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Abstract

Background and Objective: Current tongue segmentation methods often struggle with extracting global features and per-
forming selective filtering, particularly in complex environments where background objects resemble the tongue. These
challenges significantly reduce segmentation efficiency. To address these issues, this article proposes a novel model for ton-
gue segmentation in complex environments, combining Mamba and U-Net. By leveraging Mamba’s global feature selection
capabilities, this model assists U-Net in accurately excluding tongue-like objects from the background, thereby enhancing
segmentation accuracy and efficiency.

Methods: To improved the segmentation accuracy of the U-Net backbone model, we incorporated the Mamba attention mod-
ule along with a multi-stage feature fusion module. The Mamba attention module serially connects spatial and channel
attention mechanisms at the U-Net ’s skip connections, selectively filtering the feature maps passed into the deep network.
Additionally, the multi-stage feature fusion module integrates feature maps from different stages, further improving seg-
mentation performance.

Results: Compared with state-of-the-art semantic segmentation and tongue segmentation models, our model improved the
mean intersection over union by 1.17%. Ablation experiments further demonstrated that each module proposed in this study
contributes to enhancing the model’s segmentation efficiency.

Conclusion: This study constructs a Tongue segmentation model based on U-Net and Mamba (TUMamba). The model effect-
ively extracted global spatial and channel features using the Mamba attention module, captured local detail features through
U-Net, and enhanced image features via multi-stage feature fusion. The results demonstrate that the model performs excep-
tionally well in tongue segmentation tasks, proving its value in handling complex environments.
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Introduction

As an mtegral part of traditional medicine, traditional 'Rehabilitation Medicine Department, The first Affiliated Hospital of

Chinese medicine (TCM) is gaining increasing global rec-
ognition.' In China, TCM has demonstrated remarkable
efficacy in treating chronic ailments such as diabetes,’ gas-
tritis,* insomnia,’ etc., which can not be separated from its
unique diagnostic approach and reliable clinical practice.
One of the key diagnostic methods in TCM is observation,
which alongside smelling and listening, inquiring, pulse
feeling, and palpation, forms the basis of diagnosis.
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Among these, observation has garnered significant attention
in the field of medical image processing, especially in intel-
ligent tongue diagnosis, due to its intuitive nature®®; there-
fore, tongue diagnosis is extensively researched because it
reflects a wealth of information about the human body
and is relatively easy to collect data.’

In the context of intelligent tongue diagnosis, accurate
tongue segmentation plays a critical role in achieving
precise diagnostic outcomes. Despite the considerable
research conducted on tongue segmentation'® challenges
persist, particularly as intelligent tongue diagnosis
becomes increasingly utilized on mobile devices. Existing
methods often result in mis-segmentation or over-
segmentation due to factors such as skin variations and
environmental conditions. This underscores the necessity
for a tongue segmentation model that can adapt to
complex environments with greater accuracy.'' For
example, U-Net has been favored in the field of tongue
segmentation due to its compact size and strong ability
to extract local features. However, its unique U-shaped
structure ~ and  convolutional = neural  network
(CNN)-based architecture present certain challenges.
While the U-shaped structure facilitates the fusion of
shallow and deep image features, the direct skip connec-
tions can inadvertently introduce shallow noise into
deeper layers. To mitigate this issue, attention blocks
have been incorporated into skip connections as a prom-
ising method for filtering out shallow noise.'*"?
However, these attention blocks are prone to over-fitting
in complex environments where tongue images are
limited, even though they significantly improve the
model’s inference time.'* Moreover, while CNN-based
models excel at extracting local features, they often strug-
gle to capture global features, which is crucial for accur-
ately segmenting tongue-like objects in challenging
environments. This difficulty is exacerbated by noise
transfer through skip connections and the model’s inher-
ent limitations in global feature extraction. Given these
challenges, it is urgent to develop a robust noise filtering
method for skip connections that can also effectively
extract global features and select relevant features for
transmission. Manifestly, the Mamba model offers a
potential solution by converting images into text
sequences, thereby enhancing global feature extraction.
Additionally, it incorporates a feature selection mechan-
ism that selectively retains or discards information
based on input content,'> aligning with the objectives of
this study. Therefore, we proposed an innovative feature
filtering and extraction approach, inspired by the convolu-
tional block attention module (CBAM)16 and based on
Mamba, for the skip connection in U-Net. This method
effectively extracts global features while selectively pre-
serving spatial and channel features. Furthermore, to
enhance feature representation, we employed a fusion
method that integrates the output features from each

stage, thereby improving the model’s ability to capture
local detail features.
The main contributions of this article are as follows:

1. This study is the first, to our knowledge, to leverage the
capabilities of Mamba for global feature extraction and
feature selection. This study could address the problem
of U-Net’s limited ability to extract global features and
skip-connection’s inability to select passing features.

2. To bolster U-Net’s local feature extraction capability,
we proposed a multi-stage feature fusion approach.
This enhanced the local features extracted by the model.

3. Our model achieved superior results in the tongue seg-
mentation task, proving its efficacy for the complex
environment tongue segmentation task. This could
provide a strong foundation for subsequent intelligent
tongue diagnosis in similarly challenging environments.

The rest of this article is organized as follows. The “Related
work” section provides a review of the related work. The
“Materials and methods” section presents the new model
proposed in this article. The “Results” section presents
the experiment results. The “Discussion” section analyzes
the experimental results. Finally, the conclusion of this
article is presented in the “Conclusion” section.

Related work

Tongue segmentation

Existing tongue segmentation methods can be categorized
into three main approaches: threshold segmentation
methods, active contour methods, and deep learning
methods. As one of the earliest techniques used for
tongue segmentation, threshold segmentation relies on the
color space features of the tongue and background in an
image, setting threshold values to distinguish between
them. For instance, Du et al."” converted red, green, blue
tongue images to hue, saturation, and intensity (HSI)
color space, using thresholds based on hue and intensity
components to segment the tongue, followed by converting
the images into binary form. Similarly, Chen et al.'®
employed a chroma threshold in hue, saturation, and
value space, applying color enhancement in the region of
interest and then using luminance thresholds in LAB
color space to obtain the complete contour. Huang et al."®
also converted tongue images to HSI color space, analyzing
hue, and intensity characteristics of neighboring sub-blocks
based on the user-selected seed points to merge sub-blocks
that met the criteria. However, threshold segmentation
becomes less effective in complex environments where
parts of the image, such as skin, resemble the tongue,
leading to inaccurate results. To overcome this, template
matching segmentation was introduced, constructing tem-
plates to compare similar regions in images. For example,
Saparudin and Muhammad®® and Gu et al.>' employed
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threshold and Canny algorithms to detect tongue edges,
followed by boundary refinement using Chan-Vese model-
ing. Despite these advancements, these methods struggle
in complex environments where tongue-like noise signifi-
cantly reduce segmentation performance. To address these
challenges, deep learning methods have emerged, offering
superior performance by effectively capturing semantic
information in images and reducing the impact of noise.
Among these, U-Net has become the backbone network
for many tongue segmentation models.”*>* However,
with the growing demand for mobile tongue diagnosis,
recent studies have focused on developing smaller and
faster networks that can still accurately segment the
tongue.”> %’ Yet, these models often compromise perform-
ance due to environmental noise, leading to incomplete seg-
mentation. Given the critical importance of accurately
segmenting the tongue, especially for analyzing tongue
coating, the priority has shifted from reducing model com-
plexity to improving segmentation accuracy in complex
environments.

Attention mechanism

In segmentation models, the attention mechanism directs the
model’s focus to the target region. To extract spatial and
channel features from images, some studies have incorpo-
rated channel attention and spatial attention into models,
particularly for medical images such as computed tomog-
raphy,”® magnetic resonance imaging,” tongue diagnos-
tic,”® and cell images.®’ However, using spatial or channel
attention alone in datasets with limited samples often fails
to distinguish between features that are similar to the
target, leading to over-fitting. To address this issue, inte-
grated methods like CBAM and coordinated attention,
which combine spatial and channel attention, have been
developed.*** Two common approaches have emerged
for combining these attention features: parallel and serial
connections of spatial and channel attention modules. The
parallel approach, exemplified by DA-Net,” quickly
extracts various attention features, enhancing the model’s
efficiency. In contrast, the serial connection, represented
by CBAM.'® allows for multiple extractions of attention fea-
tures from the same data, yielding deeper semantic fea-
tures. 3038 However, feature loss during extraction can
reduce the efficiency of backward feature extraction, impact-
ing model performance. With the advancements in deep
learning and the availability of enriched datasets, deeper net-
works like the transformer, based on the multi-head self-
attention mechanism, have gained popularity in medical
image processing.’*™*! Unlike CNNs, transformers can
capture global features by dividing an image into smaller
patches and processing them as a sequence, similar to a sen-
tence. However, transformers lack inductive bias and require
large datasets to achieve optimal results. To overcome these
limitations, recent studies have explored combining CNNs

with transformers to acquire both local and global fea-
tures.**™** Although this hybrid approach addresses some
of the transformer’s shortcomings, it has not significantly
improved performance on small datasets. Moreover, trans-
formers are limited in mining long-range dependencies
within images due to word size constraints, and their numer-
ous parameters result in time-consuming inference.

State-space model

To address the challenges posed by the lengthy inference
times of transformers and the difficulties CNNs face in cap-
turing global features, the sequence-structured state-space
model was proposed by Gu et al.*> To further enhance
model inference speed, Jimmy et al.* introduced S5,
which reduces model complexity to a linear level.
Subsequently, Harsh et al.*’ developed H3, a model that
uses a structure similar to self-attention, making the
feature extraction capabilities of the sequence-structured
state-space model comparable to that of the transformer.
The Mamba model, incorporating a gating structure and
H3, along with an input adaptive mechanism, further
enhances the state-space model, improving inference
speed, throughput, and overall metrics.'"> As Mamba’s
effectiveness in processing continuous data and text data
becomes evident, similar to the Transformer, research has
increasingly applied it to image processing. Gu et al.'® pro-
posed a Mamba-based bi-directional positional coding
module for image feature extraction, outperforming estab-
lished vision transformer methods and significantly improv-
ing computational and memory efficiency. Zhu et al.*®
introduced a method to extract positional information of a
two-dimensional (2D) image in four directions and con-
nected the Mamba modules in series. Recently, an increas-
ing number of researchers have applied visual Mamba,
based on the multi-directional extraction of image position
information, to medical image processing, where each
Mamba module is combined in a U-shaped structure.*’
Although these methods integrate shallow features of struc-
tured spatial states with deep features through a U-shaped
structure similar to U-Net, they do not effectively prevent
noise in the shallow features from being transmitted to
the deep features. One of the advantages of spatial state
models is feature selection, which is also required in
U-Net skip connections. However, there is still no effective
method to select the transferring features for U-Net
using this property. Similar to transformers, existing
Mamba-based computer vision models lack effective local
feature extraction methods and typically consist of
stacked Mamba blocks, which also require pre-training in
data-scarce medical image processing tasks. Many models
have adopted the 2D-selective-scan (SS2D) method to
assist the spatial state model in acquiring image spatial
state features, but have not focused on channel features.
Research in attention mechanisms suggests that the fusion
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of channel and spatial features can further enhance a
model’s image-processing capabilities. Therefore, integrat-
ing channel and spatial feature selection methods to aid
U-Net skip connections in filtering noise through the
spatial state model’s feature selection property holds sig-
nificant potential.

Materials and methods

The structure of the proposed TUMamba is shown in Figure 1.
The model’s backbone is U-Net, and to mitigate the noise
potentially introduced by skip connections, a Mamba-based
approach was employed. This approach constructs an
attention-like module that filters noise in both spatial and
channel dimensions. Additionally, to enhance the model’s

ability in extracting detailed features, we fused the outputs
of each stage. The loss was computed on the output of each
stage to improve the preservation of deep feature details.
This section details the Mamba attention module and the
multi-stage feature fusion module that we developed.

Mamba attention module

In U-shaped networks, shallow spatial and channel features
are often transmitted through skip connections to deeper
layers. While this direct transmission helps retain useful
spatial and channel information for segmentation, it also
carries noise from the shallow features. For example, in
the initial stage of a U-shaped network, direct transmission
features can introduce up to 50% noise to the features
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Figure 1. Overview of the model.
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before convolution. Reducing this noise is crucial, particu-
larly when segmenting the tongue in complex environ-
ments. Thus, replacing direct skip connection with a
noise-reducing module that enhances shallow spatial and
channel characteristics is necessary. Previous studies have
indicated that attention mechanisms for tongue segmenta-
tion can lead to over-segmentation in complex environ-
ments due to small sample sizes and dynamic noise.'""'?
To address these challenges, we propose the Mamba atten-
tion module, which integrates the selective state space
model into attention extraction. Similar to CBAM, this
module serially extracts spatial and channel features from
tongue images. The Mamba attention module consists of
patch embedding, spatial Mamba attention, and channel
Mamba attention, as shown in Figure 2.

To process images using Mamba, they are first subjected
to patch embedding, similar to the vision transformer.*® The
image is divided into patches of size N * N. Next, get M
splitted patches of size N x N. Assuming that the size of
the image is HxW=xC, then M here is

HxxW=xC/Nx*xN. A sequence X of shape B x (N * N) %
M is obtained, where B is the batch size. This sequence is
then embedded to extract the image features after patch
embedding. The specific method is shown in equation (1).

E = Embedding(X) (1

Compared to CNN, Mamba excels in mining the long-range
sequences information through the state-space model, offer-
ing faster computation and fewer parameters than trans-
former. However, as Mamba operates on sequence
features, converting the image into a sequence first when
dealing with 2D images. This operation causes the data to
lose spatial information. Therefore, when processing the
sequence consisting of patches, the spatial information of
the 2D image is preserved by dividing the transformed fea-
tures into four sets of sequences with different orders.*’
These four sequences are shown in Figure 3, which are
S-shaped front-to-back, S-shaped back-to-front, N-shaped
front-to-back, and N-shaped back-to-front. This ensures
that each element in the feature map incorporates elements
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Figure 2. Structure of the Mamba attention module: (a) the overview of the Mamba attention module, (b) the structure of the spatial
Mamba attention, (c) the structure of the channe Mamba attention, and (d) the structure of the SS2D and SSM. SS2D: 2D-selective-scan;

SSM: state-space model.
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(b)S-Shaped back-to-front

(a)S-Shaped frnt-to-back

i

- (d)N-Shap -to-front

I

(c)N-Shaped ont-to-back

Figure 3. Four different patch sequences: (a) S-shaped front-to-back, (b) S-shaped back-to-front, (c) N-shaped front-to-back, and (d)

N-shaped back-to-front.

from other positions and orientations, which in turn gives
the model a global feel for the field. Mining quadruple con-
nected domain space features of different patches by finding
state space features for each of the four different sequences.
Next, after the four sequential feature extraction is com-
pleted the results are re-correspondingly fused into a
single image. Based on this, as shown in Figure 2(b), this
study proposes a spatial Mamba attention similar to the
spatial attention mechanism. It extracts image global
spatial features through the advantage of Mamba mining
long-range relations. It first normalizes a single sequence
by layer normalization. Next, a GRU-like structure is
used to achieve a similar effect to the attention mechanism.
It consists of two main branches, the first of which aligns
the sequence channels by a linear layer and a depth-
separable convolution. After activation by SiLU, as
shown in Figure 2(d) the sequence is divided into
four sequences of different order for state space feature
selection. Finally, it is multiplied by the linear features
of the sequence extracted from the other branch. The
above state space selection is specifically shown in
equations (2) and (3). Where X = {Xj, X5, X3, X4},
Xi = {x}, x%, ..., xM}. h stands for sequence state, j is
the sequence order, and y is the output sequence. Similar
0 X, Y= (Y, Y2, Y5, Yo}, Yi= (395 ... 9] A
B, C, and D are the parameters of space-state model. In
the research, we omit D to ease the calculation. A is set to
. B is set to AB. C is set to C. Where B € RBxW+N)+H |
C € RB¥WN=N+H A & REs(N¥N)XM  are derived from the
input data. H is the hidden dim.

hj:Ahj_l—i—BXj 2)

ijChj+D)Cj (3)

Multi-stage feature fusion module

The spatial features within the patch sequence were
extracted through the aforementioned process. Similar to

CBAM, we then apply a channel Mamba attention shown
in Figure 2(c) for the channel feature extraction of the
sequence after the spatial Mamba attention. First, we per-
formed a dimensional transformation, swapping the
channel with the patch. The input data shape of channel
Mamba attention becomes B x M * (N x N). The Mamba
similar to the previous is followed. As channels are differ-
ent from spatial, it is only required to focus on the features
of the neighboring channels in the sequence. Therefore, we
replace SS2D of Mamba with SSM. Finally, to further
improve the computational efficiency, the residual
element sum for the images before and after extracting
the spatial and channel features.

The Mamba attention module efficiently extracts
global features from the image in skip connection. In
complex environments, capturing detailed information
also requires accurate local detailed features. CNN can
extract local features efficiently, the preservation of
details diminishes as the number of layers increases.
To address these problems, this paper proposes an
early output method that uses the U-shaped network’s
structural properties to fuse multi-stage features,
thereby enhancing detail acquisition ability. Its specific
structure is illustrated in Figure 4. The input data of the
multi-stage feature fusion module is the output from
each stage. Since each stage outputs feature maps of dif-
ferent shapes and channels, they are first aligned. The
alignment module is composed of an up-sampling
module and a 1 X 1 convolution module. The size of
each feature map is first changed by the up-sampling
module into 512 X 512 by the inverse convolution oper-
ation. Because the feature map of the first stage is of size
512x 512, it does not need to do upsampling. Then
1 X 1 convolution module is used to unify the channel
size of each feature map. It is a convolution kernel
with channel 1. In this way, we get five 512X 512X 1
feature maps. Finally, the feature maps of each stage
are fused to form the output feature map, which is
further refined using a 1 X 1 convolution operation to
produce the final output.
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Figure &. Structure of multi-stage feature fusion module.

Loss function

In this article, losses are categorized into stage loss and result
loss. Stage loss is computed for each stage of the feature map,
ensuring that the output of each stage retains as many detailed
features as possible. The computation of this loss is specified
by equations (4) and (5). S; presents the aligned feature map of
the iy stage. GroundTruth denotes the target. The binary
cross-entropy loss function is utilized, with equation (5)
shows the calculation details. C indicating the class number.

L; = BCE(S;, GroundTruth) “)

C
BCE(y, ) = — Y _ (vilog(®) + (1 — y)log(1 —$))  (5)
i=1

Result loss, conversely, evaluates the discrepancy between the
result feature map and the ground truth. It is calculated in
equation (6). The total loss of the model is then determined
by equation (7). FusedMap is the fused feature map. i repre-
sents the stage order.

L isea = BCE(FusedMap, GroundTruth) 6)

5
Lia =Y _ Li+ Lpsea )

i=1

Results

In this section, we compare the tongue segmentation perform-
ance of the proposed model with existing model through
metrics such as MloU, precision, recall, and F1-score.

Datasets

This study utilized a publicly available dataset for its obser-
vational analysis. The tongue segmentation dataset includes
images from two sources: TongueSAM.”® They are 300
tongue images taken from Harbin Institute of Technology
in 2014 and 1000 tongue images collected on the web in
2022. These datasets were merged to create a unified
dataset of 1300 tongue images. The images come in two
sizes: 576 X768 X3 and 400 x 400 x 3. To standardize
the image sizes, we initially padded the image edges
using the length of the longer edge as the target length.
Subsequently, the images were resized to 512 X 512 x 3.

Training details

The dataset was randomly divided into a training dataset
and a test dataset, with a ratio of 4:1 for training to test
data. All the models in the research are constructed by
TensorFlow 2.6.0 and Keras 2.6.0. The training was
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conducted on a single Nvidia 3090 16G GPU. The models
were trained with a learning rate of 10~* over 100 epochs,
utilizing the Adam optimization algorithm. The batch size
was set to 5.

Evaluation indicators

We used MIoU, precision, recall, and F1-score to assess
segmentation performance. MIoU was the primary metric,
while Fl-score was the secondary evaluation indicator.
The specific calculation methods for these metrics are
shown in equations (8) to (11), where k in the equation pre-
sents the class number, TP denotes true positive, FN indi-
cates false negative, and FP signifies false positive.
Additionally, we compared their inference time durations.

k TP

MIoU = 8

? k+1;TP+FN+FP ®)

Precision — P ©)
recision = TP + FP

TP

Recall = ——— 10

A= TP EN (10)

F1 — Sscore — 2 % Precision * Recall (1

Precision + Recall

Segmentation performance comparison

In this section, we compared the proposed model from the
“Materials and methods” section with other models using

Table 1. Comparison of indicators.

the previously mentioned metrics. The models were classi-
fied into four categories, the U—Net,5 ! the models in which
the attention guides the U-Net feature transfer using
CBAM'® or SENet,”” the model for tongue segmentation
in the complex environment such as OET Net'* and RMP
U-Net,”* and the current best models for semantic segmen-
tation of images such as Mobile Net,54 U2—Net,5 5 and Swin
Transformer.”® The comparison results are shown in
Table 1. The TUMamba demonstrates the best performance
in both MIoU and Fl-score metrics. Specifically, it
improves MIoU by 1.17% and F1-score by 0.56%. In com-
parison with the semantic segmentation model Swin
Transformer, which is currently the best performer in the
tongue segmentation task, TUMamba improved the MIoU
by 0.50% and the F1-score by 0.06% but reduced the infer-
ence time by 102.90 ms and model parameters by 73.96
MB. Although all of the attention-based models achieved
high recall, their precision was low and showed the same
over-segmentation as'® mentioned.

We show the segmentation results of different models
for images acquired in different environments since the
dataset contains two types of images taken from the
laboratory and complex environments. Figure 5 shows
the results of different models for standard acquisition.
In the standard setting, the different models have compar-
able effects on the segmentation of the tongue except for
RMP U-Net. However, when examining the details of the
segmentation results, particularly the center-upper region
of the tongue, it becomes evident that models such as
U-Net, SE U-Net, OET NET, Mobile Net, U2-Net, and
Swin Transformer do not achieve smooth segmentation
in this area.

U-Net 95.97 97.78 97.13
Attention U-Net 94.94 95.12 97.69
SE U-Net 87.63 83.70 98.54
OET NET 96.51 97.73 97.36
RMP U-Net 91.09 94.32 96.59
Mobile Net 96.64 97.84 98.08
U2-Net 96.76 98.06 97.88
Swin Transformer ~ 96.53 98.01 97.74
TUMamba (ours) 97.14 97.85 98.19

MloU: mean intersection over union.
Bold is the best result, underline is the second best.

97.46 24.95 7.36
96.39 203.46 9.33
90.52 201.17 9.37
97.55 40.80 7.75
95.31 113.66 7.81
97.96 148.53 2.96
97.96 249.36 44,01
97.88 201.01 111.85
98.02 146.46 37.87
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Ground Truth

RMP U-Net
MIoU: 94.65%

Mobile Net
MiloU: 96.07%

U-Net
MiloU: 93.39%

Attention U-Net
MioU: 97.01%

U2-Net
MloU: 95.49%

SE U-Net
MIoU: 96.75%

OET NET
MloU: 97.45%

TUMamba
MiloU: 97.69%

Swin Transformer
MiIoU: 95.19%

Figure 5. Results of different models for tongue segmentation for standard acquisition.

Ground Truth U-Net

MloU: 97.61%

RMP U-Net
MIoU: 79.12%

Mobile Net
MiloU: 97.75%

Attention U-Net
MioU: 87.01%

U2-Net
MiloU: 97.56%

SE U-Net
MlIoU: 87.29%

OET NET
MIoU: 97.70%

TUMamba
MiloU: 98.40%

Swin Transformer
MiIoU: 97.36%

Figure 6. Results of different models for tongue segmentation for complex environment acquisition.

Figure 6 shows the results of different models for
complex environment acquisition. The U-Net exhibits
over-segmentation caused by the background and cloth-
ing. Interestingly, the Attention model not only failed
to reduce over-segmentation but exacerbated it.
Regarding detail extraction, such as curved depression
on the right side of the tongue, both SE U-Net and

Mobile Net models were unable to effectively capture
this feature.

Ablation experiment

We performed ablation experiments using U-Net as the back-
bone to evaluate the impact of adding and removing modules
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Table 2. Results of ablation experiment.

U-Net
U-Net + Mamba attention module

U-Net + multi-stage feature fusion module

U-Net + Mamba attention module + multi-stage feature fusion module

MloU: mean intersection over union.
Bold is the best result.

95.97 97.78 97.13 97.46
96.90 97.81 97.95 97.88
96.43 97.73 97.45 97.59
97.14 97.85 98.19 98.02

Ground Truth @
MlIoU: 93.39%

O+@
MIoU: 96.54

O+®
MIoU: 97.29%

O+@+®
MIoU: 97.69%

Figure 7. Results of different module additions and subtractions for tongue segmentation for laboratory environment acquisition. 1: U-Net,
2: Mamba attention module, and 3: multi-stage feature fusion module.

on tongue segmentation performance. The results, detailed
in Table 2. For single-module additions, the Mamba atten-
tion module notably improved the segmentation perform-
ance, increasing the MIoU by 0.46% compared to the
backbone U-Net model. As additional modules were
stacked, the model’s efficacy continued to improve. The
TUMamba model, which combines the Mamba attention
module and the multi-stage feature fusion module with
U-Net, achieved the best segmentation results, improving
the MIoU by 1.17% over the backbone model.

Figure 7 illustrates the effect of different module
additions and subtractions on tongue segmentation

under laboratory conditions. The results indicate that
these modifications affect tongue segmentation out-
comes in a controlled environment. While multi-feature
map fusion may introduce some ambient noise, the
Mamba attention module effectively reduces noise
interference.

Figure 8 displays the results of the ablation experiment in
a complex interference environment. Although multi-feature
map fusion does not completely address environmental noise
interference, it enhances the smoothness of the segmentation
results. The Mamba attention module helps the model miti-
gate environmental noise interference effectively.
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Ground Truth

O+®
MIoU: 98.03

O+®
MIoU: 97.91%

O+@+®
MIoU: 98.40%

Figure 8. Results of different module additions and subtractions for tongue segmentation for complex environment acquisition. 1: U-Net,
2: Mamba attention module, and 3: multi-stage feature fusion module.

Table 3. Results of different structures.

Channelu spatial 96.99 97.45
Channel+spatial 97.05 97.75
Spatial+channel 97.14 97.85

Bold is the best result.

Discussion

U-Net is widely recognized for its efficiency in image pro-
cessing tasks, due to its effective capture of local features
and its distinctive U-shaped structure, which integrates
both shallow and deep information. Despite these advan-
tages, U-Net struggles with capturing global features and
is prone to transferring noise into semantic information
through its skip connections. This limitation becomes
evident in complex environments, as shown in Figure 6,
where U-Net exhibits significant over-segmentation due
to the presence of tongue-like objects. Traditionally, atten-
tion mechanisms have been used to address such issues.
However, our experiments corroborated the findings of,'*
which suggests that incorporating attention into U-Net para-
doxically, degrade performance. Analysis of the metrics

97.78 97.61
97.98 97.86
98.19 98.02

Table 1 suggests that this poor performance is similar to
over-fitting. While attention mechanism enhance the
model’s recall, they concurrently reduce precision, resulting
in segmentation outputs that include more of the target but
also increased background noise. This problem stems from
a mismatch between the sample size of the image dataset
and variability in background features, as the training
samples are adequate for handling the highly variable back-
grounds. To address these challenges, we employed the
recently introduced Mamba attention mechanism. Spatial
Mamba attention enhances the model’s ability to manage
background noise by processing four different order
sequences and dividing images into smaller patches to
extract global spatial information. Furthermore, to
improve global channel feature extraction, we integrated
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channel Mamba attention following spatial Mamba atten-
tion, inspired by the CBAM framework.'® As shown in
Table 2, the Mamba attention module significantly
improves both precision and recall, effectively resolving
the over-segmentation issue. In conclusion, the proposed
model addresses both over-segmentation and under-
segmentation issues in tongue segmentation tasks within
complex environments, achieving accurate separation of
the tongue from tongue-like objects. Compared to current
popular mobile segmentation models listed in Table 1,
our model’s inference time is comparable to that of
Mobile Net, indicating its potential for deployment on
mobile devices for rapid and precise segmentation.

Our model’s inference time is comparable to that of
Mobile Net, indicating its potential for deployment on
mobile devices for rapid and precise segmentation.
Figure 6, shows that while each model performs similarly
in standard environments, there is still a gap in edge
detail handling. To capture detailed information from
each feature map, we fused the feature maps at each stage
and applied robust supervision to the tongue image detail
segmentation by calculating the loss for each stage’s
feature maps. As shown in Table 2, this method signifi-
cantly enhances the model’s segmentation performance,
with Figure 5 illustrating that it effectively extracts more
detailed features of the tongue edge.

In this study, we explored two common methods for
fusing spatial and channel attention: serial and parallel con-
nections. Serial connections, as utilized by Sanghyun
et al.'® and parallel connections, as described by Fu
et al.,>® each offer distinct advantages. Based on the experi-
mental results presented in Table 3, we chose a CBAM-like
approach with serially connected attention mechanisms.
While parallel extraction can improve feature extraction
efficiency, it is less effective compared to serial connection,
as it may fail to adequately filter out noise. Moreover,
channel feature extraction first, as opposed to spatial
feature extraction, can be less effective with Mamba due
to potential loss of spatial features during sequence process-
ing. Thus, a CBAM-like feature extraction architecture was
adopted in our research.

Conclusion

In this article, we introduced a novel tongue segmentation
model, leveraging both Mamba and U-Net architectures.
Our approach incorporated a Mamba attention module to
extract global spatial and channel features effectively. To
maintain fine details and local information, we enforced
strong supervision at each stage of the model, with the
final results being a fusion of outputs from all stages. Our
method excelled particularly in tongue segmentation
tasks. However, it’s worth noting that model based on
Mamba struggles with extracting precise location informa-
tion. Although our method addressed this issue to some

extent by employing four different sequences for location
feature extraction, there remained a disparity compared to
traditional convolution kernels. Therefore, our future main
work will focus on Mamba for 2D image spatial informa-
tion extraction. In this way, accurate extraction of images
based on Mamba can be achieved. Then, combined with
Mamba’s advantage of text feature extraction, we will con-
struct a multi-modal macro-model of TCM.
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