ZHUANG, YANG, PAN : ASYMMETRIC EVENT-IMAGE STEREO 1

Asymmetric Event-Image Stereo with
Temporal Feature Gating and lterative
Structure-Detail Refinement

Hao Zhuang' School of Computer Science and

haozhuang@bit.edu.cn Technology

Yan Yang? Beijing Institute of Technology

yan.yang@anu.edu.au Beijing, China

Liyuan Pan ' 2 Australian National University

liyuan.pan@bit.edu.cn Canberra, ACT, Australia
Abstract

This paper studies disparity estimation using asymmetric stereo inputs, combining
event streams and conventional frame-based images. Past works directly calculate the
similarity between features from the two modalities for making predictions, neglecting
the inherent domain shift between them. First, event data are both temporally and spa-
tially aware, while a frame is spatially aware. Second, event data are well-suited for
capturing scene structure, whereas frame-based images excel at preserving fine-grained
local visual details. To address these challenges, our method introduces two key compo-
nents: (1) We enhance frame features by gating them with temporal cues extracted from
consecutive frames, which improves their temporal awareness for more accurate simi-
larity computation. (2) We perform disparity estimation using an iterative refinement
scheme that alternates between updating structure and local features. This process starts
with reliable structure features and progressively refining the disparity prediction by in-
tegrating fine detail. Extensive experiments on the MVSEC and DSEC datasets show
that our method significantly outperforms prior state-of-the-art approaches.

1 Introduction

Event cameras asynchronously detect pixel-level intensity changes by recording the pixel lo-
cation, polarity (direction of change), and timestamp. They offer a high dynamic range and
microsecond-level temporal resolution, making them effective in latency-sensitive or chal-
lenging lighting conditions [25, 26, 40]. Howeyver, events are typically concentrated along
object edges in time, leading to spatial sparsity [9, 12]. In contrast, traditional frame-based
cameras produce dense intensity images that are rich in visual detail, but they suffer from
limitations such as motion blur, saturation, and poor performance in low-light environments.
To exploit the complementary advantages of both modalities, researchers have developed hy-
brid stereo asymmetric frame-event (SAFE) vision systems, which integrate data from both
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sensor types and have shown promise in disparity estimation [4, 30, 35, 41]. This paper
studies the SAFE for disparity estimation.

Existing stereo systems are commonly based on RAFT-Stereo [20], where a cost volume
is calculated by measuring the similarities between event- and frame-based inputs. Disparity
estimates are then progressively refined through iterative updates, with local costs retrieved
based on the current disparity prediction. Some SAFE methods further exploit the high tem-
poral resolution of event data to enhance event feature representations, thereby improving the
cost volume. Meanwhile, due to the spatial sparsity, the resulting disparity predictions can
also be spatially sparse. To address this, other works have attempted to refine the predictions
by applying depth completion techniques, filling in missing or unreliable regions. However,
none of these approaches explicitly address the domain shift between the two modalities:
event data, which are spatio-temporal and dominated by structural edges, and frame data,
which are spatial and rich in local visual detail. This mismatch degrade feature similarity
between the two modalities for the cost volume, and limit the disparity estimation.

In this paper, motivated by the observation that structure information is relatively easier
to capture from frames, which could be well aligned with event data, we propose a SAFE-
based method for disparity estimation that iteratively refines local detail predictions based
on a reliable structure information. Our method follows the prior work [20], but overcomes
the domain shift limitation with two key components. To improve the alignment between
event and frame features for cost volume computation, we enhance frame features by gating
them with temporal cues extracted from consecutive frames, which improves their temporal
awareness for more accurate similarity computation.

Using the improved frame features along with event features, we compute a cost vol-
ume and perform iterative disparity estimation. In each iteration, we retrieve a local cost
volume based on the previous disparity estimate and use it to predict structure-aware dispar-
ity features. Meanwhile, we apply cross-attention between the previous disparity prediction
and the local cost volume to refine the disparity features with fine-grained local detail. The
structure-aware features and detail-improved features are then used to produce an updated
disparity prediction. This iterative process continues, progressively improving both structure
consistency and local accuracy in the disparity estimation. Our contributions are:

* We propose a novel SAFE framework to address the domain shift between event and
frame modalities in disparity estimation.

* We improve the alignment between event and frame features by improving the tempo-
ral representation of frame, and introduce a method that jointly refines structural and
local details of disparity estimation.

» Extensive experiments on the MVSEC and DSEC datasets demonstrate that our method
significantly outperforms prior state-of-the-art approaches.

2 Related Work

2.1 Single-Modality Stereo Matching

Image-Based Stereo. Image-based stereo matching is a fundamental task in computer vi-
sion. Recent advances in deep learning [34, 37] have significantly improved stereo matching
performance, with existing methods generally categorized into three main types: aggregation-
based approaches, iterative-based methods, and transformer-based methods. Aggregation-
based methods such as AANet [33] utilize adaptive aggregation and deformable convolutions
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for efficient matching, while PSMNet [3] introduces spatial pyramid pooling combined with
3D hourglass networks to effectively capture contextual information. GWC-Net [14] fur-
ther enhances matching accuracy by employing group-wise correlation strategies. Iterative-
based methods, notably RAFT-Stereo [20], employ multi-scale correlation volumes and re-
current refinement modules for precise disparity estimation, and SStereo [29] introduces a
novel update operator that adaptively fuses multi-frequency disparity information to pre-
serve both structural detail and global consistency. Transformer-based methods, exempli-
fied by STTR [19], reformulate stereo matching as a sequence-to-sequence correspondence
problem, eliminating the need for cost volume construction. These approaches collectively
demonstrate superior accuracy and robustness across various stereo matching benchmarks.

Event-Based Stereo. Although frame-based methods achieve high accuracy under ideal
conditions, they often fail in extreme scenarios such as high dynamic range or motion blur.
Recent methods address these challenges by aligning event streams with image-based stereo
through frame-like representations [40]. Early work such as DDES [27] introduced learning-
based embeddings using fully connected layers. To handle spatially uneven event densities,
Se-cff [23] proposed multi-density stacked representations. DTC-SPADE [36] further inte-
grated discrete-time convolution modules within a spatio-temporal recurrent structure. More
recently, StereoFlow-Net [7] utilized flow-based temporal aggregation to enhance consis-
tency in disparity estimation. However, the inherent sparsity of events still poses challenges
for extracting fine-grained structural details.

2.2 Multi-Modality Stereo Matching

Cross-Modal Symmetric Stereo. Cross-modal symmetric stereo systems are designed
with heterogeneous sensors mounted symmetrically on both sides. EIS [22] initiated research
in this direction by developing a recurrent recycling structure [8] that transforms event stacks
and grayscale frames into blur-free representations. Subsequently, SMC-Net [5] further re-
fined event-image fusion by introducing an attention-based fusion module [28], adaptively
integrating event and image features according to their spatial relevance. More recently,
SCS-Net [6] advanced beyond previous methods by designing a differentiable event selec-
tion network, explicitly extracting relevant event features and effectively combining them
with images via a neighbor cross-similarity feature (NCSF) module. These systems demon-
strate superior performance in modality-specific scenarios.

Asymmetric Stereo. Unlike symmetric stereo setups, asymmetric systems combine dif-
ferent modalities on only one side of the stereo pair. The primary challenge lies in es-
tablishing direct pixel-wise correspondence across modalities. Prior methods address this
either by directly transforming modalities or by mapping them into a unified intermediate
representation. In the first category, SSIE-Stereo [13] reconstructs event data into intensity-
like frames for stereo matching. The second category unifies modalities either spatially
or temporally. Spatially-unified methods like DCNet [30] compute sparse disparities by
correlating edge maps from event and intensity data. Temporally-unified methods, such
as ZiE-Stereo [21], leverage visual prompting to produce aligned intermediate representa-
tions, while AFES-dc [4] employs camera pose estimation for improved temporal alignment.
Sparse disparity estimates are further refined into dense depth maps using various strategies:
direct CNN-based mappings (e.g., HDES [41]), explicit depth completion (e.g., DCNet [30]),
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and cost-volume-based aggregation (e.g., SSIE-Stereo [13], ZiE-Stereo [21], AFES-dc [4]).
Transformer-based approaches such as TDANet [35] forgo explicit cost-volume construc-
tion, instead directly establishing dense correspondences through transformer modules.

3 Methodology
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Figure 1: Overview of the proposed framework. We first extract event features Z,F from the
stacks of event frames F;, and the corresponding aligned frame features Z! from consecutive
frames I, and I;_;. A cost volume C is then calculated between Z,F and Z,I to iteratively
predict disparity D over L stages. In each iteration, 1 <1 < L, we retrieve a local cost patch
O; based on the previous disparity D;_;, and together with the context features compute
the structure-aware disparity features S; and fine-grained disparity features G;, which are
concatenated and fed into the ConvGRU update operator to update the hidden state H; and
predict the disparity estimate D;.

Overview. Given an event sequence {e,}_, and a frame sequence {I,}’_, from a stereo
setup, our goal is to estimate a disparity map D corresponding to frame I;, where D represents
the pixel-wise horizontal displacement between the event and frame, N is the number of
events, and T is the total number of time steps. Each event e, = (u;,m;, p;) records the
timestamp m;, pixel location w; = (x;,y;), and polarity p; indicating the sign of brightness
change. To predict the disparity, we select a window of events that occur up to the timestamp
of frame I;, and convert this subset into stacks of event frames F, to extract features Z,F.
Meanwhile, the aligned frame features ZlI are extracted from the frame I; along with a nearby
frame I;_;. We then calculate a cost volume C between them. By initializing disparity
estimation Dy with zeros, we perform L iterative updates. In each iteration /, we retrieve a
local cost patch O; based on D;_; and compute the structure-aware disparity features S; and
fine-grained disparity features G; to refine D;_; in D;. The final disparity map Dy is our
output. An overview is in Fig. 1.

3.1 Network

Feature Extraction. We follow [23] to extract the event features ZtF from stacks of event
frames F, with a ResNet encoder resnet(-) [15],

ZF = resnet (FFN“(F,)) . (1

To improve the alignment between event and frame features for cost volume computation,
we enhance frame features by gating them with temporal cues extracted from consecutive
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frames, which improves their temporal awareness for more accurate similarity computation.
In a short-term temporal window around the current frame, brightness change can be esti-
mated from spatial gradients and image-plane motion [10]. To capture such short-term cues,
we compute frame features Z!"S using a feedforward convolutional network FFN* (-),

275 = FFN"(1,,1,_,) = resnet (Edge(L,) - FFN"" (I, 1,_1)) )

where Edge(-) applies a Sobel operator to extract spatial gradients from the current frame,
and FFN™'(-) adopts a lightweight U-Net-like structure to capture motion-aware features.
The dot product encodes the edge-induced event generation mechanism, in which motion
across intensity gradients triggers brightness change. Conversely, across the temporal inter-
val between consecutive frames, the brightness change is modeled by intensity difference.
Accordingly, we apply a log brightness difference (LBD) operator [21] to extract long-term
temporal cues, which are then encoded into frame features Z!"" using a feedforward convo-
lutional network FFN"(-),

Z;" = FFN"(L,,1,_y) = resnet (LBD (L, I,_1)), @

where LBD(-) denotes the pixel-wise log intensity difference between consecutive frames.
Finally, the short-term and long-term frame features are adaptively fused via a temporal
gating module FFN3(-) to produce the final temporally aligned frame representation Z},

Z} = FFN*“ (273, Zi") . (4)

This design enables the model to integrate motion-sensitive and temporally discriminative
signals across different time scales, enhancing its ability to align with the event domain.
Cost Volume Calculation. We calculate the cost volume C by measuring the similarity
between the event features ZF and the frame features Z!. For each pixel (i, ) in ZF, we
evaluate the similarity between its feature and features at different horizontal disparities d in
Z!,i.e., at position (i —d, j). The similarity is stored in the cost volume at position C(i, j,d),
C(l,],d) — ZtF(laJ)TZtI(l_daJ) , (5)

const

where const is a normalization factor for numerical stability, usually set to the square root of
the feature dimension [20].

Disparity Prediction. We perform L iterative updates starting from an initial disparity es-
timation Dy (initialized as zeros) to arrive at the final disparity prediction Dy. To provide
global priors for the update process, we employ a context encoder to extract context features
from I;. In each update step I/, we retrieve local cost O; from the cost volume C based on the
disparity estimation D;_; [32]. As the cost from event features and aligned frame features
is more reliable in sparse edge regions, we use O; as structural guidance and project it to
the structure disparity features S; with a feedforward network FFN*'(-) composed of two
convolutional layers,

Si=FFN"(0y) . (6)

To calculate fine-grained local detail disparity features Gy, the previous disparity estimate
D;_; is first transformed by a feedforward network FFN?(-) with two convolutional lay-
ers, and then used as the query in a cross-attention CrossAftn(-,-) with structural disparity
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features S;. The output of the cross-attention is combined with the transformed disparity em-
bedding through a residual addition, forming the final G;. This operation allows the model
to selectively attend to informative regions within the local cost, and get refined disparity
features G; with local details,

G, = FFN“(D;_}) + CrossAttn(FFN%(D;_1),S;). (7)

Finally, we use the update operator from [20], implemented as a ConvGRU, concatenates
the context features with the structure-aware features S; and the detail-enhanced features Gy,
updates the hidden state H;, and uses it to predict the disparity estimate D;. Since feature
extraction is performed at 1/4 resolution, we predict the disparity field at 1/4 of the input
resolution and recover the full-resolution map using the convex upsampling method [20].

3.2 Loss

To train our model, we employ an ¢ loss that measures the deviation between the predicted
disparity maps {D;}IL=1 and the ground truth disparity D$’. We progressively assign greater
importance to later-stage predictions by applying an exponential decay weighting [32]. The
final training loss is defined as:

£=Y 25" (D, —D#), (8)

L
=1

where A is an exponential decay factor that down-weights earlier predictions.

MDE [cm] | MJdDE [cm] | MDispE [pix] |  IPA [%] 1
Split1 Split3 Split1 Split3 Split1 Split3 Split1 Split3

EIS [22] 13.7 22.4 - - - - 89.0 88.1
2E+2F SMC-Net [5] 11.2 14.5 4.5 6.3 0.37 0.52 943 92.0
EGEI-Net [38] 9.7 11.1 39 4.7 0.35 0.38 95.1 934

Modality Method

Ours 10.1 11.3 39 4.5 035 038 949 934

PSMNet [3] 15.9 18.3 8.0 102 057 068 88.6  83.1

2F GWC-Net [14] 15.0 17.4 7.5 9.3 053 064 899 858
SStereo [29] 14.0 16.4 6.4 7.8 048 056 915 885

DDES [27] 16.7 278 6.8 147 059 094 898 748

IR EITNet [1] 14.2 19.4 5.9 104 055 075 921 89.6
DTC-SPADE [36]  13.5 17.1 52 79 046 060 930 89.7
StereoFlow-Net* [7] 13.0  15.0 5.0 5.8 046 049 929 926

HDES [41] 16.0 18.0 - - - - 86.4  80.1

1E+1F DCNet [30] 16.9 17.8 7.0 8.6 066 075 850 833

TDANet [35] 15.8 19.7 - - 075 0.87  88.1 774
Ours* 12.1 14.2 4.8 5.8 041 054 941 914

Table 1: Comparison of our method with SOTA disparity estimation methods on the MVSEC
dataset [39], where methods marked with * utilize temporal information. The Methods are
categorized by input modality configuration. Bold indicates the best, and underlined indi-
cates the second-best.
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4 Experiments

4.1 Experiment Setup

Dataset. We evaluate our method on the two established and appropriate benchmarks for
asymmetric stereo vision: MVSEC [39] and DSEC [11], following established protocols to
ensure a fair comparison with previous works. For the MVSEC dataset, we focus on the
Indoor Flying scenes, which provide event streams from calibrated stereo event cameras
with a resolution of 346x260. We follow [7, 27, 36], to evaluate on two different train-
test splits. For the DSEC dataset', we adhere to the official training and testing splits [11].
DSEC consists of 53 outdoor driving scenes captured by a sensor suite including stereo event
cameras with a resolution of 640x480, standard RGB cameras, and a LiDAR system.
Evaluation Metric. For the MVSEC dataset[39], we use the evaluation metrics: mean
depth error (MDE), median depth error (MdDE), mean disparity error (MDispE), and 1-pixel
accuracy (1PA) [7, 27, 36]. To assess performance on the DSEC dataset [11], we use root
mean squared error (MSE) , mean absolute error (MAE), 1-pixel error (1PE), and 2-pixel
error (2PE) [7, 23, 27].

Implementation Details. We implement the proposed method using the PyTorch framework
and train it on RTX4090 GPUs. All models are trained for 100 epochs using the Adam
optimizer with a weight decay le-4. We use a One-Cycle learning rate scheduler with a peak
learning rate of 0.0004. A batch size of 8 is used for both the MVSEC and DSEC datasets.
For all experiments, we perform 12 update iterations during both training and inference. To
account for disparity variations, we set the maximum disparity to 96 for MVSEC and 192
for DSEC.

Comparison Methods. We explore state-of-the-art disparity estimation approaches with
three modality settings: 1E+1F (one event and one frame camera) [30], 2E (two event cam-
eras) [27], 2F(two frame cameras) [14] and 2E+2F (two event and two frame cameras) [22].

4.2 Results

Quantitative Results. Tab. 1 and Tab. 2 summarize the performance of our method and
other state-of-the-art disparity estimation approaches on the MVSEC and DSEC datasets.
On the two dataset, our method outperforms all existing ‘1E+1F’ state-of-the-art methods,
except for a marginal 0.005 decrement in 2-pixel error compared to AFES-dc [7] on the
DSEC dataset. Furthermore, we surpass all ‘2E’ and ‘2F’ methods, and achieves perfor-
mance comparable to the state-of-the-art ‘2E+2F’ EGEI-Net [38] on the MVSEC dataset.
Qualitative Results. In Fig. 2 and Fig. 3, we qualitatively evaluate the proposed method
against several state-of-the-art approaches on the MVSEC and DSEC datasets, respectively.
Our method demonstrates best disparity estimation performance, particularly in preserving
structural integrity and fine local details. For example, in Fig. 2, our method is the only one
capable of capturing the fine-grained details of the small chair positioned behind the garbage
bin.

4.3 Ablation Study

We conduct an ablation study on the MVSEC dataset [39] to assess the contribution of each
component in our method.

Thttps://dsec.ifi.uzh.ch/
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(a) Frame (b) Ground Truth (c) DCNet (d) DCT-SPADE (e) StereoFlow-Net (f) Ours
Figure 2: Qualitative comparison on MVSEC dataset. From left to right, we show the
(a) frame, (b) ground truth disparity, (c) prediction of DCNet [30], (d) prediction of DCT-
SPADE [36], (e) prediction of StereoFlow-Net [7] and (f) prediction of Ours.

Modality Method MAE | 1PE | 2PE | RMSE |
YE4+2F EIS [22] 0.396 5.814 1.055 0.906
SCSNet [6] 0.387 5.673 0.992 0.852
DDES [27] 0.576 10.915 2.905 1.381
EIS-E [22] 0.529 9.958 2.645 1.222
JE DTC-SPADE [36] 0.527 9.277 2.416 1.291
Se-cff [23] 0.519 9.583 2.620 1.231
StereoFlow-Net* [7] 0.493 8.662 2.259 1.172
MGC-Net [16] 0.514 9.625 2.512 1.187
HDES [41] 0.698 19.020 4.970 1.307
1E+1F DCNet [30] 0.587 13.050 2.850 1.193
AFES-dc* [4] 0.543 10.970 2.230 1.175
Ours* 0.488 8.881 2.335 1.168

Table 2: Comparison of our method with SOTA disparity estimation methods on the DSEC
dataset [11], where methods marked with * utilize temporal information. The Methods are
categorized by input modality configuration. Bold indicates the best, and underined indicates
the second-best.
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(a) Frame (b) Se-cff (c) MGC-Net (d) StereoFlow-Net (e) Ours
Figure 3: Qualitative comparison on DSEC dataset. From left to right, we show the (a) frame,
(b) prediction of Se-cff [23], (c) prediction of MGC-Net [16], (d) prediction of StereoFlow-
Net [7], and (e) prediction of Ours.

Effectiveness of the Proposed Modules. We evaluate the impact of the event-aligned frame
encoder and the structure-detail refinement module in Tab. 4. Our RAFT-Stereo baseline
[20] for asymmetric stereo matching utilizes two independent feature extractors with the
same architecture to extract features from frame and event data separately. The results show
that the full model, which incorporates all these features, achieves the best overall perfor-
mance. Moreover, our ablation studies against the baseline further underscore the crucial
role of temporal cues from consecutive frames.

Generalization to Existing Frameworks. We evaluate the effectiveness of our proposed
event-aligned frame encoder in Tab. 5 and the structure-detail refinement module in Tab. 6,
by integrating them into existing stereo matching frameworks. In Tab. 5, we fix the refine-
ment strategy and explore different cross-modal alignment schemes, including E2VID [24],
DCNet [30], and ZiE-Stereo [21]. In Tab. 6, we fix the alignment module and instead
explore different refinement strategies, including GWC-Net [14], SStereo [29], and EGEI-
Net [38]. In addition, Tab. 7 compares different feature extraction modules, including
LinAttn [17], DefAttn [31], and our ResNet-based encoder, while Tab. 8 shows the gen-
eralization performance on the M3ED [2] dataset, comparing HSM [18], TDANet [35], and
our proposed method. In all cases, the inclusion of our modules leads to consistent perfor-
mance improvements, demonstrating the generalizability and effectiveness of our method
across different architectures.

Discussion. To show the performance of our method in capturing structural and fine-grained
local details, we employ the Sobel operator to segment the frame for edge detection. We then
compare our method with other ‘1E+1F* and ‘2E’ approaches in terms of structural accuracy
and local detail preservation in Table 3. Our method significantly outperforms DCNet [30],
and has a 3.16% improvement compared to StereoFlow-Net [7].
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Method Edge Region Non-Edge Region
MDE | MdDE | MDispE| 1PA1+ MDE| MdDE | MDispE | 1PA 1
DCNet [30] 19.7 7.5 0.60 86.3 17.2 7.8 0.63 87.7
DTC-SPADE [36] 17.7 6.7 0.56 90.1 14.5 6.8 0.56 91.2
StereoFlow-Net [7] 16.6 6.0 0.50 914 13.1 5.6 0.48 92.9
Ours 15.9 5.5 0.49 91.3 12.6 5.2 0.47 92.5

Table 3: Performance comparison on the MVSEC dataset [39]. For each sample, we divide
it into edge and non-edge regions by using the Sobel filter. Bold denotes the best, and
underlined the second-best performance.

Baseline V738 73 7! S, G, MDE | MdDE | MDispE | 1PA 1

v 16.5 8.0 0.61 87.4

v v 15.7 7.3 0.60 88.5

v v v 14.4 6.2 0.56 89.7

v v v v 14.0 59 0.53 90.5

v v v v v 13.7 5.7 0.51 91.3

v v v v v v 134 54 0.49 92.5
Table 4: Ablation studies of the proposed modules.

Method ~ MDE | MdDE | MDispE | 1PA + Method ~ MDE | MdDE | MDispE | 1PA 1
E2VID [24] 18.2 9.5 0.81 81.7 GWC-Net [14] 14.7 6.1 0.57 89.6
DCNet [30] 160 8.0 0.71 85.7 SStereo [29]  14.1 5.5 0.53 90.2

ZiE-Stereo [21] 15.4 6.8 0.63 88.1 EGEI-Net [38] 14.5 5.8 0.56 90.8

Ours 14.0 5.9 0.53 90.1 Ours 134 54 0.49 92.5
Table 5: Ablation studies of the event- Table 6: Ablation studies of the refinement
intensity alignment module. modules.

Method ~ MDE | MdDE | MDispE | 1PA + Method MAE | RMSE | 2PE| 3PE|
LinAttn [17] 18.0 8.5 0.67 86.9 HSM [18] 12.39  14.27 92.58  90.87
DefAttn [31] 16.5 8.4 0.63 87.1 TDANet [35] 20.07 22.19 9547 93.12

Ours 16.5 8.0 0.61 87.4 Ours 924 1594 78.74  66.32

Table 7: Ablation studies of the feature ex-  Table 8: Ablation studies of the generaliza-
traction modules. tion performance on the M3ED dataset [2].

5 Conclusions

In this paper, we study disparity estimation from asymmetric stereo by exploiting the com-
plementarity of event and frame data. Recognizing the inherent domain shift between these
two modalities, first, we enhance the temporal awareness of frame features by incorporating
temporal cues extracted from consecutive frames, making them more compatible with the
temporally rich event data. Second, noting the spatial sparsity of event data often leads to bad
disparity predictions in fine-grained details, we introduce an iterative refinement scheme that
alternates between estimating structural information and fine-grained local details. Extensive
experiments on the MVSEC and DSEC datasets demonstrate that our method significantly
outperforms state-of-the-art approaches.
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China under grant No. 62302045, and the Beijing Institute of Technology Special-Zone.
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