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Abstract

Our supplementary material has three sections. Section 1
shows the detailed architecture of each module in our pro-
posed method and provides hyperparameters of each scale
of PVTv1 and PVTv2. Section 2 contains the experimen-
tal setup, including datasets, implementation details, and
evaluation metrics. Additional analysis is detailed in Sec-
tion 3, together with quantitative and qualitative results of
each dataset. In addition, we provide images and videos as
a demo of deploying our method on a real robot.

1. Network architecture
In this section, we show the detailed architecture of the Fea-
ture Extraction Module in our encoder and the Feature Pars-
ing Module in our decoder in Figure 1.

The hyperparameters of backbones in our models are
listed as follows:
• Si: stride of overlapping patch embedding in Stage i;
• Ci: channel number of output of Stage i;
• Li: number of encoder layers in Stage i;
• Ri: reduction ratio of SRA layer in Stage i;
• Pi: patch size of Stage i;
• Ni: head number of Efficient Self-Attention in Stage i;
• Ei: expansion ratio of Feed-Forward layer [49] in Stage
i;
In addition, we describe a series of PVTv1 [51] back-

bones with different scales (Tiny, Small, Medium, and
Large) in Table 1 and a series of PVTv2 [52] backbones
with different scales (B1 to B5) in Table 2.

2. Experimental Setups
2.1. Datasets
We comprehensively evaluated our proposed method on di-
verse datasets to demonstrate its exceptional performance
and versatility. These datasets encompass a broad spectrum
of segmentation tasks such as Glass (Transparent) datasets
(Trans10k-v2 [60], RGBP-Glass [37], and GSD-S [28]),

Mirror (Reflection) datasets (MSD [65], PMD [26], and
RGBD-Mirror [36]), and generic datasets, which consists
of both glass and mirror objects (TROSD [46], and Stan-
ford2D3D [1]), ranging from binary to semantic segmen-
tation, with a particular focus on images featuring reflec-
tive, transparent, or both characteristics. Our evaluation
also considers the varied positions and fields of view (FOV)
of objects within the images. Objects of interest may ap-
pear near or far from the camera’s perspective, positioned
randomly or at the center of the frame, providing a rich and
realistic testing environment. Furthermore, the datasets we
utilized are substantial in size, ensuring coverage of a broad
range of environmental and scenario complexities. This en-
compasses indoor and outdoor scenarios, varying lighting
conditions, diverse object scales, different viewpoints, and
levels of occlusion. Our extensive evaluation showcases the
robustness and adaptability of our method across a wide ar-
ray of real-world conditions. Details of each dataset are
shown in Table 3.

2.2. Implementation Details
We implemented our method in PyTorch 1.8.0 and CUDA
11.2. We adopted AdamW optimizer [33] where the learn-
ing rate γ was set to 10−4 with epsilon 10−8 and weight
decay 10−4. Our model was trained with a batch size of 8
and on a single NVIDIA RTX 3090 GPU, but it can still be
trained on an older 2080 Ti or 1080 Ti GPU with a smaller
batch size, e.g., 4. We evaluated all variants of our network
on the validation set at every epoch during training. We used
the best model of each variant on the validation set to evalu-
ate the variant on the test set. The training process was com-
pleted once no further improvements were achieved. We use
mean Intersection over Union (mIoU) as the primary evalu-
ation metric to assess segmentation performance.

2.3. Evaluation metrics.
We adopt four widely used metrics from [37] to assess glass
segmentation performance quantitatively: mean intersec-
tion over union (mIoU), weighted F-measure (Fw

β ), mean
absolute error (MAE), and balance error rate (BER).
Intersection over Union (IoU) is a widely used metric in
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Figure 1. The architecture of the Feature Extraction Module (top) in our encoder and Feature Parsing Module (bottom) in our decoder.
Zoom in for better visualization.

Table 1. Detailed settings of PVTv1 series which is adopted from [51].

Output Size Layer Name PVT-Tiny PVT-Small PVT-Medium PVT-Large

Stage 1 H
4 × W

4

Patch Embedding P1 = 4; C1 = 64

Transformer
Encoder

 R1 = 8
N1 = 1
E1 = 8

× 2

 R1 = 8
N1 = 1
E1 = 8

× 3

 R1 = 8
N1 = 1
E1 = 8

× 3

 R1 = 8
N1 = 1
E1 = 8

× 3

Stage 2 H
8 × W

8

Patch Embedding P2 = 2; C2 = 128

Transformer
Encoder

 R2 = 4
N2 = 2
E2 = 8

× 2

 R2 = 4
N2 = 2
E2 = 8

× 3

 R2 = 4
N2 = 2
E2 = 8

× 3

 R2 = 4
N2 = 2
E2 = 8

× 8

Stage 3 H
16 × W

16

Patch Embedding P3 = 2; C3 = 320

Transformer
Encoder

 R3 = 2
N3 = 5
E3 = 4

× 2

 R3 = 2
N3 = 5
E3 = 4

× 6

 R3 = 2
N3 = 5
E3 = 4

× 18

 R3 = 2
N3 = 5
E3 = 4

× 27

Stage 4 H
32 × W

32

Patch Embedding P4 = 2; C4=512

Transformer
Encoder

 R4 = 1
N4 = 8
E4 = 4

× 2

 R4 = 1
N4 = 8
E4 = 4

× 3

 R4 = 1
N4 = 8
E4 = 4

× 3

 R4 = 1
N4 = 8
E4 = 4

× 3

segmentation tasks, which is defined as:

IoU =

H∑
i=1

W∑
j=1

(G(i, j) ∗ Pb(i, j))

H∑
i=1

W∑
j=1

(G(i, j) + Pb(i, j)−G(i, j) ∗ Pb(i, j))

(1)
where G is the ground truth mask with values of the glass
region being one while those of the non-glass region are 0;
Pb is the predicted mask binarized with a threshold of 0.5;
and H and W are the height and width of the ground truth
mask, respectively.
Weighted F-measure (Fw

β ) is adopted from the salient ob-

ject detection tasks with β = 0.3. F-measure (Fβ) is a
measure of both the precision and recall of the prediction
map. Recent studies [9] have suggested that the weighted
F-measure (Fw

β ) [34] can provide more reliable evaluation
results than the traditional Fβ . Thus, we report Fw

β in the
comparison.
Mean Absolute Error (MAE) is widely used in
foreground-background segmentation tasks, which calcu-
lates the element-wise difference between the prediction
map P and the ground truth mask G :

MAE =
1

H ×W

H∑
i=1

W∑
j=1

|P (i, j)−G(i, j)|, (2)



Table 2. Detailed settings of PVTv2 series which is adopted from [52].

Output Size Layer Name PVT-B1 PVT-B2 PVT-B3 PVT-B4 PVT-B5

Stage 1 H
4 × W

4

Overlapping
Patch Embedding

S1 = 4
C1 = 64

Transformer
Encoder

R1 = 8
N1 = 1
E1 = 8
L1 = 2

R1 = 8
N1 = 1
E1 = 8
L1 = 3

R1 = 8
N1 = 1
E1 = 8
L1 = 3

R1 = 8
N1 = 1
E1 = 8
L1 = 3

R1 = 8
N1 = 1
E1 = 4
L1 = 3

Stage 2 H
8 × W

8

Overlapping
Patch Embedding

S2 = 2
C2 = 128

Transformer
Encoder

R2 = 4
N2 = 2
E2 = 8
L2 = 2

R2 = 4
N2 = 2
E2 = 8
L2 = 3

R2 = 4
N2 = 2
E2 = 8
L2 = 3

R2 = 4
N2 = 2
E2 = 8
L2 = 8

R2 = 4
N2 = 2
E2 = 4
L2 = 6

Stage 3 H
16 × W

16

Overlapping
Patch Embedding

S3 = 2
C3 = 320

Transformer
Encoder

R3 = 2
N3 = 5
E3 = 4
L3 = 2

R3 = 2
N3 = 5
E3 = 4
L3 = 6

R3 = 2
N3 = 5
E3 = 4
L3 = 18

R3 = 2
N3 = 5
E3 = 4
L3 = 27

R3 = 2
N3 = 5
E3 = 4
L3 = 40

Stage 4 H
32 × W

32

Overlapping
Patch Embedding

S4 = 2
C4 = 512

Transformer
Encoder

R4 = 1
N4 = 8
E4 = 4
L4 = 2

R4 = 1
N4 = 8
E4 = 4
L4 = 3

R4 = 1
N4 = 8
E4 = 4
L4 = 3

R4 = 1
N4 = 8
E4 = 4
L4 = 3

R4 = 1
N4 = 8
E4 = 4
L4 = 3

Table 3. Comparison between different datasets in our experiments. “P”, “D”, and “S” denote polarization images, depth images, and
semantic maps, respectively. Note that our method uses only RGB images as input for both training and testing.

Dataset Modalities No. of Images Tasks Types FOV Position

Glass

Trans10k-v2 [60] RGB 10,428 semantic both both random

RGBP-Glass [37] RGB-P 4,511 binary transparent far random

GSD-S [28] RGB-S 4,519 binary transparent far random

Mirror

MSD [65] RGB 4,018 binary reflective both center

PMD [26] RGB 6,461 binary reflective both random

RGBD-Mirror [36] RGB-D 3,049 binary reflective both center

Generic
TROSD [46] RGB-D 11,060 semantic both near center

Stanford2D3D [1] RGB-D 70,496 semantic both far random

where P (i, j) indicates the predicted probability score at
location (i, j).
Balance Error Rate (BER) is a standard metric used in
shadow detection tasks, defined as:

BER = (1− 1

2
(
TP

Np
+

TN

Nn
))× 100 (3)

where TP, TN,Np, and Nn represent the numbers of true
positive, true negative, glass, and non-glass pixels, respec-
tively.



Table 4. Quantitative comparison against SOTAs on RGB-P
dataset [37]. (∗) denotes the glass segmentation methods with ad-
ditional input polarization images.

Method GFLOPs ↓ mIoU ↑ Fw
β ↑ MAE ↓ BER ↓

EAFNet [58] ∗ 18.93 53.86 0.611 0.237 24.65
PM R-CNN [21] ∗ 56.59 66.03 0.714 0.178 18.92
PGSNet [37] ∗ 290.62 81.08 0.842 0.091 9.63

Trans2Seg [60] 49.03 75.21 0.799 0.122 13.23
TransLab [59] 61.26 73.59 0.772 0.148 15.73
SegFormer [61] 70.24 78.42 0.815 0.121 13.03
GSD [27] 92.69 78.11 0.806 0.122 12.61
Ours-B5 154.37 82.77 0.879 0.042 9.59
GDNet [35] 271.53 77.64 0.807 0.119 11.79
SETR [75] 240.11 77.60 0.817 0.114 11.46
PanoGlassNet [2] 581.04 86.89 0.929 0.068 -

2.4. Qualitative and Quantitative Results
We evaluated the performance of our method across three
distinct tasks: glass segmentation, mirror segmentation, and
generic segmentation. To ensure fair comparisons, we
have carefully selected our model variants (Ours-X with X
is postfixes: -T, -S, -M, -L, -B1, -B2, -B3, -B4, and -B5,
represented the size of the model as PVTv1 Tiny, Small,
Medium, Large, and PVTv2 B1-5, respectively) that have
similar model’s size or complexity used by other methods,
as indicated in the respective tables.

3. Additional Experiments

3.1. Comparison on Glass Object Segmentation
We benchmarked our method against recent glass segmen-
tation methods on the binary (RGBP-Glass and GSD-S
dataset) and semantic segmentation (Trans10K-v2 dataset)
tasks.

RGBP-Glass dataset. We extensively compare the effec-
tiveness of our method with state-of-the-art methods, as
shown in Table 4. All methods are retrained on the RGBP-
Glass dataset [37] for a fair comparison. EAFNet [58], Po-
larized Mask R-CNN (P.M. R-CNN) [21], and PGSNet [37]
are the three methods that leverage polarization cues.
SETR [75], SegFormer [61] are the two methods fo-
cusing on general semantic/instance segmentation tasks.
GDNet [35], TransLab [59], Trans2Seg [60], and GSD [27]
and our method are in-the-wild glass segmentation meth-
ods but only rely on RGB input. From Figure 2, we
can see that our method outperforms all other methods.
It should be noted that our method outperforms previous
works that utilize additional input signals, such as polariza-
tion cues [21, 37, 58], while remaining efficient.

GSD-S dataset. We compare our method with other recent
methods in Table 5 and Figure 3, includes generic seman-

Table 5. Evaluation results on GSD-S dataset [28]. Note that:
we use only RGB as input to our method. (†) denotes the glass
segmentation method with additional semantic context informa-
tion and post-processing refinement.

Method mIoU ↑ Fw
β ↑ MAE ↓ BER ↓

PSPNet [72] 56.1 0.679 0.093 13.41
DeepLabV3+ [5] 55.7 0.671 0.100 13.11
PSANet [74] 55.1 0.656 0.104 12.61
DANet [11] 54.3 0.673 0.098 14.78
SCA-SOD [43] 55.8 0.689 0.087 15.03

SETR [75] 56.7 0.679 0.086 13.25
Segmenter [45] 53.6 0.645 0.101 14.02
Swin [31] 59.6 0.702 0.082 11.34
T-2-T ViT [67] 56.2 0.693 0.087 14.72
SegFormer [61] 54.7 0.683 0.094 15.15
Twins [6] 59.1 0.703 0.084 12.43

GDNet [35] 52.9 0.642 0.101 18.17
GSD [27] 72.1 0.821 0.061 10.02
VBNet [40] 73.5 0.837 0.038 10.07
Ours-B5 75.2 0.859 0.046 9.04
GlassSemNet [28] † 75.3 0.860 0.035 9.26

tic segmentation methods (PSPNet [72], DeepLabV3+ [5],
PSANet [74], DANet [11]), recent state-of-the-art models
that utilize transformer technique (SETR [75], Swin [31],
SegFormer [61], Twins [6]), and glass surface detection
methods (GDNet [35], GSD [27], GlassSemNet [28]). For
a fair comparison, all methods are retrained on the GSD-
S dataset [28]. Our method outperforms all other meth-
ods and achieves comparable performance to GlassSem-
Net [28], which provides additional semantic context in-
formation. GlassSemNet [28] points out that humans fre-
quently use the semantic context of their surroundings to
reason, as this provides information about the types of
things to be found and how close they might be to one an-
other. For instance, glass windows are more likely to be
found close to other semantically related objects (walls and
curtains) than to things (cars and trees). Their method uses
semantic context information as an additional input to pro-
gressively learn contextual correlations among objects, both
spatially and semantically, thereby boosting performance.
Their predictions are then refined by Fully Connected Con-
ditional Random Fields [22] to improve performance fur-
ther.

Trans10k-v2 dataset. Shifting our focus to the semantic
glass segmentation task, where the challenge extends be-
yond merely detecting glass areas to classifying them into
11 fine-grained categories, our method still reigns supreme,
as shown in Table 6. Figure 4 also confirms that our method
achieves higher segmentation quality with better transparent
features, e.g., the segmentation of two overlapping doors is
accurately obtained. These comprehensive evaluations un-
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Figure 2. Qualitative comparison of our method with other methods on RGB-P dataset [37]. (∗) denotes the glass segmentation method
with additional polarization images as input.
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Figure 3. Qualitative comparison of our method with other methods on GSD-S dataset [28]. (†) denotes the glass segmentation method
with semantic context and post-processing refinement.

derscore the effectiveness of our approach across diverse
glass segmentation scenarios, affirming its position as a top-
performing and computationally efficient choice for these
tasks.

3.1.1. Comparison on Binary Mirror Segmentation

MSD and PMD datasets. We compare quantitative re-
sults of the state-of-the-art methods and our method on
MSD and PMD datasets, including four RGB salient object
detection methods CPDNet [57], MINet [39], LDF [56],
and VST [30], and five mirror detection methods Mirror-
Net [65], PMDNet [26], SANet [13], VCNet [47], SAT-
Net [18]. As shown in Table 7, our method achieves the best
performance in terms of all the evaluation metrics. Signifi-
cantly, we outperform the second-best method by 5.63% on
the MSD dataset.

RGBD-Mirror dataset. Our method is also compared
with seven RGB-D salient object detection methods such as
HDFNet [38], S2MA [29], JL-DCF [12], DANet [11], BB-

SNet [10] and VST [30], and four mirror detection meth-
ods, including PDNet [36], SANet [13], VCNet [47], and
PDNet [36] on the RGBD-Mirror dataset. Our method out-
performs all competing methods, even though we do not use
depth information, as shown in Table 8.

3.1.2. Comparison on Generic Segmentation

Stanford2D3D dataset. As shown in Table 9, we com-
pare with other methods across different backbone sizes.
Our method outperforms existing work by about 10.1% in
mIOU, highlighting the segmentation capacity of our net-
work in general scenes with glass objects.

TROSD dataset. We compared our method with SOTAs on
the TROSD dataset [46], a dataset specifically for transpar-
ent and reflective objects. Table 10 provides an overview of
our competitors and highlights their best results, achieved
using their publicly available source codes. All methods
utilized the same data augmentation strategy.

ADE20k and Cityscapes datasets. We conducted ad-



Table 6. Quantitative evaluation of our method and existing meth-
ods on the Trans10K-v2 dataset [60].

Method GFLOPs ↓ MParams ↓ ACC ↑ mIoU ↑

HRNet w18 [50] 4.20 1.53 89.58 54.25
LEDNet [54] 6.23 - 86.07 46.40
Trans4Trans-T [71] 10.45 - 93.23 68.63
Ours-T 10.50 12.72 93.52 69.53
ICNet [73] 10.64 8.46 78.23 23.39

BiSeNet [66] 19.91 13.3 89.13 58.40
Trans4Trans-S [71] 19.92 - 94.57 74.15
Ours-S 20.00 23.98 94.83 75.32
Ours-B1 21.29 14.87 95.37 77.05

Trans4Trans-M [71] 34.38 - 95.01 75.14
Ours-M 34.51 43.70 95.08 76.06
DenseASPP [64] 36.20 29.09 90.86 63.01
Ours-B2 37.03 27.59 95.92 79.29
DeepLabv3+ [5] 37.98 28.74 92.75 68.87
FCN [32] 42.23 34.99 91.65 62.75
RefineNet [25] 44.56 29.36 87.99 58.18
Trans2Seg [60] 49.03 56.20 94.14 72.15
Ours-L 50.54 60.86 95.28 77.35

TransLab [59] 61.31 42.19 92.67 69.00
Ours-B3 68.35 51.21 96.28 80.04
Ours-B4 79.34 67.11 96.59 80.99

To-Former-B2 [4] 117.74 - - 77.43
U-Net [41] 124.55 13.39 81.90 29.23
DUNet [20] 123.69 - 90.67 59.01
Ours-B5 154.37 106.19 96.93 81.37
DANet [11] 198.00 - 92.70 68.81
PSPNet [72] 187.03 50.99 92.47 68.23

ditional experiments on the ADE20K and CityScapes
datasets, with the results (mIoU) shown in Table 11, sorted
in ascending order of GFLOPs (512×512). As can be seen,
our method performs well on both datasets, with mIoU
47.5% on ADE20K and 81.9% on CityScapes.

3.2. Ablation studies
We present additional ablation studies to verify various as-
pects of our model’s design.

Different combinations of network architecture. Ta-
ble 12 presents comparisons among various combinations
of encoders and decoders, such as using only a CNN ar-
chitecture, using a combination of CNN and Transformer,
and using a fully Transformer-based model. Our method,
an encoder-decoder transformer-based model, outperforms
competitive networks, indicating the system’s capability to
segment transparent objects effectively. In this ablation
study, we used Ours-M and Ours-B2 (not the best model,
Ours-B5), which have the same network size as other meth-
ods (-M model size), for a fair comparison.

Ground TruthInput Trans2Seg-M T4T-M Ours-B3

Figure 4. Qualitative comparison of our method and existing meth-
ods on Trans10K-v2 [60]. For a fair comparison, we used Ours-
B3, which has the same network size as other methods (-M model).

Table 7. Quantitative results of our method with SOTAs on Salient
Object Detection (the first five methods) and Mirror Detection (the
last ten methods) on MSD and PMD datasets.

Method MSD PMD

IoU ↑ Fw
β ↑ MAE ↓ IoU ↑ Fw

β ↑ MAE ↓

CPDNet [57] 57.58 0.743 0.115 60.04 0.733 0.041
MINet [39] 66.39 0.823 0.087 60.83 0.798 0.037
LDF [56] 72.88 0.843 0.068 63.31 0.796 0.037
VST [30] 79.09 0.867 0.052 59.06 0.769 0.035
ShadowSAM [55] - 0.700 0.080 - 0.685 0.095

MirrorNet [65] 78.88 0.856 0.066 58.51 0.741 0.043
PMDNet [26] 81.54 0.892 0.047 66.05 0.792 0.032
SANet [13] 79.85 0.879 0.054 66.84 0.837 0.032
HetNet [17] 82.80 0.906 0.043 69.00 0.814 0.029
UTLNeT [77] 83.05 0.892 0.040 - - -
WSMD [70] 75.00 0.780 0.078 60.00 0.630 0.051
DPRNet [69] 86.60 0.888 0.033 72.10 0.766 0.026
VCNet [47] 80.08 0.898 0.044 64.02 0.815 0.028
SATNet [18] 85.41 0.922 0.033 69.38 0.847 0.025
CSFwinformer [62] - 0.865 0.030 - 0.836 0.039

Ours-B3 91.04 0.953 0.028 69.61 0.853 0.021

Analysis of different backbones. We have conducted ex-
periments using alternative backbones, as presented in Fig-
ure 5. Among these options, the PVT-v2 backbone [52]
stands out with significantly higher mIoU and remarkably
compact model size (MParams). Despite its higher GFLOP
complexity compared to the FocalNet backbone [63], it
still achieves better performance. Additionally, the PVT-



Table 8. Quantitative results of SOTAs on RGBD-Mirror dataset.

Method Input IoU ↑ Fw
β ↑ MAE ↓

HDFNet [38] RGB-D 44.73 0.733 0.093
S2MA [29] RGB-D 60.87 0.781 0.070
DANet [11] RGB-D 67.81 0.835 0.060
JL-DCF [12] RGB-D 69.65 0.844 0.056
VST [30] RGB-D 70.20 0.851 0.052
BBSNet [10] RGB-D 74.33 0.868 0.046
PDNet [36] RGB-D 77.77 0.878 0.041
UTLNet [77] RGB-D 80.50 0.858 0.032

VCNet [47] RGB 73.01 0.849 0.052
PDNet [36] RGB 73.57 0.851 0.053
SANet [13] RGB 74.99 0.873 0.048
SATNet [18] RGB 78.42 0.906 0.031
WSMD [70] RGB 61.60 0.655 0.088
DPRNet [69] RGB 76.10 0.811 0.047

Ours-B3 RGB 88.52 0.954 0.027

Table 9. Comparison with SOTAs on Stanford2D3D dataset.

Method GFLOPs ↓ MParams ↓ mIoU ↑

PVT-T [51] 10.16 13.11 41.00
Trans4Trans-T [71] 10.45 12.71 41.28
Ours-T 10.50 12.72 47.11
Trans2Seg-T [60] 16.96 17.87 42.07
Ours-B1 21.99 14.87 51.55

PVT-S [51] 19.58 24.36 41.89
Trans4Trans-S [71] 19.92 23.95 44.47
Ours-S 20.00 23.98 50.17
Trans2Seg-S [60] 30.26 27.98 42.91
Ours-B2 37.03 27.59 53.98

Trans4Trans-M [71] 34.38 43.65 45.73
Ours-M 34.51 43.70 52.57
Trans2Seg-M [60] 40.98 30.53 43.83
PVT-M [51] 49.00 56.20 42.49
Ours-B3 68.35 51.21 54.66

Ours-L 50.54 60.86 53.75
Ours-B4 79.34 67.11 55.21

Ours-B5 154.37 106.19 55.83

v2 backbone [52] demonstrates a lower complexity than the
DaViT backbone [7] while maintaining competitive mIoU
results. These findings highlight the superiority of the PVT-
v2 backbone [52] in achieving an optimal balance between
performance and model size, making it a promising choice
for our method. When comparing PVT-v1 [51] with other
backbones, the PVT-v1 [51] backbone boasts a consider-
ably smaller model size and lower complexity. Despite
these advantages, its performance remains competitive with

Table 10. Comparison of different methods on TROSD. R: reflec-
tive objects. T: transparent objects. B: background.

Method Input IOU ↑ mloU ↑ mAcc ↑
R T B

RefineNet [25] RGB 21.32 37.32 92.37 50.34 63.59
ANNNet [78] RGB 22.31 41.30 93.43 52.35 62.49
Trans4Trans [71] RGB 27.69 39.22 94.16 53.69 61.82
PSPNet [72] RGB 26.35 44.38 94.19 54.97 64.14
OCNet [68] RGB 31.76 46.52 95.05 57.78 64.46
TransLab [59] RGB 42.57 50.72 96.01 63.11 68.72
DANet [11] RGB 42.76 54.39 95.88 64.34 70.95
TROSNet [46] RGB 48.75 48.56 95.49 64.26 75.93
Ours RGB 66.16 66.83 97.71 76.90 87.62

SSMA [48] RGB-D 24.70 29.04 89.98 47.91 67.72
FRNet [76] RGB-D 28.37 36.59 92.18 52.38 63.94
EMSANet [42] RGB-D 27.53 44.10 96.14 55.92 71.63
FuseNet [15] RGB-D 37.30 43.29 94.97 58.52 66.13
RedNet [19] RGB-D 48.27 47.57 95.76 63.87 69.23
EBLNet [16] RGB-D 51.75 50.12 94.57 65.49 67.39
TROSNet [46] RGB-D 62.27 57.23 96.52 72.01 81.21

Table 11. Comparison (mIoU ↑) with SOTAs on ADE20k and
Cityscapes (CitySc.) datasets.

Method GFLOPs↓ MParams↓ Backbone ADE20K CitySc.

Trans4Trans-M [52] 41.9 49.6 PVTv2-B3 - 69.3
Semantic FPN [71] 62.4 49.0 PVTv2-B3 47.3 -
Ours-B3 68.3 51.2 PVTv2-B3 47.5 81.9
MogaNet-S [24] 189 29.0 SemFPN 47.7 -
NAT-Mini [14] 900 50.0 UPerNet 46.4 -
InternImage-T [53] 944 59.0 UPerNet 47.9 82.5

Table 12. Effectiveness of different network architecture combi-
nations. Models are evaluated on the Trans10K-v2 dataset [60].
Note that: the results are sorted by ascending of GFLOPS.

Method Encoder Decoder GFLOPs mIoU
Trans. CNN Trans. CNN

Trans4Trans-M [71] ✓ ✓ 34.3 75.1
Ours-M ✓ ✓ 34.5 76.1
Ours-B2 ✓ ✓ 37.0 79.3
Trans2Seg-M [60] ✓ ✓ 40.9 69.2
FCN [32] ✓ ✓ 42.2 62.7
OCNet [68] ✓ ✓ 43.3 66.3
PVT-M [51] ✓ ✓ 49.0 72.1

other backbones. This demonstrates the efficiency of the
PVT-v1 backbone [51], which delivers comparable perfor-
mance while being lighter and less computationally de-
manding.



Figure 5. Our method with various backbones on Trans10K-v2
dataset. The bubble’s size is its complexity in GFLOPs.

3.3. Further Analysis and Discussions
Effectiveness of the embedding channel. We experi-
ment with the embedding channel with various values (64,
128, 256, 512) and report the mIoU and Accuracy of Ours-
B1 model in Figure 6. Throughout the results, we show that
our model achieved better performance with a higher num-
ber of embedding channels (from 77.05% at 64 channels to
78.85% at 512 channels). Note that, due to memory lim-
its, we cannot perform experiments with higher embedding
channels, e.g., 1024 or 2048, and to save computational re-
sources, we used Ours-B1 in this ablation study.

Real-time performance. We report the inference speed
of our models on different GPUs (NVIDIA GTX 1070,
NVIDIA RTX 3090) at a resolution of 512 × 512 and a
batch size of 1. As shown in Figure 7, while Our-T model
has a lower computational cost than other versions, it’s im-
portant to note that all these models deliver performance
levels well-suited for deployment on robotic systems. In
real-world situations, achieving a similar level of prediction
accuracy for each frame is crucial because it enables a navi-
gation system to be more responsive, improving its capacity
to assist robots efficiently.

Incorporation with other modalities. Integrating our
model with depth images (RGB-D) or polarization images
(RGB-P) is a feasible enhancement. A naive method in-
volves adding an extra encoder to extract features from
depth or polarization data. These additional features would
then be fused with RGB features before our FPM module.
This strategy is in line with PDNet [36], TROSNet [46],
and PGSNet [37], as detailed in the supplementary material.
Notably, including depth or polarization data in these mod-
els has led to significant performance gains and increased
computational costs. Specifically, with added depth infor-
mation, PDNet and TROSNet improved by +4% and +8%
mIoU, and with added polarization information, PGSNet
experienced a +5% boost in mIoU.

Figure 6. Effectiveness of the embedding channel in our method
on Trans10K-v2 [60].

Figure 7. Inference time (FPS) of our method on Trans10K-v2.

Utilizing reflection removal methods for detecting reflec-
tions. Employing reflection removal techniques, as dis-
cussed in recent studies [8, 44], offers the potential to gener-
ate pseudo labels with distinct advantages. However, these
methods are mainly designed to address global reflections
when an image is entirely encompassed by glass. These
methods have limitations in complex real-world situations
in which glass objects are distributed throughout the scene
rather than occupying a dominant position. Our study intro-
duces the RFE module, which can detect localized reflec-
tions and distinguish glass surfaces based on the semantic
mask. This module is better suited to the diverse and un-
predictable conditions found in real-world situations, where
reflections are specific to certain areas rather than uniformly
distributed across the entire image, making it a better fit for
real-world scenarios.

Comparison with foundation models. To fully evaluate
our method’s performance, we also compared it with recent
powerful foundation models, such as the SAM model, and
the results are shown in Figure 8. It is important to note that
the SAM model does not include semantics, or in other



SAM (binary)Input SAM (Everything) Semantic SAM OursGround-truth

Figure 8. Qualitative comparison of our method with recent foun-
dation models on Trans10k-v2 dataset.

words, it cannot yield masks with semantics. The SAM
model also presents the challenge of over-segmentation,
thereby increasing the likelihood of false positives. As a
result, we see that the SAM model (binary and everything)
cannot distinguish between glass and non-glass regions, un-
like our method. It is the same for SAM variants with se-
mantics [3, 23], which still fail and cannot generate reason-
able semantics either.

Further analysis on our reflection RFE module. To
provide further verification of the effectiveness of the RFE
module, we conducted the following additional experi-
ments:
• We take a model with the RFE module that has already

been trained. To demonstrate the effectiveness of RFE,
we compare the feature maps before and after passing
through the RFE module. In Figure 9, we can see that
after passing through the RFE module, we can get a
stronger reflection signal, such as the transparent glass
area or the specular reflection appearing at the base of
the wine glass.

• Using the same model, we try turning off the RFE mod-
ule at inference by passing the feature map before RFE
directly to the next step. Note that at training, the RFE
module is well-trained as usual. Figure 10 shows that
bypassing RFE results in a noisy feature map and wrong
mask prediction. This means that our learning of RFE
does not yield a trivial function, e.g. the identity, and
that RFE plays an important role in processing the fea-
ture maps and output reflection masks.
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