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BMDENet: Bi-Directional Modality Difference
Elimination Network for Few-Shot

RGB-T Semantic Segmentation
Ying Zhao , Kechen Song , Member, IEEE, Yiming Zhang , and Yunhui Yan

Abstract—Few-shot semantic segmentation (FSS) aims to seg-
ment the target prospects of query images using a few labeled
support samples. Compared with the fully-supervised methods,
FSS has a greater ability to generalize to unseen classes and
reduce the pressure to label large pixel-level datasets. To cope
with the complex outdoor lighting environment, we introduce
the thermal infrared images (T) to the FSS task. However,
the existing RGB-T FSS methods all ignore the differences
between various modalities for direct fusion, which may hin-
der cross-modal information interaction. Also considering the
effect of successive downsampling on the results, we propose a bi-
directional modality difference elimination network (BMDENet)
to boost the segmentation performance. Concretely, the bi-
directional modality difference elimination module (BMDEM)
reduces the heterogeneity between RGB and thermal images
in the prototype space. The residual attention fusion module
(RAFM) mines the bimodal features to fully fuse the cross-
modal information. In addition, the mainstay and subsidiary
enhancement module (MSEM) enhances the fusion features for
the existing problem of the advanced model. Extensive experi-
ments on Tokyo Multi-Spectral-4i dataset prove that BMDENet
achieves the state-of-the-art on both 1- and 5-shot settings.

Index Terms—Few-shot semantic segmentation, RGB-T FSS,
difference elimination, cross-modal.

I. INTRODUCTION

SEMANTIC segmentation [1], as one of the complex
tasks of scene understanding, aims to segment a given

image into several visually meaningful regions and assign
a semantic label to each pixel in the image. It plays an
important role in many image analysis tasks, such as robot
navigation [2], [3], medical imaging diagnosis [4], [5], sports
tactics analysis [6], and other fields [7], [8], [9]. Moreover,
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with the advanced achievements of supplementary thermal
infrared images in various fields [10], [11], this trend has
also stimulated the development of RGB-T semantic seg-
mentation. Zhou et al. created a novel MFFENet [12] to
explore the cross-modal fusion of RGB and thermal fea-
tures under multi-stage for RGB-T urban scene understanding.
These fully-supervised methods rely on large-scale manu-
ally labeled pixel-level images (e.g., PASCAL VOC [13] and
COCO [14]) and generalize badly. The emergence of FSS
provides a solution.

Shaban et al. [15] are pioneers in formally defining the FSS
problem by proposing a classical two-branch network named
OSLSM. Prototype-based few-shot segmentation has attracted
lots of research attention in the past, such as SG-One [16],
CANet [17], PFENet [18], ASGNet [19], etc. But prototypes
alone may not be sufficient to represent the features of the
support set. They will inevitably lead to information loss.
Recently, HSNet [20] explores the direction of establishing
element-to-element dense correspondence through 4D convo-
lutions. It gains a huge performance improvement. ASNet [36]
improves on HSNet. SS-PFENet [37] and A-MCG [38]
enhance self-supervision in one-shot learning.

When facing variable illumination or complex background,
the limited and fixed RGB support images can degrade seg-
mentation performance. Therefore, multimodal FSS began to
develop, and certain achievements have been made up to
now. A dual-stream deep neural network (RDNet) was first
proposed by Zhang et al. [21] in 2020. It uses late fusion to
connect probabilistic maps generated by RGB and depth for
joint prediction. In 2021, V-TFSS designed by Bao et al. [22]
uses edge similarity in RGB and thermal images to fuse
bimodal information. The latest ADFNet [23] learns class-
specific prototypes from RGB and depth channels and utilizes
an attention-based fusion module to better fuse two modalities.

However, the above approaches may still suffer from two
limitations: 1) The existing multimodal semantic segmenta-
tion models ignore the modality differences between RGB and
complementary images caused by different imaging mecha-
nisms. 2) The current state-of-the-art FSS model HSNet [20]
takes segmentation performance to a new stage, but when the
image resolution is not high enough, successive convolution
and downsampling lead to a partial loss of detailed information
and hamper the learning of the meta-learner.

In a word, the main contributions of our works are summa-
rized as follows:

1549-7747 c© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Northeastern University. Downloaded on October 29,2023 at 04:00:14 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0003-4373-4015
https://orcid.org/0000-0002-7636-3460
https://orcid.org/0000-0003-0345-828X
https://orcid.org/0000-0001-7121-2367


ZHAO et al.: BMDENet FOR FEW-SHOT RGB-T SEMANTIC SEGMENTATION 4267

Fig. 1. Architecture of the proposed BMDENet.

1) For the first limitation, we present BMDEM to solve the
compatibility problem caused by the differences in imag-
ing mechanisms between different modal images and
impose supervised signals on the process of eliminating
modal differences.

2) For the second limitation, the proposed MSEM compen-
sates for the lost information from different perspectives
effectively.

3) We adopt RAFM to improve the quality of multimodal
representation by first highlighting the specific advan-
tages of each modality, and then mining the deep
semantic information of multimodal features.

4) Experiments on the Tokyo Multi-Spectral-4i dataset [22]
(mIoU for 1-shot: 38.9%, 5-shot: 41.08%) demonstrate
the superiority of the BMDENet over existing methods.

II. PROPOSED METHOD

In brief, we create a bi-directional modality difference elim-
ination network (BMDENet) for the RGB-T FSS. We show the
overall scheme of the proposed method in Fig. 1.

A. BMDEM

We first use the convolutional neural network ResNet-
50 [24] pre-trained on ImageNet [25] as the backbone. And
we represent the embedding networks for RGB and thermal
images as frgb

, fth. Formally, we compute the rich map-
ping of intermediate features in a task as Frgb = frgb(xR

j ),
Fth = fth(xT

j ) and represent them as a dense set of pairs
{(Fs

l , Fq
l )}N

l=1, ∀F ∈ RGB ∪ T . Then, we select three pairs and
filter out the background information in the support images
with the support masks, resulting in {(F′s

l , Fq
l )}3

l=1.
As shown in Fig. 1, we adopt the same bi-directional modal-

ity difference elimination module for the support and query
set. Therefore, we will next take the process of the support
set as an example. Then, we apply the channel connection
of the second (l=1) and third-level (l=2) features and use a
3 × 3 convolutional layer to obtain feature maps Fsupp

rgb , Fsupp
th ,

respectively. A masked average pooling (MAP) [16] is used on
Fsupp

rgb and Fsupp
th to obtain the representative RGB and thermal

prototypes (Vs
rgb, Vs

th) in the support set. The i-th element vi

of V is calculated by the following equation:

vi =
∑w,h

x,y Fsupp
x,y ∗ [yx,y = c]

∑w,h
x,y [yx,y = c]

, (1)

where y(c) indicates the ground mask, (x, y) indexes the
position in the image, [*] is an indicator function. After
converting two modalities to the same prototype space, we
supervise the proximity of the two prototypes to each other
by the following losses, which are carried out simultaneously
in both directions.

LMD = L1(V
s
rgb, Vs

th) + L1(V
q
rgb, Vq

th), (2)

where L1(*) denotes the loss of Euclidean distance.
Since the true mask of the query set is not available, to

implement the bi-directional modality difference elimination
module of the query set, we construct a history bank that is
continuously updated during the learning process. For each
query image in both the training and validation phases, we
get the corresponding prediction mask from the history bank
according to the index and use it as the real mask.

B. RAFM

The existing bimodal FSS methods V-TFSS [22] and
ADFNet [23] both interact or fuse immediately after extract-
ing the bimodal features. They both belong to the shallow
early fusion. And [22] has proved that early fusion has better
performance than late fusion. Unlike the above methods men-
tioned, we find that deep early fusion [26] can achieve better
results than shallow early fusion for dense comparison mod-
els, as compared in Table I. The architecture of the RAFM is
shown in Fig. 2.

The RAFM consists of two components. The first is the
feature interaction component and the second is the fea-
ture aggregation component. In the first component, we
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TABLE I
QUANTITATIVE COMPARISON RESULTS OF DIFFERENT METHODS. “*” DENOTES OUR BASELINE

Fig. 2. The residual attention fusion module (RAFM).

employ parallel channel attention (CA) and spatial attention
(SA) [27] to highlight the respective uniqueness of the modal-
ities. Instead of merging the multi-layer features extracted
by the encoder at once, we first use the RGB and thermal
modal features (R, T) that have undergone similarity compu-
tation and meta-learner, element sum the two, and then feed
the RGB and thermal modal features into the first compo-
nent separately to obtain the enhanced feature representation
(Fr, Ft). Thereafter, the vectors in both branches are fused and
reweighted by performing element-by-element multiplication,
channel concatenation, and convolution.

Fr = SA(R) + CA(R). (3)

Ft = SA(T) + CA(T). (4)

Fm = Conv1 × 1(Concat(Fr ⊗ (R ⊕ T), Ft ⊗ (R ⊕ T)). (5)

In the feature aggregation component, we further fuse
features effectively by residual learning to explore deeper
complementary semantic relationships, as follows:

F′
m = BN(Conv3 × 3(Conv1 × 1(Fm))). (6)

FRAFM = DCBR(RELU(F′
m) + F′

m). (7)

These features first reduce the number of channels through
convolution blocks Conv1×1, followed by a 3 × 3 convolution
and nonlinear function (ReLU). To expand the receptive field
and extract subtle local fusion features, the dilated convolution
(k=3, r=1) [28] is followed by a batch normalization layer
and ReLU (DCBR) respectively.

C. MSEM

It can be divided into two independent sub-modules: the
mainstay enhancement module (MEM) and the query feature

Fig. 3. The proposed query feature enhancement module (QFRM).

enhancement module (QFRM). The architecture of the QFRM
is shown in Fig. 3.

In particular, the MEM emphasizes the main part of the
object by obtaining the global feature vector in two ways.
1)Vs

rgb. 2) Referring to PFENet [18], we generate a prior mask
to better match the target region in the query image.

The QFRM concentrates on mining local information in
the horizontal and vertical regions of the image. The shape
of the general convolutional kernel is standard square, which
greatly limits the learning ability of the model, since most
of the targets in the road scenes have irregular shapes other
than the main part, i.e., the subsidiary parts. DPCN [29] gen-
erates region-matching mappings using windows of different
shapes. Different from [29], we propose to learn the contextual
details of the subsidiary parts by reweighting the asymmetric
convolution.

To reduce the effect between two directions and lower the
computational effort simultaneously, we first apply the average
pooling to change the height and width of the query features
Fquy

rgb to 1.

Fw
rgb(b, c, 1, y) = 1

H

H−1∑

x=0

Fquy
rgb (b, c, x, y). (8)

Fh
rgb(b, c, x, 1) = 1

W

W−1∑

y=0

Fquy
rgb (b, c, x, y). (9)

Afterward, the initial shape is recovered by bilinear inter-
polation. A softmax layer is applied to compute the corre-
sponding spatial weight map, denoted as Ww, Wh ∈ R2×H×W .
Finally, we add the original feature maps (Fw

rgb, Fh
rgb) accord-

ing to weights (Ww, Wh) to obtain the fused feature map
Fquy

enhance. The residual connection is used to facilitate network
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training, denoted as:

(Ww||Wh) = softmax[Conv(Fw
rgb||Fh

rgb)], (10)

Fquy
enhance = Ww ∗ Fw

rgb + Wh ∗ Fh
rgb + Fquy

rgb , (11)

where soft max is used to obtain the final weight vector. Conv
indicates the convolution of the 1×3 or 3×1 shape. In this
way, the QFRM achieves the role of establishing local corre-
lations to enhance the subsidiary parts of the query features.
Finally, we connect the outputs of the MEM and QFRM along
the channel direction and then input them into the decoder to
obtain the final segmentation mask Mfinal ∈ R2×Hq×Wq.

D. Loss Function

The final prediction of BMDENet generates the second
loss L2. L2 is the mean cross entropy loss (CE) between the
prediction mask Mfinal and corresponding ground truth mask
over all pixel locations.

L2 = − 1

h × w

h∑

x=1

w∑

y=1

(
Mfinal · log(yq)

)
. (12)

The final total training loss L is the weighted sum of LMD
and L2:

L = αLMD + βL2, (13)

where α, β are adjustable loss weights. The α and β in
Eqn. (13) are set to 1.0 by default.

III. EXPERIMENTS

A. Dataset and Implementation Details

To evaluate our method, we utilize the Tokyo Multi-
Spectral-4i dataset [22], which is part of the Tokyo Multi-
Spectral images and annotations [30]. In total, 16 classes
are included. The model is optimized using Adam [31] for
200 epochs. The learning rate is initialized as 0.00005 with
batch size 2. For data augmentation, we use random hori-
zontal flipping and scaling with scale ∈ {1, 1.5}. We set
spatial size of both support and query images to 200×200.
Our framework is constructed on PyTorch1.8 with an NVIDIA
3060. We employ mean intersection over union (mIoU) and
foreground-background IoU (FBIoU) as the evaluation met-
rics, following prior FSS approaches [32], [33], [34], [35].
The dataset and code are available at: https://github.com/VDT-
2048/BMDENet.

B. Comparative Experiments

Quantitative Evaluation: In comparison experiments, we
compare our BMDENet with the classical FSS methods under
1-shot and 5-shot settings. As shown in Table II, the deep
early fusion method yields better results than shallow early
fusion. This may be because for many-to-one frameworks
like V-TFSS [22] and ADFNet [23], shallow early fusion can
help them to generate better prototypes and get more accu-
rate prospects when matching with query features later. On
the contrary, for many-to-many models like HSNet [20] and

Fig. 4. Segmentation results on unseen classes under 1-shot setting.

TABLE II
QUANTITATIVE COMPARISON RESULTS OF PROPOSED MODULES

ASNet [36], shallow early fusion destroys the dense correla-
tion between the support set and the query set, and thus the
information may be incomplete or erroneous when the meta-
learner propagates it in a top-down manner later on. In addi-
tion, our model significantly outperforms previous methods on
both in 1- and 5-shot setting, reaching the state-of-the-art on
the dataset [22].

Qualitative Evaluation: To exemplify the performance of
the model, we report some qualitative results on the 1-shot
setting. 1) As shown in Fig. 4, BMDENet does a good job
of recognizing objects in the query image, even though the
objects are in challenging scenes, such as low illumination,
darkness, or complex backgrounds. This strongly demon-
strates that BMDENet can well capture the complementary
information of the two modalities and mitigate changes in
object scale and position (e.g., bick). 2) Below the red line, we
find that the model can recognize the target well when the light
is sufficient, even if the T-image does not obviously capture the
information; the opposite will fail. The model also fails when
in a dark environment and there is no significant temperature
difference between the object and the environment. Overall,
BMDENet is still not sufficient to handle difficult samples.

C. Ablation Experiments

To demonstrate the effectiveness of the BMDENet, we
perform ablation experiments on the 1-shot setting of the
dataset [22]. There are three modules: BMDEM, RAFM, and
MSEM. The ablation experiments help us to identify which
module contributes significantly. The bimodal HSNet [20] with
deep early fusion is the baseline. Comparing the third and sixth
rows, we found that the fusion performance enhancement with
only RAFM is not as high as the combined BMDEM and
RAFM. This also suggests that BMDEM facilitates the full
interaction and fusion of subsequent multimodal information
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by reducing heterogeneity. Meanwhile, we obtain the best
performance when combining BMDEM, RAFM, and MSEM,
proving the effectiveness of all modules designed.

IV. CONCLUSION

In brief, we raise a bi-directional modality difference elim-
ination network (BMDENet) for the RGB-T FSS task of
road scenes. Specifically, we develop the BMDEM, which
reduces differences by transforming visible and thermal fea-
tures into the same space without modality interaction, and
ensures specificity while reducing heterogeneity. To improve
the robustness of the model to illumination changes, we intro-
duce the RAFM to take full advantage of RGB and thermal
properties for better information exchange and complementar-
ity. In addition, the MSEM is designed to fill in the details
and enhance the fused features using global representation
and local correlation. Furthermore, we perform comprehensive
experiments to demonstrate the advantages of our model. Our
next step will consider how to weigh the relationship between
the two modalities and add other sensors to further improve
the results.
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