D HiEEXHLER
Table 6 Experimental Results on the ETH3D Dataset

Trik Bad 1.0(%)  Bad 2.0(%)
PSMNet(Chang I Chen,2018) 5.02 1.09
GANet(Zhang %5 ,2019) 6.56 1.10
CFNet(Shen % ,2021) 3.31 0.77
HITNet(Tankovich % ,2021) 2.79 0.80
ACVNet(Xu %,2022) 2.58 0.57
FLISNet+(Ours+) 3.18 0.54

TE < OHL R RIZ 7R 3 2R g S L RS AR
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(a)Left Image

(b)HITNet

(c)LightStereo

(d)Ours+

(.

((a)Left Image; (b)HITNet; (¢) LightStereo; (d)Ours+)

K5 ETH3D e nf dLAas 1
Fig. 5 Visualization Results on the ETH3D Dataset

%7 KITTI 2012, KITTI 2015 5 Middlebury ##E & F B H AR ZH KH
Table 7 Zero—Shot Generalization Experiments on the KITTI 2012, KITTI 2015, and Middlebury Datasets

PSMNet(Chang Fil Chen,2018)
DeepPrunerFast(Duggal 25,2019)
BGNet(Xu%,2021)
CoEx(Hong %,2021)
Fast-ACVNel(Xu %§,2024)

i KITTI2012 D1-all(%) KITTI2015 D1-all(%)  Middlebury Bad 2.0(%)
15.1 16.3 30.25
16.8 15.9 30.83
24.8 20.1 37.00
13.5 11.6 25.51
11.7 10.2 19.68

FLISNet(Ours)

TE IR R RIZ TR R 25 5 BRIt A4 2R
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