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A B S T R A C T   

Scene understanding in a production workshop is an important technology to improve its intelligence level, 
semantic segmentation of production workshop objects is an effective method for realizing scene understanding. 
Since the varieties of information of production workshop, making full use of the complementary information of 
RGB image and depth image can effectively improve the semantic segmentation accuracy of production work
shop objects. Aiming at solving the multi-scale and real-time problems of segmenting the production workshop 
objects, this paper proposes Cross-Modal Transformer (CMFormer), a Transformer-based cross-modal semantic 
segmentation model. Its key feature correction and feature fusion parts are composed of the Multi-Scale Channel 
Attention Correction(MS-CAC) module and the Global Feature Aggregation(GFA) module. By improving Multi- 
Head Self-Attention(MHSA) in Transformer, we design Cross-Modal Multi-Head Self-Attention(CM-MHSA) to 
build long-range interaction between RGB image and depth image, and further design the MS-CAC module and 
the GFA module on the basis of the CM-MHSA module, to achieve cross-modal information interaction in the 
channel and spatial dimensions. Among them, the MS-CAC module enriches the multi-scale features of each 
channel and achieve more accurate channel attention correction between the two modals; the GFA module in
teracts with RGB feature and depth feature in the spatial dimension and fuses global and local features at the 
same time. In the experiments on the NYU Depth v2 dataset, the CMFormer reached 68.00% MPA(Mean Pixel 
Accuracy) and 55.75% mIoU(Mean Intersection over Union), achieves the state-of-the-art results. While in the 
experiments on the Scene Objects for Production workshop dataset(SOP), the CMFormer achieves 96.74% MPA, 
92.98% mIoU and 43 FPS(Frames Per Second), which has high precision and good real-time performance. Code is 
available at: https://github.com/FutureIAI/CMFormer   

1. Introduction 

With the development of industrial internet technology, the tradi
tional manufacturing industry is developing towards intelligent 
manufacturing. As an important part of the manufacturing industry, 
accurate understanding of the workshop scene is an important part of 
realizing intelligent manufacturing. The scene understanding technol
ogy can make the equipment accurately perceive the workshop opera
tion situation, speed up the workshop operation efficiency, and improve 
the production and manufacturing capacity. 

Image semantic segmentation, as an effective scene understanding 
technique, aims to assign a class label to each pixel in an image and 
predict the location and shape of an object. Semantic level perceptual 
recognition of workshop scene objects is the foundation for achieving 
workshop intelligence, such as workshop intelligent security and mobile 

robot intelligent navigation tasks. The above tasks require semantic 
level perception and recognition of workshop scene objects, that is, 
identifying the type, shape, and pose of the objects, and then making 
inference decisions based on the recognition results. However, most 
semantic segmentation studies are based on single-modal of RGB image 
[1,2], which are difficult to adapt to environments with high complexity 
and uneven illumination, and cannot achieve accurate understanding of 
the production workshop scene. With the wide application of depth 
camera, depth information of an image has used to assist semantic 
segmentation [3]. Introducing the depth information into the RGB 
image as a supplement is more conducive to distinguish the confused 
areas in an image. Therefore, it is of great significance to study RGB-D 
semantic segmentation methods in production workshop scene. 

However, how to find the fusion modals of RGB feature and depth 
feature is always a challenging problem. FCN [4] simply took the depth 
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image as the fourth channel of RGB image, and spliced it with RGB 
image as the input of Convolutional Neural Network(CNN). While other 
methods [5,6] used two-stream CNN as an encoder to extract features 
from RGB image and depth image respectively, the two modal features 
of multiple stages were fused, and finally the fused features were 
decoded to obtain the final segmentation result. With the emergence of 
the attention mechanism [7,8], some methods [9–11] utilized the 
attention mechanism to balance the distribution of two modal features, 
made the network pay more attention to the effective regions of the 
image. 

Recently, Transformer structure [12], which models the global re
lations through self-attention mechanism, has achieved great success in 
the field of Natural Language Processing (NLP). Inspired by this signif
icant achievement, many researchers have applied Transformer struc
ture to computer vision field and proved the effectiveness of this 
structure in various computer vision tasks. Some methods [13–15] have 
obtained better results than CNN in the field of RGB-D semantic seg
mentation using the cross-modal characteristics of Transformer. 

Nevertheless, the aforementioned based-CNN RGB-D semantic seg
mentation methods more focused on the local features of an image 
without considering the long-range dependency information. At the 
same time, the above RGB-D semantic segmentation methods based on 
attention mechanism were implemented by using the Channel Attention 
Mechanism(CAM) and the Spatial Attention Mechanism(SAM) proposed 
in SENet [7] and CBAM [8]. Among them, the CAM uses the global 
pooling method to obtain the channel attention vector, which will cause 
the image to lose too many features, especially multi-scale features; the 
SAM calculates the spatial attention vector through convolution opera
tion, but the global receptive field cannot be obtained by stacking 
several convolutional layers, so the global features are ignored. In the 
Transformer-based RGB-D semantic segmentation methods, CMX [14] 
and UCTNet [16] also use the original the CAM in feature correction and 
feature fusion without improving it. TransD-Fusion [13] only performs 
feature fusion in the input part and the down-sampling part of the final 
stage, without using multi-level fusion method. Therefore, the above 
calculation methods of attention mechanism have certain limitations. 

This paper aims to propose a new feature correction module and 
feature fusion module based on pure Transformer and apply it to the 
production workshop scene to achieve certain application value in the 
field of intelligent manufacturing. Since the production workshop scene 
is a complex scene, the implementation of RGB-D semantic segmenta
tion mainly faces the following challenges:  

(1) In the production workshop, there are large scale differences 
between different objects, so how to make full use of multi-scale 
features to segment the objects in the production workshop 
scenes is a key problem.  

(2) In the production workshop, various equipment needs to perceive 
the surrounding environment in real time, so how RGB-D se
mantic segmentation does meet real-time performance under 
high accuracy is another key problem. 

In order to overcome the above challenges and the limitations of the 
existing attention mechanism, we propose an RGB-D semantic segmen
tation method based on Transformer, which is called Cross-Modal 
Transformer(CMFormer). The CMFormer follows the standard 
encoder-decoder structure, including a two-stream feature extraction 
encoder and a decoder. We designed the Cross-Modal Multi-Head Self- 
Attention(CM-MHSA) by improving the Multi-Head Self-Attention 
(MHSA) in the original Transformer [12], achieving long-range infor
mation interaction between RGB image and depth image. On the basis of 
CM-MHSA, we further designed the Multi-Scale Channel Attention 
Correction(MS-CAC) module and the Global Feature Aggregation(GFA) 
module on the basis of the CM-MHSA module, to achieve cross-modal 
information interaction in the channel and space dimensions. Among 
them, the MS-CAC module is a new channel attention module which is 

different from the previous RGB-D semantic segmentation methods, 
which combines SPPNet [17] and Transformer [12] to enrich the 
multi-scale features of each channel and achieve more accurate channel 
attention correction between the two modals; the GFA module interacts 
with RGB feature and depth feature in the spatial dimension and fuses 
global and local features at the same time, and then inputs the fused 
features into the decoder. Compared with the existing RGB-D semantic 
segmentation methods, the CMFormer has stronger global modeling 
ability, and better abilities of information interaction and fusion in 
channel and spatial dimensions. 

In summary, the main contributions of this paper can be summarized 
as follows: 

(1) A new RGB-D semantic segmentation method based on Trans
former(CMFormer) is proposed. Its key feature correction and 
feature fusion parts are composed of the MS-CAC module and the 
GFA module. The MS-CAC module preserves multi-scale infor
mation while realizing channel feature correction, while the GFA 
module realizes spatial feature fusion, and fully considers global 
and local features, which make the CMFormer achieve better 
cross-modal information interaction by capturing long-range 
contextual dependencies.  

(2) The effectiveness of the CMFormer is evaluated with extensive 
experiments on the SOP dataset [18] and NYU Depth v2 dataset 
[19]. The results show that the CMFormer achieves the 
state-of-the-art results on both datasets. In the experiment of SOP 
dataset [18], CMFormer can achieve 96.74% MPA and 92.98% 
mIoU. At the same time, the real-time performance of CMFormer 
can reach 43 FPS(Frames Per Second), which has good real-time 
performance while meeting the requirements of high precision. 

2. Related work 

2.1. Vision transformer 

2.1.1. Transformer backbones 
Vision Transformer(ViT) [20] applied a pure Transformer structure 

into image classification task for the first time. When the data is large 
enough(i.e. on ImageNet-21k [21], JFT-300M [22]), the classification 
performance of ViT is close to or even better than that of CNN. Specif
ically, ViT splits the image into 16×16 patches, and stacks multiple 
standard Transformer layers to make the image classification. Subse
quently, DeiT [23] proposed an efficient training method and a 
teacher-student strategy specific to Transformer to make ViT get rid of 
the limitation of dataset. Beside, T2T-ViT [24], TNT [25], and CrossViT 
[26] made tailored changes to ViT [20] for different problem angles to 
further improve the performance of image classification. 

In order to improve the performance of Transformer on dense pre
diction tasks, PVT [27] introduced a pyramid structure in Transformer 
for the first time, and extended the PVT [27] to other vision tasks. CvT 
[28] and CeiT [29] and introduced CNN into Transformer, which not 
only obtained the desirable properties of CNN, but also maintained the 
advantages of Transformer. CPVT [30] replaced previous fixed length 
positional encodings with conditional positional encoding(CPE), 
enabling Transformers to process images of different sizes without 
interpolation. Swin Transformer [31] used a hierarchical construction 
method to make the model have a pyramid structure. At the same time, 
the shifted window operation was introduced to limit self-attention in 
windows, which greatly reduced the amount of calculation. 

2.1.2. Transformer in Semantic Segmentation 
SETR [32] replaced the CNN backbone with ViT [20], transformed 

semantic segmentation into a sequence-to-sequence prediction task, 
resulting in better feature representation. SegFormer [33] designed 
Efficient Self-Attention and Mix-FFN to improve Transformer for se
mantic segmentation tasks and redesigned a lightweight decoder with 
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only four MLP layers. EX-ViT [34] propose a novel Explainable 
Multi-Head Attention and the Attribute-guided Explainer to provides 
model-inherent explainable attention maps and recognize discrimina
tive attribute features for a target object with image level labels. Seg
menter [35] adopted ViT [20] in the encoding stage, split the image into 
patches, and outputted the embedded sequences after being processed 
by the encoder. In decoding stage, the class labels were obtained from 
these embedded sequences with a point-wise linear decoder or a mask 
Transformer decoder. 

2.2. RGB-D semantic segmentation 

With the wide application of depth sensors, we can more easily 
obtain the depth information of a scene. An effective fusion method of 
RGB feature and depth feature can improve the accuracy of semantic 
segmentation. Some early studies have manually designed feature 
description methods to improve the performance of RGB-D semantic 
segmentation [36,37]. With the wide application of CNN in the field of 
computer vision, CNN gradually occupied a dominant position in RGB-D 
semantic segmentation. FCN [4] simply concatenated the RGB channel 
and the depth channel of the image as the four-channel input of CNN. 
However, due to less meaningful gradient information transmitted in the 
training process, the depth information as an input channel does not 
bring significant performance gains to semantic segmentation models. 
Gupta et al. [38] proposed HHA(Horizontal disparity, Height above 
ground, Angle of the surface normal) depth information representation 
method, which converted the depth image into three different channels, 
and then RGB image and HHA image were respectively inputted into 
CNN for feature extraction, and fused in the final stage of the network. 
FUSENet [39] used a two-stream CNN encoder to extract features from 
RGB image and depth image respectively, and selectively fused different 
levels of depth features into the corresponding RGB features to achieve 
RGB-D semantic segmentation. RDFNet [6] applied the core idea of re
sidual learning to effectively extract RGB features and complementary 
depth features, and used the way of thermocline connection to learn 
multi-level fusion features, so as to obtain better semantic segmentation 
prediction results. 

ACNet [9] used the CAM to filter important features in RGB image 
and depth image, and fuses features between different modals through a 
three parallel branches structure. Both SA-Gate [10] and CMX [14] use 
the method of combining the CAM and SAM to achieve feature correc
tion between different modals. The difference is that SA-Gate [10] 

achieves feature fusion by adding, while CMX uses MHSA to achieve 
feature fusion. CMX [14] used Efficient Attention [40] to reduce the 
huge computational cost in the process of calculating self -attention. The 
TransD-Fusion [13] achieved the final segmentation effect through three 
stages of self-enhancement, cross-calibration and depth-guided fusion in 
the final stage of down-sampling. To improve the effect of feature 
extraction, UCTNet [16] further considered the imaging quality of depth 
image, and proposed an Uncertainty-Aware Self-Attention mechanism 
to limit the information flow of depth image. 

3. Cross-Modal Transformer 

In this section, we first introduce the overall architecture of the 
CMFormer in Section 3.1, next the CM-MHSA module for cross-modal 
information interaction is introduced in Section 3.2. The MS-CAC 
module and the GFA module for cross-modal feature correction and 
aggregation are introduced in Section 3.3 and Section 3.4, respectively. 
Finally, a series of the CMFormer models with different sizes, namely 
The CMFormer-Small, The CMFormer-Medium and The CMFormer- 
Large, are introduced in Section 3.5. 

3.1. Overall architecture 

In order to realize the information interaction between RGB feature 
and depth feature, inspired by ACNet [9], the overall architecture of the 
CMFormer adopts a standard encoder-decoder structure. 

We use two parallel encoders to extract the latent features of the RGB 
image and depth image, and the decoder decodes the extracted features 
and outputs the final segmentation result. The overall structure of the 
model is shown in Fig. 1. The acquisition data of the RGB image and 
depth image often contain some noises. For the depth image, due to the 
limited imaging distance of the depth camera, the depth values are 
inaccurate. For the RGB image, the boundaries of some objects with 
similar colors and textures usually cannot be distinguished better. These 
noises have a certain impact on the accuracy of semantic segmentation. 
During the coding phase, an efficient cross-modal information interac
tion method can fully utilize the effective information of two modals and 
identify their strengths from each modal. Therefore, this paper proposes 
the CM-MHSA mechanism, and designs the MS-CAC module on this 
basis. The MS-CAC module corrects the features of the two modals in 
each down-sampling stage, supplements the features of the other modal 
with the features of one modal, and inputs the output results to the next 

Fig. 1. Overall architecture of the CMFormer. The CMFormer mainly consists of three parts: (1) Two-stream feature extraction encoder is used to extract RGB feature 
and depth feature respectively, where stage1-4 represent each down-sampling stage of different modal encoders. (2) The cross-modal information interaction part 
consists of the MS-CAC module and the GFA module, which are used to correct and aggregate different modal features. (3) The decoder is used to fuse features from 
different stages to generate the final segmentation result. 
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stage. In addition, we also designed the GFA module, which realizes the 
information exchange in the spatial dimension, and aggregates the 
feature maps of the two modals into a single feature map through the 
fusion of global features and local features. 

3.2. Cross-Modal Multi-Head Self-Attention module 

In order to achieve better cross-modal information exchange, we 
designed the CM-MHSA module. The CM-MHSA module fully extracts 
important features of two modals by exchanging Query vectors. 

The details of CM-MHSA are shown in Fig. 2. First, the input RGB 
feature and depth feature dimension are convert from the input of 
RGBin ∈ RH×W×C, Depthin ∈ RH×W×Cto RGBin ∈ RN×C, Depthin ∈ RN×C to
kens, where N represents the number of tokens, and C represents the 
dimension of each token. The specific division process will be intro
duced in detail in Sections 3.3 and 3.4. Then Query Q, Key K, and Value 
V of the two modals are calculated by the projection matrices WQ

RGB, 
WK

RGB, WV
RGB and WQ

Depth, WK
Depth, WV

Depth, denoted as QRGB, KRGB, VRGB and 
QDepth, KDepth, VDepth. Different from the original MHSA mechanism, we 
exchange Q of the two modals, and use Q of one modal and K of the other 
modal to calculate the self-attention matrix, to achieve cross-modal in
formation interaction, the calculated self-attention matrix is expressed 
as AttentionRGB and AttentionDepth. Then multiply the obtained self- 
attention matrix with the V of each mode, and finally obtain the RGB 
feature RGBii and depth feature Depthii after information interaction 
through a Linear Projection operation, where ii represents information 

interaction. The above steps can be formulated as follows: 

QRGB, KRGB, VRGB = RGBinWQ
RGB, RGBinWK

RGB, RGBinWK
RGB (1)  

QDepth, KDepth, VDepth = DepthinWQ
Depth, DepthinWK

Depth, DepthinWK
Depth (2)  

AttentionRGB = Softmax
(
QDepthKT

RGB̅̅̅̅̅̅̅̅̅
dhead

√

)

, (3)  

AttentionDepth = Softmax

(
QRGBKT

Depth
̅̅̅̅̅̅̅̅̅
dhead

√

)

, (4)  

RGBii = LP(AttentionRGBVRGB), (5)  

Depthii = LP
(
AttentionDepthVDepth

)
, (6)  

where dhead represents the dimension of each head, LP represents Linear 
Projection, and T represents matrix transpose operation. 

3.3. Multi-Scale Channel Attention Correction module 

In an image, the features contained in each channel are different. 
SENet [7] given each channel a different weight by calculating the 
channel attention vector to achieve better feature extraction effect. 
However, the CAM is implemented through the global pooling layer and 
the fully connected layer, which will lose the multi-scale features in the 
image. In practical scenes, multi-scale features are the key to dis
tinguishing objects of different scales. In response to the above problem, 
we propose the MS-CAC module, a new channel attention calculation 
method. The module is divided into two parts: Image to Tokens part and 
Channel Attention Correction part. The detailed structure of the MS-CAC 
module is shown in Fig. 3. 

3.3.1. Image to Tokens(I2T) 
The purpose of the I2T part is to convert the feature of each channel 

of the image into a one-dimensional token, so that the shape of the image 
is converted from H × W × C to C× C1, to satisfy the input form of the 
Transformer, where C represents the number of channels of the image 
and C1 represents the dimension size of each token. 

First, the input features RGBin ∈ RH×W×C and Depthin ∈ RH×W×C of the 
two modals are first down-sampled through a multi-scale pooling 
operation. We use four different pooling factors to capture the multi- 
scale features of the image, and the four pooling factor sizes are set to 
M1 × N1, M2 × N2, M3 × N3, M4 × N4. At the same time, the average 
pooling and max pooling operations are both used to preserve richer 
information. The pooling result of size RM×N×C is flattened to RC×MN and 
merged along the second dimension to get the pooled features 
RGBmp ∈ RC×L, RGBap ∈ RC×L, Depthmp ∈ RC×L, Depthap ∈ RC×L, where 

Fig. 2. Cross-Modal Multi-Head Self-Attention (CM-MHSA).  

Fig. 3. Multi-Scale Channel Attention Correction.  
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L = M1N1 + M2N2 + M3N3 + M4N4, subscripts mp and ap represent max 
pooling and average pooling, respectively. 

Then, we merge the multi-scale features of the same modal along the 
second dimension to obtain the multi-scale features of the two modals: 
RGBmsf ∈ RC×2L and Depthmsf ∈ RC×2L, where subscript msf represents 
the multi-scale feature. 

Finally, the dimensions of RGBmsf and Depthmsf are mapped to a 
higher dimension C1 through the Linear Projection operation to obtain 
the tokenized features: RGBtokenized ∈ RC×C1 and Depthtokenized ∈ RC×C1 . 
The above steps can be formulated as: 

RGBmsf =

Concat(Flatten(msap(RGBin)),Flatten(mmsp(RGBin))),
(7)  

Depthmsf =

Concat(Flatten(msap(Depthin)),Flatten(msmp(Depthin))),
(8)  

RGBtokenized = LP
(
RGBmsf

)
, (9)  

Depthtokenized = LP
(
Depthmsf

)
, (10)  

where subscripts msmp and msap represent multi-scale average pooling 
and multi-scale max pooling, respectively. 

3.3.2. Channel attention correction 
After converting the features of each channel into tokens through the 

I2T, we use the standard Transformer structure to model the features of 
all channels, and finally obtain the channel attention vectors of the two 
modals through MLP operation. Specifically, for the tokenized two 
modal features RGBtokenized ∈ RC×C1 and Depthtokenized ∈ RC×C1 , first, a 
learnable modal-type encoding is added to the features of the two 
modals, so that it can distinguish different modal when performing self- 
attention calculations. Then, the features of the two modals are input 
into N Transformer Blocks, and the features RGBcii ∈ RC×C1 and 
Depthcii ∈ RC×C1 after channel information interaction are obtained, 
where subscript cii represents channel information interaction. 

The calculation process of each Transformer Block can be formulated 
as: 

zl = CMMHSA
(
LN
(
zl− 1))+ zl− 1, (11)  

zl = MLP
(
LN
(
zl
))

+ zl, (12)  

where zl represents the input of the lth block, LN represents LayerNorm, 
and CMMHSA represents Cross-Modal Multi-Head Self-Attention. 

After global modeling of all channel features through Transformer, 
we calculate the channel attention vectors Wrgb ∈ RC and Wdepth ∈ RC of 
the two modals through MLP operation on the result of information 
interaction. Then we use the original feature maps RGBin ∈ RH×W×C and 

Depthin ∈ RH×W×C of the two modals to perform channel-wise multipli
cation with the channel attention vector. Finally, we perform a cross 
element-wise adding operation on the obtained results and the original 
feature map to obtain the corrected outputs: RGBcor ∈ RH×W×C and 
Depthcor ∈ RH×W×C.The above steps can be formulated as: 

RGBcii,Depthcii =

Transf ormer
(
RGBtokenized ⊕MTErgb,Depthtokenized ⊕MTEdepth

)
,

(13)  

Wrgb,Wdepth = MLP(RGBcii,Depthcii), (14)  

RGBcor = RGBin ⊕ Depthin ⊗Wdepth (15)  

Depthcor = Depthin ⊕ RGBin ⊗ WRGB, (16)  

where ⊕represents element-wise adding, ⊗ represents channel-wise 
multiplication, and MTE represents modal-type encoding. 

In the Transformer structure, due to the positive correlation between 
the computation of the MHSA part and the number of input tokens, the 
MHSA part will bring a significant computation when calculating in the 
spatial dimension. The MS-CAC module performs self-attention 
computation in the channel dimension (in the forward calculation pro
cess of the model, the number of channels is much smaller than the 
image resolution), to reduce its computation. 

3.3.3. Workflow of MS-CAC module 
In summary, the overall workflow of the MS-CAC module is as 

follows:  

(1) Obtain multi-scale features of two modals by multi-scale pooling 
operations;  

(2) Map the multi-scale features of two modals into high-dimensional 
space and add modal-type encoding;  

(3) Global modeling of channel features for two modals using 
Transformer structure;  

(4) Use MLP operation to calculate channel attention vectors for 
modeled features;  

(5) Multiply the channel attention vectors of two modals by 
themselves;  

(6) Finally, by cross element-wise adding operation, the channel 
corrected RGB features and depth features are obtained. 

3.4. Global Feature Aggregation module 

3.4.1. Principle of GFA Module 
After performing channel attention correction on RGB feature and 

depth feature, we design the GFA module to exchange information in the 
spatial dimension, and fuse the features of the two modals into a single 
feature map for decoding. Compared with the traditional spatial 

Fig. 4. Global Feature Aggregation.  
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attention mechanism, the GFA module can capture the global features of 
an image and avoid the limitation of CNN on the size of receptive field. 
The detailed structure of the GFA module is shown in Fig. 4. 

For the input features RGBcor ∈ RH×W×C and Depthcor ∈ RH×W×C, since 
the GAF module performs cross-modal information interaction in the 
spatial dimension, it is necessary to embed the position information in 
the feature map. Inspired by CPVT [30], we introduce the position in
formation through a depth-wise separable convolution with kernel size 
3×3, stride 1×1, and padding size 1×1, and perform the element-wise 
adding operation with the input features through the residual connec
tion to obtain features RGBpe ∈ RH×W×C and Depthpe ∈ RH×W×C with the 
positional information, where subscript pe represents the positional 
encoding. In addition to the positional encoding, we also add a learnable 
modal-type encoding. 

The above steps can be formulated as: 

RGBpme = RGBcor ⊕ DWC3×3(RGBcor) ⊕MTErgb (17)  

Depthpme = Depthcor ⊕ DWC3×3(Depthcor) ⊕MTEdepth (18)  

where subscript pme represents the positional encoding and modal-type 
encoding, and DWC represents the depth-wise convolution. 

After obtain RGBpme ∈ RH×W×C and Depthpme ∈ RH×W×C, we conduct 
information interaction in spatial dimension through the CM-MHSA 
module, and perform residual connection with the input. However, 
when calculate the self-attention in the spatial dimension, the compu
tational complexity is related to the resolution of the input image, which 
will occupy a lot of computing resources and bring a lot of computa
tional complexity. In the production workshop, all kinds of production 
information in the production process need to be obtained in real time. 
Therefore, we introduce the spatial reduction module proposed in PVT 
[27] to reduce the amount of computation through the sharing mecha
nism of K and V. The spatial reduction module first down-samples the 
feature map through reduction ratio Ri, and then calculates the K and V 
vectors on the down-sampled feature map, which can reduce the 
computation by R2

i times compared to the MHSA. Afterwards, the two 
modal features RGBsii ∈ RH×W×C and Depthsii ∈ RH×W×C after spatial in
formation interaction are obtained through a LayerNorm layer, where 
subscript sii represents spatial information interaction. Finally, we fuse 
the features of the two modals into a single feature map through a simple 
1×1 convolution. In addition, in semantic segmentation, local features 
are also needed to improve the robustness of semantic segmentation. So 
we use the original feature map to obtain local features through a 
depth-wise convolution DWC3×3, and fuse local features with global 
features through residual connections. Finally, the final output Fout is 
obtained through a batch normalization layer. 

The above steps can be formulated as: 

RGBsii, Depthsii =

LN
(
CMMHSA

(
SR
(
RGBpme,Depthpme

))
⊕
(
RGBpme,Depthpme

))
,

(19)  

Fglobal = Conv1×1(Concat(RGBsii, Depthsii)), (20)  

Flocal = CDRC(Concat(RGBcor,Depthcor)), (21)  

Fout = BN
(
Flocal ⊕ Fglobal

)
, (22)  

where SR represents the spatial reduction module, LN represents the 
LayerNorm, Fglobal represents the global features, CDRC represents a se
ries of calculation processes of Conv1×1, DWC3×3, Relu and Conv1×1, Flocal 
represents the local features, and BN represents the batch normalization. 

3.4.2. Workflow of GFA Module 
In summary, the overall workflow of the GFA module is as follows: 

(1) Merge the features of the two modals according to channel di
mensions, and add positional encoding and modal-type encoding;  

(2) Reduce computational complexity by using spatial reduction to 
reduce the features of two modals;  

(3) Interact information between the features of two modals in the 
spatial dimension through the CM-MHSA module;  

(4) By adjusting the channel dimension of the feature map through 
1×1 convolution, fuse it with the original input through residual 
linking. 

3.5. Detailed settings of the CMFormer series 

In order to provide more choices for different scenes, we further 
extend the CMFormer to a series models of different sizes, namely the 
CMFormer-Samll(CMFormer-S), the CMFormer-Medium(CMFormer- 
M),and the CMFormer-Large(CMFormer-L). To sum up, the hyper
parameters of the CMFormer series models are shown in Table 1: 

The hyperparameters are specified as follows:  

• Ni: the number of Transformer blocks in MS-CAC in Stage i;  
• Hi: the number of heads per module in Stage i;  
• Ei: the expansion ratio of the MLP layer in MS-CAC in Stage i;  
• Ri: the reduction ratio of the SR in GFA in Stage i.

4. Experiments 

In this section, we evaluate the performance of the CMFormer series 
models on the SOP dataset and NYU Depth v2 dataset(a mainstream 
RGB-D semantic segmentation public dataset). 

4.1. Datasets and metrics 

SOP [18]: The SOP dataset is a scene objects dataset for production 
workshop, including 2D/3D object detection, 2D instance segmentation, 
and 2D semantic segmentation. The 2D semantic segmentation contains 
696 RGB-D images of the production workshop scene with a total of 7 
semantic class labels, namely Person, Pedal, Robot, CNC milling ma
chine (CNCMM), CNC lathe (CNCL), common milling machine (CMM) 
and common lathe (CL). The sample image resolution was 480 × 640. 
Examples of RGB images, depth image, and the semantic segmentation 

Table 1 
Detailed settings of the CMFormer series models.   

Output 
Size 

Module 
Name 

CMFormer- 
S 

CMFormer- 
M 

CMFormer- 
L 

Stage1 (W
4
,
H
4

)
MS-CAC N1=2 

H1=1 
E1=4 

N1=3 
H1=1 
E1=4 

N1=3 
H1=1 
E1=4 

GFA R1=8 
H1=1 

R1=8 
H1=1 

R1=8 
H1=1 

Output Channel=64 
Stage2 (W

8
,
H
8

)
MS-CAC N2=2 

H2=2 
E2=4 

N2=4 
H2=2 
E2=4 

N2=4 
H2=2 
E2=4 

GFA R2=4 
H2=2 

R2=4 
H2=2 

R2=4 
H2=2 

Output Channel=128 
Stage3 ( W

16
,

H
16

)
MS-CAC N3=2 

H3=5 
E3=8 

N3=6 
H3=5 
E3=8 

N3=12 
H3=5 
E3=8 

GFA R3=2 
H3=5 

R3=2 
H3=5 

R3=2 
H3=5 

Output Channel=320 
Stage4 ( W

32
,

H
32

)
MS-CAC N4=2 

H4=8 
E4=8 

N4=3 
H4=8 
E4=8 

N4=3 
H4=8 
E4=8 

GFA R4=1 
H4=8 

R4 = 1 
H4=8 

R4=1 
H4=8 

Output Channel=512 
Encoder pvtv2_b1 pvtv2_b2 pvtv2_b3 

Decoder embedding dimension 128 256 512  
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ground truth are shown in Fig. 5. On this dataset, we use 500 instances 
for training, 96 instances for validation and 100 instances for testing. 

NYU Depth v2 [19]: The dataset contains a total of 1449 RGB-D 
images of indoor scenes collected by Kinect, with a total of 40 seman
tic class labels. On this dataset, we use 795 instances for training and 654 
instances for testing. 

Metrics: We use two common metrics [4] in the field of semantic 
segmentation to evaluate our method, including Mean Pixel Accuracy 
(MPA) and Mean Intersection over Union(mIoU). 

4.2. Implementation details 

We use the Pytorch deep learning framework on Nvidia RTX 3090 
GPU to build the CMFormer series models, and the detailed experi
mental environment is shown in Table 2. 

For data augmentation, we use the same method in ACNet [9]. RGB 
image and depth image are randomly scaled, cropped, flipped and 
normalized. For RGB image, brightness and saturation are further 
enhanced. We take pvtv2 [41] pretrained on ImageNet [21] as the 

Fig. 5. Examples of RGB images, depth image, and ground truth.  

Table 2 
Experimental environment.  

Name Version/Model 

CPU Intel Core i9 12900K 
GPU Nvidia RTX 3090 
RAM 64GB 3600MHZ 

Operating System Ubuntu 18.04 
Deep Learning Framework Pytorch 1.8.2 

Compute Unified Device Architecture CUDA 11.1  

Table 3 
Specific details of hyperparameters.  

Name Value 

Optimizer AdamW 
Learning Rate 0.00006 

Learning Rate Schedule Poly with power of 0.9 
Warm-up Epochs 5 

Batch Size 4 
Epochs 100(on SOP dataset), 300(on NYU Depth v2 dataset)  

Table 4 
Comparison results with other models on SOP.  

Models Input MPA(%) mIoU(%) 

FUSENet [39] RGB-D 94.08 84.19 
REDNet [5] RGB-D 94.05 87.56 
ACNet [9] RGB-D 94.05 87.77 

ESANet [43] RGB-D 93.63 88.38 
CMFormer-S RGB-D 95.73 90.99 
CMFormer-M RGB-D 96.34 91.93 
CMFormer-L RGB-D 96.74 92.98  
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encoder and Semantic FPN [42] as the decoder. We refer to the hyper
parameters setting used in CMX [14], because CMX [14] is the first 
method to apply Transformer to RGB-D semantic segmentation and has 
achieved good performance. The specific details of hyperparameter are 
shown in Table 3. 

4.3. Experiment results on SOP dataset 

The performances test of the CMFormer series models are compared 
with several open-source RGB-D semantic segmentation models on the 
SOP dataset, and the test results are shown in Table 4. Benefiting from 
the global attention mechanism of Transformer structure, the MS-CAC 
module and the GFA module proposed in this paper achieve more full 
feature correction and feature fusion by capturing the long-term de
pendency of the two modals, and fully mine the features of RGB image 
and depth image. Compared with ESANet [43], the CMFormer-S has 
improved MPA by 2.10% and mIoU by 2.61% on the SOP dataset [18]. 
With the increase of model size, the improvement of MPA and mIoU 
further expanded to 3.11% and 4.60%. 

We further evaluate the segmentation performance of each class, the 
test mIoU indexes of the CMFormer series models and the other models 
are shown in Table 5. As can be seen from Table 5, except for the Person 
class, the other classes have a significant performance improvement 
compared with other methods. Due to the retention of multi-scale fea
tures, the performance gap between different objects with large scale 
differences (e.g., the difference between mIoU of Robot class and 
CNCMM class obtained from the CMFormer-L model is only 0.8%) has 
also been significantly improved. For the Person class, the mIoU is only 
78.58%, we think that the number of Person class in the SOP dataset is 
smaller than that of other classes, while the Transformer structure 

cannot obtain better results when the amount of data is small. In addi
tion, due to the different data distribution between ImageNet [21] 
dataset and SOP dataset, the weight of pre-training using ImageNet [21] 
dataset does not conform to the feature distribution in the production 
workshop. At the same time, there are many mechanical objects such as 
machine tools in the SOP dataset, which will suppress the features of the 
Person class in the feature extraction process, resulting in poor perfor
mance than CNN model. 

4.4. Experiment results on NYU Depth v2 dataset 

To verify the generalization of the CMFormer series models, we 
tested their segmentation performance on the NYU Depth v2 dataset, 
and compared it with the current state-of-the-art models, the test results 
are shown in Table 6. Among them, the MPA and mIoU of the 
CMFormer-M reached 66.36% and 54.12% respectively, surpassing all 
CNN-based methods in Table 6. Further, with the expansion of the model 
size, the CMFormer-L reached 68.00% MPA and 55.75% mIoU. It is close 
to the current excellent RGB-D semantic segmentation method based on 
Transformer. Compared with TransD-Fusion [13], although it uses 
Swin-B [31] with better performance as the backbone network, the 
CMFormer-L has better performance than TransD-Fusion [13]. 

For the experimental results of UCTNet [16] in Table 6, we exclude 
the influence of the uncertainty used in the paper on the results, and only 
compare the segmentation performance of the model itself. When the 
information flow restriction on uncertain nodes is added, the mIoU of 
UCTNet [16] can reach 57.6%, which is better than the method pro
posed in this paper. 

For the experimental results of CMX [14], CMX [14] used a larger 
and better backbone network (SegFormer-B4, B5) [33] to further 
improve performance. However, due to the limitation of equipment 
conditions, we cannot train such a huge network. When the backbone 
network performance is close, CMX(SegFormer-B2) [14] and the 
CMFormer-M can achieve similar mIoU, while in CMX [14] with the 
SegFormer-B5 [33] backbone network, mIoU can reach 56.8%, which is 
also better than the method proposed in this paper. 

Similarly, we analyze the segmentation performance of each class on 
NYU Depth v2 dataset, and the results are shown in Table 7. The 
CMFormer series models perform better than other methods in 33 
classes (a total of 40 classes), especially in some smaller classes (e.g., 
box, bag, paper, clothes), which further prove that the proposed method 
retain the multi-scale features in the image as much as possible. In some 
classes (e.g., floor, ceiling, board), the CMFormer series models perform 
not well compared with other methods. We believe that on the one hand, 
the features of these objects are not obvious in the depth image and 
differ greatly from the appearance of the RGB image, on the other hand, 
in the feature correction part, the CMFormer series models only focus on 
the feature correction of the channel dimension and ignores the spatial 
dimension. 

4.5. Ablation study 

We conduct sufficient ablation studies on the NYU Depth v2 dataset 
to verify the effectiveness of the MS-CAC module and the GFA module. 
For a fair comparison, we remove all modules and use two parallel pvtv2 

Table 5 
Comparison results for all classes on SOP.  

Models Person Pedal Robot CNCMM CNCL CMM CL 

FUSENet [39] 78.37 83.54 76.88 91.25 91.92 77.86 81.28 
REDNet [5] 85.49 86.56 80.07 94.07 93.67 83.61 83.20 
ACNet [9] 84.80 85.87 91.78 94.18 93.51 85.13 83.37 

ESANet [43] 87.94 85.38 84.76 93.38 92.31 85.32 84.08 
CMFormer-S 70.27 89.61 94.95 97.25 95.52 98.14 91.19 
CMFormer-M 71.91 90.83 94.52 97.78 97.18 97.64 93.63 
CMFormer-L 78.58 92.74 95.68 96.48 95.82 98.41 93.12  

Table 6 
Comparison results with state-of-the-art models on NYU Depth v2.  

Methods Models Input MPA 
(%) 

mIoU 
(%) 

CNN Gupta et al. [38] RGB-D 35.1 28.6 
Deng et al. [44] RGB-D - 31.5 

FCN [4] RGB-D 46.1 34.0 
3DGNN [44] RGB-D 55.7 43.1 
ACNet [9] RGB-D - 48.3 

RDFNet [6] RGB-D 62.8 50.1 
ShapeConv [45] RGB- 

HHA 
63.5 51.3 

CANet [46] RGB-D 64.6 51.5 
ESANet [43] RGB-D - 51.6 
NANet [11] RGB-D - 52.3 

SA-Gate [10] RGB- 
HHA 

- 52.4 

Transformer CMX(SegFormer-B2) [14] RGB- 
HHA 

- 54.2 

UCTNet(TR-Enc. TR-Enc.)  
[16] 

RGB-D - 55.3 

TransD-Fusion [13] RGB- 
HHA 

- 55.5  

CMFormer-S RGB-D 62.01 50.42 
Ours CMFormer-M RGB-D 66.36 54.12  

CMFormer-L RGB-D 68.00 55.75  
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[41] and Semantic FPN [42] as encoder and decoder for different modal. 
Then, the semantic predictions of the two modals are averaged to obtain 
the final prediction result. Through the above method, we obtained the 
baselines of three different sizes, namely baseline-Small(baseline-S), 
baseline-Medium(baseline-M), baseline-Large(baseline-L). During 
training, the same hyperparameters were used for each experiment. 

For the CMFormer-S, when the MS-CAC module is ablated, the RGB 
feature and depth feature are extracted independently in their own 
branches; when the GFA module is ablated, we simply average the 
features of the two modals, and the results are shown in Table 8. 
Compared with the baseline-S, when only the GFA module is used, the 
MPA and mIoU reach 59.74% and 48.36%, increased by 1.09% and 
1.03%; when only the MS-CAC module is used, the MPA and mIoU reach 
61.20% and 49.39%, increased by 2.55% and 2.06%; when both 

modules are used together, the MPA and mIoU reach 62.01% and 
50.42%, increased by 3.36% and 3.09%, which further proves the 
complementary ability of the MS-CAC module and the GFA module. 

To demonstrate that the MS-CAC module and the GFA module are 
not constrained by the size of encoder and the decoder embedding di
mensions, we conduct an overall ablation study on the two modules on 
the CMFormer-M and the CMFormer-L models, and the results are 
shown in Table 9. Compared with the baseline-M, the MPA and mIoU of 
the CMFormer-M reach 66.36% and 54.12%, increased by 2.67% and 
2.38%; compared with the baseline-L, the MPA and mIoU of the 
CMFormer-L reach 68.00% and 55.75%, increased by 3.47% and 2.90%. 

4.6. Efficiency and statistical analysis 

In the production workshop, because the equipment is running all 
the time, it is necessary to respond to emergencies in a timely manner to 
avoid losses. Therefore, the real-time performance of the model is 
particularly important. In Table 10, we show the number of parameters 
and computational complexity of our model, the CMFormer-S has only 
47.93 million parameters and 35.97 GFLOPs of computation. Compared 
with SA-Gate [10], the CMFormer-S reduces the parameter amount of 

Table 7 
Comparison results for all classes on NYU Depth v2.  

Models wall floor cabinet bed chair sofa table door window bkshelf 

FCN [4] 69.9 79.4 50.3 66.0 47.5 53.2 32.8 22.1 39.0 36.1 
Gupta et al. [38] 68.0 81.3 44.9 65.0 47.9 29.9 20.3 32.6 39.0 18.1 
Deng et al. [44] 65.6 79.2 51.9 66.7 41.0 55.7 36.5 20.3 33.2 32.6 

RDFNet [6] 79.7 87.0 60.9 73.4 64.6 65.4 50.7 39.9 49.6 44.9 
CANet [46] 79.8 89.2 65.6 72.8 64.4 65.7 47.6 47.6 49.1 44.3 
CMFormer-S 70.95 88.09 62.84 71.86 64.88 61.44 49.95 39.04 48.11 46.61 
CMFormer-M 72.55 88.94 65.60 73.89 68.98 68.30 51.30 42.87 49.76 47.44 
CMFormer-L 73.71 89.02 65.02 77.53 69.20 68.53 53.44 48.01 50.19 50.27 

Model picture counter blind desk shelf curtain dresser pillow mirror floormat 
FCN [4] 50.5 54.2 45.8 11.9 8.6 32.5 31.0 37.5 22.4 13.6 

Gupta et al. [38] 40.3 51.3 42.0 11.3 3.5 29.1 34.8 34.4 16.4 28.0 
Deng et al. [44] 44.6 53.6 49.1 10.8 9.1 47.6 27.6 42.5 30.2 32.7 

RDFNet [6] 61.2 67.1 63.9 28.6 14.2 59.7 49.0 49.9 54.3 39.4 
CANet [46] 64.6 72.3 61.1 24.1 13.8 59.4 49.6 50.2 53.7 39.2 
CMFormer-S 62.55 70.05 59.71 25.45 15.34 64.00 50.90 48.24 53.16 44.85 
CMFormer-M 64.36 70.19 63.73 29.30 21.27 70.01 57.32 52.27 57.30 45.37 
CMFormer-L 66.56 71.29 64.51 27.39 22.40 68.68 56.07 54.30 60.53 46.27 

Model clothes ceiling book refridg tv paper towel shower box board 
FCN [4] 18.3 59.1 27.3 27.0 41.9 15.9 26.1 14.1 6.5 12.9 

Gupta et al. [38] 4.7 60.5 6.4 14.5 31.0 14.3 16.3 2.4 2.1 14.2 
Deng et al. [44] 12.6 56.7 8.9 21.6 19.2 28.0 28.6 22.9 1.6 1.0 

RDFNet [6] 26.9 69.1 35.0 58.9 63.8 34.1 41.6 38.5 11.6 54.0 
CANet [46] 21.8 77.8 34.0 57.4 55.3 33.5 42.7 42.2 13.7 73.1 
CMFormer-S 24.33 76.44 37.29 54.19 57.80 34.11 43.56 45.63 17.03 56.72 
CMFormer-M 24.19 76.60 38.38 67.03 64.65 37.12 48.86 49.86 19.41 70.40 
CMFormer-L 28.55 76.65 39.63 70.20 69.86 40.02 48.52 47.43 21.52 70.98 

Model person nightstand toilet sink lamp bathtub bag othstr othfurn othprop 
FCN [4] 57.6 30.1 61.3 44.8 32.1 39.2 4.8 15.2 7.7 30.0 

Gupta et al. [38] 0.2 27.2 55.1 37.5 34.8 38.2 0.2 7.1 6.1 23.1 
Deng et al. [44] 9.6 30.6 48.4 41.8 28.1 27.6 0 9.8 7.6 24.5 

RDFNet [6] 80.0 45.3 65.7 62.1 47.1 57.3 19.1 30.7 20.6 39.0 
CANet [46] 83.5 40.9 83.3 68.1 50.9 63.2 9.2 31.9 22.9 40.3 
CMFormer-S 85.40 40.57 73.75 65.73 52.72 55.89 9.61 30.75 17.82 39.26 
CMFormer-M 86.26 47.09 82.87 62.99 56.08 58.47 19.20 33.80 20.64 40.23 
CMFormer-L 87.79 54.29 83.71 65.46 56.17 60.37 23.59 34.88 25.23 42.39  

Table 8 
Ablation for MS-CAC/GFA on NYU Depth V2.  

MS-CAC GFA MPA(%) mIoU(%) 

baseline-S 58.65 47.33 
√ × 61.20 49.39 
× √ 59.74 48.36 
√ √ 62.01 50.42  

Table 9 
Ablation for both the MS-CAC module and GFA module on NYU Depth V2.  

Models Input MPA(%) mIoU(%) 

baseline-M RGB-D 63.69 51.74 
CMFormer-M RGB-D 66.36 54.12 

baseline-L RGB-D 64.53 52.85 
CMFormer-L RGB-D 68.00 55.75  

Table 10 
Efficiency results. Parameters and FLOPs are estimated for inputs of RGB 
(480×640×3) and Depth (480×640×1).  

Models Params/M FLOPs/G FPS mIoU(%) 

CANet [46] 87.1 122.4 - 50.0 
SA-Gate(ResNet50) [10] 63.4 204.9 - 50.4 

CMFormer-S 47.93 35.97 43 50.42 
CMFormer-M 81.75 68.38 27 54.12 
CMFormer-L 131.41 128.92 18 55.75  
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the model by 24% and the computation amount by 82% with negligible 
difference in mIoU. We further test the FPS index of each model on our 
equipment(CPU: Intel i9 12900K, RAM: 64GB, GPU: RTX3090), and the 
FPS of the CMFormer-S can reach 43(far exceed the real-time perfor
mance index 1-10FPS of the workshop), which meets the real-time re
quirements in the production workshop scene. Although the 
CMFormer-M and the CMFormer-L models further improve mIoU, they 
have greater complexity. Therefore, the CMFormer-S is more suitable for 
the production workshop scene because of its high accuracy and 
real-time performance. 

To avoid the impact of randomness caused by data enhancement and 
model parameter initialization on the results, we carried out five 
repeated experiments on each model to ensure the statistical signifi
cance of the results. The mean and standard deviation of five repeated 
experiments are shown in Table 11. It can be seen that the standard 
deviation of the model is within 0.5, the randomness of data enhance
ment and network parameter initialization will not have a significant 
impact. 

4.7. Visualizations 

To reflect the role of the MS-CAC module and the GFA module more 
intuitively, we visualized the feature maps of the first stage of the 
CMFormer-S on the NYU Depth v2 dataset, the results are shown in 
Fig. 6. We use the principal component analysis(PCA) method to reduce 

the dimension of the feature map to three channels for display. Among 
them, the yellow box represents the region where the RGB features are 
blurred but the depth features are clear; the red box represents the re
gion where the RGB features are clear but the depth features are blurred. 
By applying the MS-CAC module and the GFA module, the features of 
two modals can be clearly displayed in the feature maps. For example, 
the backrest of the chair in the first row can be clearly displayed in the 
RGB image, while in the depth image, it cannot be clearly displayed due 
to the insufficient imaging distance of the depth camera. For the chair 
legs, it cannot be clearly displayed in the RGB image because of the dark 
light, but it can be clearly seen in the depth image. Through the MS-CAC 
module and the GFA module, we can clearly see in the feature map that 
whether it is the chair back or the chair legs, its features can be accu
rately extracted. In the second and third rows, the shutter and the pic
ture are not prominent compared with the wall, and the depth camera 
cannot capture the slight bulge, so it is not obvious in the depth image. 
For the chair legs and the lamp post, RGB images cannot be clearly 
displayed due to the dark light. These features can also be clearly dis
played in the feature map through the MS-CAC module and the GFA 
module. Similarly, for the TV set in the fourth row, its features cannot be 
clearly obtained in the depth image but can be accurately clearly in the 
feature map. 

We have built a hardware testing platform and applied the 

Table 11 
Results of five repeated experiments, the mean and standard deviation were 
calculated.  

Datasets Models MPA(%) mIoU(%) 

SOP [18] CMFormer-S 95.25±0.30 90.37±0.34 
CMFormer-M 96.06±0.37 91.50±0.44 
CMFormer-L 96.51±0.26 92.54±0.33 

NYU Depth v2 [19] CMFormer-S 61.79±0.28 49.99±0.22 
CMFormer-M 65.89±0.43 53.96±0.14 
CMFormer-L 67.53±0.47 55.25±0.35  

Fig. 6. Visualization results of the CMFormer-S on the NYU Depth v2 dataset. For each row, we show (a) RGB images, (b) Depth image, (c) feature maps after the MS- 
CAC module and the GFA module, (d) Ground Truth, (e) Results of Ours. 

Fig. 7. Hardware testing platform.  
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CMFormer in actual workshop scene, the hardware platform is shown in 
Fig. 7. Specifically, we used the TurtleBot3 Waffle Pi mobile robot 
equipped with the RealSense D435 RGB-D camera and Nvidia Jetson 
TX2 development board for image acquisition, and used a laptop as the 
computing platform to input the collected images into the model for 
inference. 

We test the segmentation effects of the CMFormer series models, and 
the results are shown in Fig. 8. As can be seen from Fig. 8, as the model 
size increases, the object segmentation effect improves. For example, 
The CMFormer-S and the CMFormer-M in the first and second lines 
cannot completely segment the Pedal class in the picture, while the 
CMFormer-L can completely and accurately segment the Pedal class. In 
the third line, the CMFormer-S incorrectly classifies CL as CNCMM, and 
the CMFormer-M and the CMFormer-L are correctly classified. In the 
fourth line, as the model size increases, the outline of the Person class 
gradually becomes clearer. 

5. Conclusion 

Aiming at the multi-scale and real-time problems in the production 
workshop, this paper proposes a novel CMFormer, an RGB-D semantic 
segmentation model based on Transformer, which realizes the scene 
understanding in the production workshop. In order to better realize the 
information interaction between RGB image and depth image, this paper 
adopts the idea of Transformer and uses global attention to model the 
features between different modal. Specifically, we introduce the MS- 
CAC module and the GFA module to perform global modeling in both 
channel and space dimensions, and achieve accurate RGB-D semantic 
segmentation. At the same time, the method proposed in this paper 
greatly reduces the computational complexity of the model, which is 
more conducive to the application and deployment of production 
workshop scene. 

To verify the effectiveness and generalization of the model, we 
conduct extensive comparative experiments and ablation experiments 
on both the SOP dataset and the NYU Depth v2 dataset. Experimental 
results show that the proposed CMFormer achieves state-of-the-art re
sults, outperforming existing RGB-D semantic segmentation models. The 
experiment proves the advantages of the CMFormer in the production 
workshop scene, and expands the Transformer to the industrial 
manufacturing field, which reflects the potential industrial application 
value and provides theoretical reference for the research in this field. 

Although the CMFormer model has good results in both datasets, 
there are still some limitations that require further research.  

(1) For the sample imbalance problem of the dataset, this problem 
can be solved later by optimizing the loss function(e.g., Focal loss 
[15]).  

(2) Due to Transformer’s dependence on datasets, when there is less 
data in a certain class, the learning ability of the model is not as 
good as that of CNN model, which can be seen in Table 5. In the 
subsequent research, the problem of small amount of data can be 
solved through self-supervised learning(e.g., MoCo [47], MAE 
[48]).  

(3) In actual workshop scene, it is possible to encounter the problem 
of camera shake causing poor imaging quality of depth image. In 
the subsequent research, this problem can be solved by improving 
the MHSA mechanism(e.g., UCTNet [16]) to suppress the un
certain information flow in the depth image. 
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[38] S. Gupta, R. Girshick, P. Arbeláez, J. Malik, Learning rich features from RGB-D 
images for object detection and segmentation, in: Proceedings of the European 
Conference on Computer Vision, Springer, Cham, 2014, pp. 345–360, https://doi. 
org/10.1007/978-3-319-10584-0_23. 

[39] C. Hazirbas, L. Ma, C. Domokos, D. Cremers, Fusenet: Incorporating depth into 
semantic segmentation via fusion-based cnn architecture, in: Proceedings of the 
Asian Conference on Computer Vision, Springer, Cham, 2016, pp. 213–228, 
https://doi.org/10.1007/978-3-319-54181-5_14. 

[40] Z. Shen, M. Zhang, H. Zhao, S. Yi, H. Li, Efficient attention: attention with linear 
complexities, in: Proceedings of the IEEE/CVF Winter Conference on Applications 
of Computer Vision, 2021, pp. 3531–3539, https://doi.org/10.1109/ 
WACV48630.2021.00357. 

[41] W. Wang, E. Xie, X. Li, D-P. Fan, K. Song, D. Liang, T. Lu, P. Luo, L. Shao, Pvt v2: 
Improved baselines with pyramid vision transformer, Comput. Vis. Media 8 (3) 
(2022) 415–424, https://doi.org/10.1007/s41095-022-0274-8. 

[42] A. Kirillov, R. Girshick, K. He, P. Dollár, Panoptic feature pyramid networks, in: 
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern 
Recognition, 2019, pp. 6399–6408, https://doi.org/10.1109/CVPR.2019.00656. 
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