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Abstract: Image—text multimodal deep semantic segmentation leverages the fusion and alignment
of image and text information and provides more prior knowledge for segmentation tasks. It is
worth exploring image-text multimodal semantic segmentation for remote sensing images. In this
paper, we propose a bidirectional feature fusion and enhanced alignment-based multimodal semantic
segmentation model (BEMSeg) for remote sensing images. Specifically, BEMSeg first extracts image
and text features by image and text encoders, respectively, and then the features are provided for
fusion and alignment to obtain complementary multimodal feature representation. Secondly, a
bidirectional feature fusion module is proposed, which employs self-attention and cross-attention
to adaptively fuse image and text features of different modalities, thus reducing the differences
between multimodal features. For multimodal feature alignment, the similarity between the image
pixel features and text features is computed to obtain a pixel-text score map. Thirdly, we propose a
category-based pixel-level contrastive learning on the score map to reduce the differences among the
same category’s pixels and increase the differences among the different categories’ pixels, thereby
enhancing the alignment effect. Additionally, a positive and negative sample selection strategy
based on different images is explored during contrastive learning. Averaging pixel values across
different training images for each category to set positive and negative samples compares global
pixel information while also limiting sample quantity and reducing computational costs. Finally, the
fused image features and aligned pixel-text score map are concatenated and fed into the decoder
to predict the segmentation results. Experimental results on the ISPRS Potsdam, Vaihingen, and
LoveDA datasets demonstrate that BEMSeg is superior to comparison methods on the Potsdam and
Vaihingen datasets, with improvements in mloU ranging from 0.57% to 5.59% and 0.48% to 6.15%,
and compared with Transformer-based methods, BEMSeg also performs competitively on LoveDA
dataset with improvements in mloU ranging from 0.37% to 7.14%.

Keywords: remote sensing image; multimodal feature fusion; multimodal feature alignment; semantic
segmentation

1. Introduction

Semantic segmentation as a pixel-level classification task assigns semantic category
labels to each pixel in the image. It is an important means of achieving automatic in-
terpretation of remote sensing images and provides the basis for many remote sensing
applications, such as land cover [1], military target detection [2], earthquake landslide
detection [3], urban ecological research [4], etc. With the rapid advancement of deep learn-
ing, semantic segmentation networks, including convolutional neural networks, recurrent
neural networks, and adversarial neural networks have become mainstream in image
semantic segmentation research. The semantic segmentation model is mainly based on
the encoder—decoder [5] structure, applying multi-scale feature fusion [6], feature pyramid
network [7], attention mechanism [8], Transformer [9], and other technologies [10] to better
extract features and achieve refined segmentation.
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Previous research on image semantic segmentation was mainly based on image in-
formation and supervised learning. In recent years, vision-language pretraining (VLP)
models have provided a novel learning paradigm combining different text and image
modalities, using multimodal information to extract more general features on large-scale
labeled training sets. The models can be applied to unlabeled data and transferred to
various downstream visual tasks such as image classification, segmentation, and target
detection, which has garnered interest from researchers. In 2021, Radford et al. [11] pro-
posed the CLIP model using large-scale image-caption pairs as training data, mapping
the global features of the image and the text features of the caption to a unified feature
space. By similarity computation and contrastive learning, the CLIP pretraining model
achieves image-level classification tasks by aligning multimodal features, novel ideas,
and significant effects to facilitate the expansion of image—text multimodal research into
semantic segmentation tasks.

The research on image-text multimodal deep semantic segmentation is mainly based
on the encoder-decoder network structure. Text and image features are extracted through
a text encoder and an image encoder respectively, and both two kinds of features are
fused and aligned, and then provided for the image decoder to obtain the pixels’ category
prediction. In feature extraction, existing methods have adopted different ways to obtain
feature representations of different modalities, including directly applying the image and
text encoder structure and its parameters in the pretraining model [12-15]; proposing a
new encoder structure [16]; and adjusting the input of the feature encoder by prompt
learning [17,18]. With the introduction of more natural language processing (NLP) models
and image semantic segmentation models, many advanced feature extraction networks
can be used directly. Determining how to construct the interactive connections between
multimodal features is the current focus of research. Multimodal feature fusion integrates
features from different modalities to obtain a more comprehensive and accurate represen-
tation, thereby improving the model’s understanding ability to multimodal data. After
obtaining the image and text features, the interaction between the image and text features
is established through multimodality fusion technology (MFT) [19]. Current MFTs achieve
unidirectional feature fusion for the text-to-image or image-to-text, such as the multimodal
cross-attention network [20], feature transformation [18], and attention mechanism in the
Transformer decoder [13]. However, these methods only adapt to a single modality of
image or text and lack the flexibility to adjust to both the image and text feature features
simultaneously.

To define the relationship between different modalities, multimodal feature alignment
performs semantic matching and computes the similarity between different modal features
to better learn features. For image—text dense semantic segmentation, two methods are
usually adopted to achieve feature alignment: one involves encoding the pixel features
within the image and category text features into a unified feature space, and computing the
similarity between the two features by the dot product. The dot product results between
pixel features and text features (i.e., pixel-text score map) determine the matching degree
of pixel and text. However, the pixel-text score map only considers the similarity between
a single pixel and the category text, ignoring the relationship between different pixels. The
other involves grouping or clustering the pixels in the image to obtain region features,
and using contrastive learning to increase the similarity of region and text features of the
same category and reduce that of different categories. However, the process of grouping
image features or predicting region masks takes a lot of time and memory space, and the
quality of the mask will also affect the final semantic segmentation result. After multimodal
feature fusion and alignment, the aligned pixel-text score map, the multimodal fused image
feature, or the pixel-text score map and image feature are concatenated by channel [21]
and are fed into the decoder to achieve segmentation prediction.

Remote sensing images are characterized by complex backgrounds, multi-scale ground
objects, and the “same objects with different spectra, different objects with similar spectra”,
which increases the difficulty of feature extraction in semantic segmentation methods. In
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addition, the label acquisition of remote sensing images is time-consuming and laborious,
which hinders the improvement of single-modal image-supervised models for remote
sensing applications. At present, the single-modal semantic segmentation for remote
sensing images faces three challenges: first, because of the phenomenon of the “same
objects with different spectra, different objects with similar spectra” in remote sensing
images, it is difficult to achieve accurate segmentation only by image spectral features.
Secondly, remote sensing images pose a challenge for feature representation and distinction
of different classes due to the problem of large intra-class variance and small inter-class
variance. Additionally, the number of different classes” pixels in remote sensing images
is usually different (i.e., class imbalance problem), and deep networks need to crop the
original large-scale image to a smaller size as input. Because the number of pixels in
some categories is too small, these categories easily disappear in the cropped input image,
resulting in degradation segmentation performance. The image—text multimodal models
show great potential in computer visual tasks. In the remote sensing field, combining
the fusion and alignment of multimodal text and image features can provide more prior
knowledge for semantic segmentation for remote sensing images. This type of research is
expected to provide new methods that can better meet the needs of practical applications
and is worth exploring [22].

In response to the above challenges, this paper proposes a bidirectional feature fusion
and enhanced alignment-based multimodal semantic segmentation (BEMSeg) model for
remote sensing images. The model consists of three parts: encoding, multimodal feature
fusion and alignment, and decoding. Firstly, a text encoder and an image encoder are used
for feature extraction. Then a bidirectional feature fusion (BFF) module is proposed to
realize multimodal feature fusion. To facilitate multimodal feature alignment, we propose
a category-based pixel-level contrastive (CPC) learning on the alignment pixel-text score
map; finally, the pixel-text score map is concatenated with the image features and fed
into the decoder to predict segmentation results. Experimental results show the BEMSeg
effectively improved performance on the semantic segmentation for remote sensing images.
The main contributions of this paper include three aspects:

¢  This paper proposes a BFF module based on self-attention and cross-attention to
maintain the completeness of single-modal semantic information while realizing the
complementarity of image—text multimodal features.

*  The CPC learning is proposed on the pixel-text score map obtained by feature align-
ment to reduce the difference among the pixels of the same category and increase the
gap among pixels of different categories.

* A selection strategy for positive and negative samples is proposed, expanding the
CPC learning to different images and making full use of the global semantic features
of pixels.

This article is organized as follows. Section 2 introduces related work on multimodal
semantic segmentation. Section 3 details the proposed model. The experimental setup and
results analysis are presented in Section 4. Finally, Section 5 provides the conclusion of
this paper.

2. Related Work

The success of CLIP [11] and ALIGN [23] inspired a series of research on combining
image-text multimodal information to achieve computer vision tasks. Currently, the
image-text multimodal semantic segmentation models adopt an encoder-decoder network
structure, after feature extraction, the image features and text features are fused and aligned,
and the aligned features are input into the decoding together with image features to predict
the category of each pixel. The research focuses involve of feature encoding, multimodal
feature fusion and alignment, and feature decoding. Different semantic segmentation
models have been studied for each focus, which are introduced and analyzed below.
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2.1. Feature Encoding

The image-text multimodal semantic segmentation models utilize a text encoder
and an image encoder to extract text features and image features respectively. Image
features are usually extracted by existing backbone networks based on pretraining CLIP
weights, such as ResNet 50, ResNet 101, ViT-L/16 [13,15,18], and masked autoencoder
pre-trained ViT [14,24]. Text features are usually extracted by the text encoder provided by
CLIP-ViT-B/32 [15] or the BERT-Large model [12].

To adapt pretraining models to specific downstream segmentation tasks, some works
finetuning CLIP encoder, the knowledge of the CLIP model is preserved as much as
possible by setting a small learning rate. Other works freeze the pretraining encoder while
introducing a set of trainable parameters in each layer of the Transformer encoder [25] or
an additional bottleneck layer to learn new task-specific features [26]. To better learn text
features, inspired by the ‘promote’ project in the NLP tasks, Zhou et al. [17] proposed setting
up learnable context prompt variables to replace manually designed prompt variables,
which are concatenated with text vectors as the input to the text encoder. In addition, some
works retrained the newly established encoder to adapt specific segmentation tasks, such
as GroupViT [16], which requires a substantial amount of training data and a large-scale
model. In our study, we apply a fine-tuning image encoder in the pretraining CLIP model
while setting learnable context variables in the text encoder, thus enhancing the feature
extraction capability for remote sensing semantic segmentation tasks.

2.2. Image-Text Information Fusion and Alignment

Text and image information are heterogeneous and complementary, using features of
different modalities is beneficial to obtain more expressive and discriminative features for
category prediction, thereby improving model performance [27]. Multimodal information
fusion is classified as feature-level fusion and decision-level fusion according to whether
features or predictions are fused to obtain a more comprehensive feature representation or
prediction. In feature-level multimodal feature fusion, some technologies such as feature
concatenate, cross-attention, and feature transformation are introduced in semantic segmen-
tation models. Certain works concatenated the extracted image features and text features
to obtain a new image-text fusion feature and then passed them into an attention mecha-
nism [20] or convolution layer [28] to explore fusion information. These methods blend the
information between multimodality and ignore the completeness of each single modal.

To integrate text features into image features, Luddecke and Ecker [18] used feature-
wise linear modulation (FILM) [29] to transform the text features into scaling and shifting
vectors, which are multiplied and added to the image features to obtain the fused image
features. To integrate image features into text features, Rao et al. [13] incorporated both
image and text features into a cross-attention module [30], which encourages the text
features to find the most related visual clues and updates them through the residual
connection between the learned output sequence and text features. These two multimodal
fusion technologies only apply an affine transformation to one modality’s features, without
considering the interaction between multimodal features. Therefore, we propose a BFF
module that uses a self-attention mechanism to model relationships within modalities and
uses the bidirectional cross-attention mechanism to realize image-to-text and text-to-image
feature fusion.

Different from multimodal feature fusion, multimodal feature alignment facilitates
joint learning of different modalities by establishing a correspondence between two dif-
ferent modal features, which can be achieved through matching and mapping [27,31].
Matching is an alignhment manner with a similarity hierarchy, achieved by enhancing the
similarity between two modal features of the same category, and mapping usually repre-
sents logical equivalence or inclusion relationships between different modal features. In
multimodal image classification, the CLIP [11] and ALIGN [23] models encoded global
image features and text features into the shared feature space and achieved matching
alignment by computing the similarity of the two features. In the segmentation task, the
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pixel features or masked image features are encoded into a shared feature space with text
features to achieve alignment. DenseCLIP [13] and LSeg [15] encoded image pixel features
and text features and computed the similarity between pixels and text features through
dot product, thereby achieving pixel-text matching. GroupViT [16] utilized pixel grouping
and contrastive learning between learned image group features and text features to achieve
multimodal feature alignment. OpenSeg [12] and MAFT [32] predicted mask proposals
of the image and used masked image features and text word features to achieve feature
alignment.

However, mask prediction, pixel clustering, or grouping during the image feature
extraction takes up more computation resources and greatly influences the final segmenta-
tion result. While the pixel-text-based alignment methods compute the similarity between
each independent pixel and the text feature, ignoring the long-range dependence between
different pixels of the same category. Therefore, different from the above methods, we
propose using contrastive learning of cross-images for pixel-text matching to establish
long-range dependencies and enhance the alignment effect.

2.3. Feature Decoding

Feature decoding is applied to multi-scale image features and aligned multimodal
features to achieve semantic segmentation prediction. In pixel-text matching, LSeg [15]
firstly fused image features of different scales into a high-resolution feature map, and
then aligned the feature map with the text features. The image feature map with high
resolution and more channels in the multimodal feature alignment process may result in a
relatively large amount of computation and memory. DenseCLIP [13] obtained the pixel-
text score map from the alignment of high-level image semantic feature and text feature,
and concatenated it with the high-level feature map, the final segmentation results are
obtained through the fusion of multi-scale feature maps. Luddecke and Ecker [18] proposed
a Transformer-based CLIPSeg decoder structure, used the multimodal fusion image feature
as input, and skip-connected the extracted image features of the encoder to obtain the
segmentation prediction results. However, CLIPSeg can only achieve binary segmentation
prediction and cannot directly complete multi-classification. Similar to DenseCLIP, we
utilize the image features and the pixel-text score map as the input of the feature decoding
and apply the multi-scale feature fusion method in Semantic FPN [33] to achieve feature
upsampling and segmentation result prediction.

3. Proposed Method

To integrate multimodal information to realize semantic segmentation for remote
sensing images, this paper proposes a bidirectional feature fusion and enhanced alignment-
based multimodal semantic segmentation (BEMSeg) model. The model’s framework is
shown in Figure 1, which contains three parts: encoder, multimodal feature fusion and
alignment, and decoder. First, a continuous learnable promote variable [17] is connected
with the category text, inputting images and texts into the image encoder and text encoder
to extract image features and text features respectively. Then the two modal features
are input into the multimodal feature fusion and alignment part. In multimodal feature
fusion, the bidirectional feature fusion (BFF) module based on the attention mechanism
is proposed to fuse image and text features mutually. In multimodal feature alignment,
using the dot product to align the fused image features and text features, the similarity
between the pixel features and text features in the image is computed, and a pixel-text
score map is obtained to capture the relationship between multimodalities. Finally, the
obtained pixel-text score map is concatenated with the image features and fed into the
decoder to predict the semantic segmentation results.

The pixel-text score map can be regarded as the prediction result at low resolution,
which is used to compute the auxiliary segmentation loss with the label. To model the
relationship among pixels after feature alignment, a category-based pixel-level contrastive
(CPC) learning is proposed on the pixel-text score map to obtain the contrastive loss. These
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two losses and the predicted semantic segmentation results are used together with the
segmentation loss computed by the real label as the final loss function to train the model.
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Figure 1. The framework of the proposed BEMSeg, which consists of an image encoder, a text
encoder, multimodal feature fusion, an alignment module, and a decoder. BFF and CPC denote
the bidirectional feature fusion module and category-based pixel-level contrastive learning in the
multimodal feature fusion and alignment module, and C denotes the number of categories. The
colored squares at the top denote the text features of different categories.

3.1. Image—Text Bidirectional Feature Fusion

The BEMSeg model employs ResNet50 and a Transformer-based network with CLIP
pretraining weights as the image encoder and text encoder, the extracted image features
and text features are expressed as {x; € RE>*WixPi}d and g € RC*DP4, where x represents
the image feature map, [ indicates the number of layers, H, W, and D indicate the height,
width and number of channels of the feature map respectively, C denotes the number of
text categories, which is equal to the number of object categories in the image. To make
full use of multimodal features to improve model performance, BEMSeg uses multimodal
feature fusion to integrate image and text features. The learnable parameters are set as the
inputs of the text encoder together with the category text words to learn the text knowledge
related to remote sensing images. Through the fusion of image-context features with text
features, the text is endowed with information about different remote sensing ground
objects, enhancing the discriminability of the text features. Due to the diverse semantic
information expressed in text, the fusion of text-to-image features is beneficial. It helps
reduce the spectral differences within the same class and increase the spectral differences
between different classes, thus alleviating the problem of “same object with different
spectra, different objects with similar spectra”. For example, the similar spectral features
between low vegetation and tree categories can be differentiated by fusing them with
distinct text features for “low vegetation” and “tree”, which can increase the categorical
differences in the image features, thereby improving the segmentation performance.

Considering the above problems, this paper proposes a bidirectional feature fusion
(BBF) module that adapts to both image and text features, the module uses a self-attention
and a bidirectional attention mechanism to achieve image-to-text and text-to-image feature
fusion. The standard Transformer decoder block in Figure 2a, contains a multi-head
attention layer and a fully connected network layer, both of which are followed by a
residual connection and a normalization layer. The matrices V and K for one feature and
the matrix Q for the other feature are the input of the multi-head attention layer, after
the Transformer block, the attention feature is obtained. To achieve attention between
different modal features, we input text features and image features into the multi-head
cross-attention layer, modifying the key-value pairs to obtain the newly fused image and
text features, thereby achieving bidirectional multimodal feature fusion. As shown in
Figure 2b, the BBF module consists of image and text branches, and each branch contains a
self-attention mechanism and a cross-attention mechanism. The image and text features
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before fusion are represented as F; and Fr, respectively, and the image and text features
obtained after fusion are represented as Fj_post and Fr_post, respectively.

FT_post

FT_post F'{pOSt

//
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|
» Add & Norm\ Add & Norm 4—\

|
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Forward Forward
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(a) Standard Transformer decoder block (b) Bidirectional attention Transformer module

Figure 2. We propose a new attention-based bidirectional feature fusion module. This structure
enables image-attention text features to be incorporated into text representations (and vice versa) by
designing a dual-branch structure and adding a self-attention mechanism.

To ensure the completeness and relevance of single-modal specific semantics, the
self-attention mechanism is adopted to model the internal connections of image and text
features, and effectively capture the global context information within the modality. In
the self-attention mechanism, the input features and three trainable parameter matrices
are used to obtain the query, key, and value matrices (e.g., Q, K, and V) through matrix
multiplication. Self-attention is computed as Equation (1):

. QKT
sel f-attention(Q,K, V) = softmax(ﬁ)V 1)
k

where KT and dj represent the transposed matrix of K and keys in K of dimension. Inputting
image features and text features into the self-attention layer separately to learn the context
relationship within each modality, then passing them into the cross-attention mechanism
to achieve multimodal feature fusion. Different from the self-attention mechanism, Q, K,
and V matrices in the cross-attention mechanism are derived from different input features.
The matrices from image features are expressed as Qj, Kj, and V}, and the matrices from
text features are expressed as Qr, Kr, and V7. The cross-attention mechanism in the image
branch can be expressed as follows:

QKT
Vi
where QKT represents the similarity between image features and text features. After

applying a softmax activation function to it, the similarity coefficient matrix of each text
feature and image feature is obtained. This coefficient matrix is multiplied by the value

Cross Attention(Qj, Kr, V1) = softmax( YVr ()
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matrix V7 of the text feature, and then the text-attention image features are obtained through
weighted summation. The image features output by the cross-attention mechanism are
residually connected to the input image features, and the multimodal fused image features
are output through fully connected layers and normalization layers. In the text branch,
using Qr, Kj, and V] as the inputs of the cross-attention mechanism to obtain the image-
attention text features.

After realizing bidirectional feature fusion, the extracted image and text features are
adjusted through a residual connection as follows to ensure semantic richness:

{U = X4 + Y1X4_post 3)
t=q+ Y24 _post

where x4 and q represent the last layer of image features and the text features, x4_post
and q_post represent image features and text features after bidirectional feature fusion,
respectively. 71 and 7, denote the learnable parameters to control the scaling ratio of the
residual and are initialized as a very small value (such as 10#) to preserve the extracted
image and text features, v and ¢ denote the image and text features after the residual
connection.

Compared with existing image-text multimodal semantic segmentation models, the
BBF module not only uses a self-attention mechanism to maintain the semantic complete-
ness of a single modality but also uses a cross-attention mechanism to achieve multimodal
feature fusion. The BBF module adaptively adjusts image and text features to obtain a
more comprehensive feature representation, reduces the difference between image and
text features, and facilitates subsequent feature alignment between multimodalities. Com-
pared with the collaborative attention Transformer layer in the visual question and answer
task [34], we added a self-attention mechanism to the BBF module after the convolutional
feature extraction network to capture the correlation within each modal feature and utilize
a cross-attention mechanism to fuse different modal features. For the first time, BEM-
Seg applied a bidirectional cross-attention mechanism in the semantic segmentation task,
adjusting feature representation through image—text multimodal feature fusion, which
provided important support for subsequent multimodal feature alignment and semantic
segmentation tasks.

3.2. Image—Text Feature Alignment

To establish the mutual semantic relationship between multimodalities and achieve
feature alignment, the dot product as follows is used to compute the similarity between the
high-level semantic pixel features and text features:

s =ot! 4)
where 9 and f refer to the normalized features of v and t respectively, s € RHs*WaxC
represents the pixel-text score map that records the similarity score between each pixel
and each category. Using normalization to constrain the values of features is beneficial to
computing the similarity between multimodal features. In the feature alignment, each pixel
feature is treated as an independent individual to compute the similarity with text features
of all categories, the relationship among different pixels is easily ignored. The pixels that
belong to the same category at different positions tend to have stronger dependencies. To
model the semantic correlation between pixels in the pixel-text score map, we propose a
CPC learning to promote the image—-text feature alignment effect on the same category. The
pixel-text score map is related to both image features and text features, and contrastive
learning on it can involve multimodal information. Compared with the image feature
map, the pixel-text score map has a smaller number of channels and therefore requires
less computation cost. In addition, CPC learning is only used during training to align
multimodal features.
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In CPC learning, based on the maximum value of a pixel on its channel in the pixel-text
score map, the predicted category to which the pixel belongs is obtained, pixels of the same
category are used as positive samples, and pixels of different categories are used as negative
samples. Then, the similarity between each pixel and the positive and negative samples is
computed, and the long-range dependence between pixels is modeled by increasing the
similarity among pixels of the same category and reducing the similarity among pixels of
different categories. The contrastive loss function InfoNCE is defined as follows:

1 exp(i-it/n)
LNCE “lo ____ P _ 5
TR B el ) + 5 o el T /) ®

where P; and N represent the positive sample set and the negative sample set of the pixel i,
respectively, i* and i~ represent the positive sample and the negative sample, respectively,
and 7 is used to control the smoothness of the loss value. For 7, a smaller value leads to a
sharper loss distribution, while a larger value results in a smoother distribution. Referring
to [35] sety = 0.1.

However, downsampling and pooling operations lead to too few or absent pixels of
certain categories in the extracted high-level image features, resulting in the lack of positive
samples and negative samples especially when the classes of remote sensing images are
imbalanced. To address this problem, this paper expands the scope of sample selection
and uses pixels of the same category in different images as positive samples and pixels of
the different categories in different images as negative samples for contrastive learning.
The pixel information among different images is conducive to obtaining the global feature
correlation in the training data set. Due to the excessive number of pixels in the entire
training set, there are too many samples in category-based contrastive learning, which
easily results in computational redundancy and has a relatively small contribution to
gradient update. Therefore, we propose a positive and negative sample selection strategy
based on different images, averaging the pixel information of different categories on each
image, to set a fixed number of positive and negative samples in each iteration process for
contrastive learning.

The specific sample selection process is as follows: assuming that the batch size is B,
the pixel-text score map s, € RH+*WaxC p € 1,. .. B is obtained by aligning the image and
text features. Then the pixel features of each category in s; are averaged to obtain the mean
samples, which are represented as p . € R%C ¢ e1,...,Cand C is the number of semantic
categories. After averaging over all pixel-text score maps, a sample set S € RE*XC*C jg
obtained, and the sample set is dynamically updated as the iteration proceeds. For a certain
category c, the number of mean samples from the same category in a batch is B and their
channel number is C. For a certain pixel i, according to its category, the positive sample
set and the negative sample set from the sample set S are denoted as P; € REXC and
N; € RB(C=1XC for contrastive learning. The contrastive loss for all pixels of the pixel-text
score map is as follows:

Leon — Zifillwél E[NCE (6)

where £iN CE is computed as Equation (5). In addition, the pixel-text score map corresponds
to the similarity value of each pixel on each category, which can be regarded as the pre-
diction result at low resolution, and the segmentation loss between the score map and the
label can serve as an auxiliary segmentation loss. The computation equation is as follows:

L. = CrossEntropy(upsample(s),y) )
where y € RE*W represents the label of the image, due to the small size, the score map is
required to upsample to the original size of the image. The auxiliary segmentation loss
enables the pixel-text score map to correct the pixel prediction category faster, which is
beneficial to the semantic segmentation task. Contrastive loss and auxiliary segmentation
loss are used to reduce the error between the pixel-text score map and the real label, thereby
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alleviating the ambiguity problem caused by the transmission of different modal feature
information.

3.3. Feature Decoding

To obtain segmentation results from the fused and aligned image features and achieve
text-guided segmentation prediction, this paper concatenates the extracted fourth layer
image feature with the pixel-text score map by channel as the updated image feature. The
multi-scale fusion strategy in Semantic FPN is used to upsample and fuse multi-scale image
features, the specific fusion network is shown in Figure 3. Starting from the fourth feature
layer, through convolutional layers and upsampling layers, the feature map is restored to
1/4 the size of the original image. Using the same strategy for each layer of feature maps,
we obtain a set of feature maps with the same number of channels and sizes and then sum
them element-wise. Finally, the convolution, upsampling, and softmax operations are used
to predict the category label of each pixel and obtain the segmentation prediction result.

CoNV->2Xx->Conv->2x->conv->2x
(2048+C)x1/32 > %
CONV->2x->CoNV->2x 128114
1024x1/16 s )
conv->2x -
512x1/8 7 128x1/4
conv —)(%)

\ 4

256x1/4 128x1/4
256x%1/4 represents char_mel number x scale size TSt EE SR a T
of the image
Kx1

Figure 3. Multi-scale image feature fusion network in the decoder of Semantic FPN.

The main segmentation loss between the predicted segmentation results and the real
labels and computed as follows:
seg ~
L, 5. = CrossEntropy(J,y) (8)
where § and y represent the predicted segmentation result and the real label. Combining
the segmentation loss, auxiliary segmentation loss, and contrastive loss to obtain the total

loss as follows:
L= L8 4 A\ L% 4 A, L0m 9)

main auxi

where A; and A, are the hyperparameters applied to adjust the loss weight. The model is
trained by the weighted sum among different losses to improve the segmentation perfor-
mance of the model. The selection of parameters will be further introduced in the ablation
experiment.

4. Experiments and Discussion
4.1. Experimental Settings
4.1.1. Dataset

To verify the semantic segmentation performance of the proposed BEMSeg model
on remote sensing images, this paper conducted experiments on the Potsdam dataset [36]
(ISPRS Potsdam 2D Semantic Labeling Challenge dataset), the Vaihingen dataset [37] (ISPRS
Vaihingen 2D Semantic Labeling Challenge dataset) and the LoveDA dataset [38]. Both
Potsdam and Vaihingen datasets have six categories, namely impervious surface, building,
low vegetation, tree, car, and clutter. The LoveDA dataset has seven categories, namely
background, building, road, water, barren, forest, and agricultural.

1.  The Potsdam dataset contains 38 images with a spatial resolution of 5 cm and spectrum
RGB. The image size is 6000 x 6000 pixels, taking the number of 2-10~2-12, 3-10~3—



Remote Sens. 2024, 16, 2289

11 of 21

12, 4-10~4-12, 5-10~5-12, 6-7~6-12, and 7-7~7-12, a total of 24 images with ground
truth labels as the training set, and the remaining 14 images are used as the test set.

2. The Vaihingen dataset contains 33 images with a spatial resolution of 9 cm and
spectrum IRRG, the image size is not fixed, with an average of 2494 x 2064 pixels.
Taking the number of areas, i.e. 1, 3, 5,7, 11, 13,15, 17, 21, 23, 26, 28, 30, 32, 34, and 37,
a total of 16 images with ground truth labels as the training set, and the remaining
17 images are used as the test set.

3.  The LoveDA dataset contains 5987 images that have been cropped into patches with
1024 x 1024 pixels. Following the official dataset split, 2522 images are used for
training and 1669 images for test in the experiments.

All images in the Potsdam and Vaihingen datasets are cropped into 512 x 512 pixels
for model training. The proportion of pixels of each category in the total number of pixels
in the two datasets is shown in Figure 4. It can be seen that the two datasets have the
characteristics of class imbalance, for example, in the Vaihingen dataset, only the “clutter”
and “car” category pixels account for 0.67% and 1.21% of the dataset, which are significantly
lower than other categories.

27.94%
20.84%
23.19%
potsdam 4 26.15%

1.21%
0.67%

29.57%
25.69%
22.61%
vaihingen { 15.51%

1.79% [ Clutter EEE Low_vegetation
4.83% — Car | Building
3 Tree 3 Impervious surface

Figure 4. Proportion of the number of pixels in each category in Potsdam and Vaihingen remote

sensing datasets.

4.1.2. Evaluation Metrics

Commonly used metrics in the field of image semantic segmentation are adopted for
evaluation, including intersection over union (IoU), mean intersection over union (mloU)
and overall accuracy (OA). Among them, the IoU is used to compute the intersection and
union ratio of the two sets of real labels and predicted values of a specific category, the
mloU represents the average of the IoU values for all categories. OA represents the ratio
of correctly predicted pixels to all pixels which can evaluate the model’s accuracy and
segmentation capabilities for all pixels. These evaluation metrics are computed as follows:

nclj
IoU, = (10)
Z]‘C:1 nc,j + Z]’Czl nj,c — Ne,c
1 C
mloU = c Z IoU, (11)
c=1
C
oA = Zesttee (12)
ZC:l TC

where 1. represents the number of pixels that belong to a class c and are correctly predicted
as the class ¢, n;j represents the number of pixels that belong to a class j but are incorrectly
predicted as another class ¢, and C represents the total number of classes. T, represents the
total number of pixels in the class c.
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4.1.3. Implementation Details

The experimental equipment in this paper is Ubuntu 20.04.4 LTS, with a CPU of
Intel®Xeon®Gold5215, and a GPU of GeForce RTX 3090 with 24 GB of memory. The
model running environment is PyTorch1.10, Python3.8, CUDA11 4, using the AdanW [39]
optimizer, weight decay is set to 0.0001, and the initial learning rate is set to 0.0001. To
better maintain the pretraining weights, the text encoder parameters are frozen, and the
learning rate coefficient in the image encoder is set to 0.1. The poly-learning strategy is
adopted, the minimum learning rate is 1 x 107°, the training count uses the number of
iterations, the data sent to a batch is trained for one iteration, the maximum number of
iterations is 8 x 10%, and the batch size is set to 4. To understand the effect of different
scales in images on segmentation performance, multi-scale testing (MS) is employed in the
test stage.

4.2. Comparative Experiments and Analysis

BEMSeg model was compared with some classic and latest semantic segmenta-
tion methods including PSPNet [40], DeepLabV3+ [41], Semantic FPN [33], BANet [42],
SwinB-CNN [43], GLOTS [44], HAFNet [45], CLIP-FPN, DenseCLIP [13] and LSeg [15].
CLIP-FPN is a basic multimodal segmentation method that is implemented in this pa-
per. Tables 1 and 2 list the network structure of comparison methods. The single-modal
methods with the backbone of ResNet50 employ ResNetV1c (https://github.com/open-
mmlab/mmpretrain/tree/main/configs/resnet, accessed on 1 June 2023) pretraining on
the ImageNet as initialized weight, and the multimodal methods use the ResNet50 model
and Transformer-based structure with pretraining CLIP weights (https://github.com/
OpenAl/CLIP, accessed on 1 June 2023). The code will be available at https://github.com/
liualice123/BEMSeg, accessed on 18 June 2024. All methods are trained and evaluated
based on the same training and test sets.

Table 1. Details of single-modal comparison methods.

Transformer  Spatial/Channel  Transformer Multilayer
Methods Backbone SPP/ASPP Encoder Attention Dncoder Feature Fusion
PSPNet ResNet50 v
DeepLabV3+ ResNet50 v
Semantic FPN ResNet50 v
BANet ResT-Lite v v
SwinB-CNN Swin Transformer v v v
GLOTS Vit-B v v v
HAFNet ResNet50 v v
Table 2. Details of multimodal comparison methods.
Methods Backbone Image Text Feature Image-t.o- Text-to-’ Mu.ltlmodal Contras".tlve
Feature Text Fusion  Image Fusion Alignment Learning
CLIP-FPN  ResNet50 v v v
DenseCLIP  ResNet50 v v v v
LSeg ViT-L v v v
BEMSeg ResNet50 v v v v v v

A quantitative evaluation of the BEMSeg model and comparison methods was con-
ducted on the Potsdam, Vaihingen, and LoveDA remote sensing datasets. The results
are shown in Table 3, and the best results for each column are highlighted in bold. An
analysis of the experimental results on the Potsdam dataset reveals the following: firstly,
among the single-modal image semantic segmentation methods, the mloU and OA values
of the DeepLabV3+ network are 77.23% and 90.33% respectively, superior to the PSPNet,


https://github.com/open-mmlab/mmpretrain/tree/main/configs/resnet
https://github.com/open-mmlab/mmpretrain/tree/main/configs/resnet
https://github. com/OpenAI/CLIP
https://github. com/OpenAI/CLIP
https://github.com/liualice123/BEMSeg
https://github.com/liualice123/BEMSeg
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Semantic FPN, BANet, SwinB-CNN, GLOTS, and CLIP-FPN. DeepLabV3+ uses dilated
convolution to expand the receptive field, however, the dilated spatial pyramid pooling
operation increases the computational complexity of the model. HAFNet is an outstand-
ing segmentation method specific for remote sensing images, which fully leverages the
strengths of a Transformer-based decoder, channel adaptive module, global cross-fusion
module, and other designs to achieve efficient performance.

Table 3. The quantitative evaluation results of comparison methods and the complexities metrics are
based on the Potsdam dataset, and the best result for each column is highlighted in bold.

Methods Potsdam Vaihingen LoveDA GFLOPs Params Trfiining Il:lference
mIoU/% OA/% mlIoU/% OA/% mloU/% OA/% ™M Time/h  Time/FPS
PSPNet 76.63 90.25 70.32 90.05 47.43 66.78 201.59 53.32 42 47.6
DeepLabV3+ 77.23 90.33 70.79 90.13 50.18 68.65 198.33 52.04 45 422
Semantic FPN  75.72 89.53 73.67 89.94 50.01 68.68 45.40 28.50 45 421
BANet 73.74 88.17 70.01 88.09 - - 58.10 28.58 - -
SwinB-CNN 75.10 89.21 68.79 87.65 54.20 70.52 114.00  104.02 - 25.3
GLOTS 76.02 89.96 70.13 88.24 55.63 70.85 - - - 19.8
HAFNet 78.76 90.45 76.37 90.29 - - 114.64 38.51 - -
CLIP-FPN 75.90 89.89 74.21 90.15 50.99 68.85 62.60 31.00 10.2 403
DenseCLIP 77.31 90.30 74.69 90.28 52.17 69.50 69.30 50.17 11.7 36.6
LSeg 78.24 90.56 75.80 90.87 55.76 70.92 - - 44.6 -
BEMSeg 79.33 91.25 76.28 90.96 54.71 70.66 70.30 54.12 15.5 34.0

Secondly, among the multimodal semantic segmentation methods, compared with the
Semantic FPN model, the mIoU and OA results of the CLIP-FPN model on the Potsdam
dataset improved by 0.18% and 0.36%. Although CLIP-FPN incorporates the alignment
of image and text features, the guiding effect of text features on the image semantic seg-
mentation task is not significant. The DenseCLIP model has a better performance than
the CLIP-FPN model, the mloU and OA improved by 1.41% and 0.41% on the Potsdam
dataset. This indicates that the fusion of image context features into text features improves
the model’s performance. Compared to DenseCLIP, the mloU of BEMSeg improved by
2.02% on the Potsdam dataset, and the computation power only increased by 2.00%. This
indicates the effectiveness of the proposed model in improving the accuracy of semantic
segmentation for remote sensing images. The mloU and OA values of LSeg are lower than
BEMSeg by 1.09 and 0.69. BEMSeg shows the best segmentation performance on the Pots-
dam dataset with the mloU surpassing comparison methods by 0.57% to 5.59% and with
an OA improvement of 0.69% to 3.08%. The OA indicator is calculated as the proportion of
correctly classified pixels to all pixels, due to the class imbalance problem in the Potsdam
dataset, the difference in pixel numbers between “large classes” and “small classes” leads to
a less obvious improvement in OA. The mloU value of HAFNet is higher than that of LSeg
while the OA value of HAFNet is lower than that of LSeg. This suggests that HAFNet pri-
marily enhances the performance of the categories with fewer pixels, whereas LSeg mainly
improves the performance of the categories with more pixels. The above conclusions are
tenable on the Vaihingen dataset. On the LoveDA dataset, the mloU and OA values of
BEMSeg are lower than LSeg by 1.05 and 0.26. The LoveDA dataset has a complex back-
ground and more categories than Potsdam and Vaihingen, and Transformer-based methods
such as GLOTS and LSeg can extract image features more accurately. Despite BEMSeg
using CNN-based ResNet50 for feature extraction, with multimodal effective fusion and
alignment, it still achieves a competitive performance. Table 3 also records the parameter
quantity (params/M), computational complexity (GFLOPs), training time (/hours), and
inference time (Frames Per Second, FPS) to evaluate the computational power and scale of
the model. Because of the SPP/ASPP in PSPNet and DeepLabV3+, the Transformer-based
encoding structure in SwinB-CNN, and Transformer-based decoder designs in HAFNet,
the GFLOPS of these four methods are large. The parameters in the Transformer encoder
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of SwinB-CNN and GLOTS are more than those of CNN-based networks, and they also
require more training time and process less image FPS in inference time. Compared with
Semantic FPN and BANet, the multimodal semantic segmentation models incorporate a
frozen Transformer-based text feature encoder, the increase in GFLOPs and parameters
is not very large. BEMSeg adopts two cross-attention modules and contrastive learning
to realize bidirectional feature fusion and enhance multimodal feature alignment, thus its
parameters and training time are more than those of DenseCLIP. LSeg uses ViT-L to encode
image features and performs multimodal feature alignment on the fused feature map with
high resolution and more channels, which requires more training time and a large number
of GFLOPs and parameters.

Regarding the segmentation performance of specific categories, the mloU values of
comparison methods on the Potsdam dataset are presented in Table 4. From the results in
Table 4, the proposed BEMSeg achieves the best IoU values in all categories, significantly
outperforming the other CNN and Transformer methods. DeepLabV3+ achieves a high
IoU value of 41.48% on the clutter category, indicating that the ASPP operation is effective
for categories with cluttered backgrounds. Semantic FPN uses multilayer image feature
fusion and has better segmentation results for the car category with an IoU of 91.45%.
HAFNet utilizes its global cross-fusion module and channel-spatial Transformer block in
the decoder to aggregate global and local details, which improves its segmentation results
for car and clutter categories, and the IoU values are 94.58% and 42.12%. In the multimodal
comparison methods, LSeg performs feature alignment on the high-resolution feature map
after simple feature fusion and uses depthwise convolution to obtain segmentation results,
whereas BEMSeg performs multimodal alignment on high-level semantic features, and
then combines multimodal alignment features and image features to obtain segmentation
results by Semantic FPN. The results on LSeg and BEMSeg indicate that the multimodal
feature alignment of high-level semantic image features with text features is probably
more effective. Compared with DenseCLIP, the BEMSeg model improved the IoU of each
category in the Potsdam dataset by 0.95%, 0.73%, 2.36%, 1.32%, 0.82%, and 7.75%, achieved
larger improvements for the “clutter”, “tree” and “low vegetation” categories, and also
improved the small object “car”. This indicates that the BEMSeg model can effectively
improve the semantic segmentation performance of remote sensing images and mitigate
the existing class imbalance problem.

Table 4. The IoU of each class of comparison methods on the Potsdam dataset, and the best result for
each column is highlighted in bold.

Methods Imperious Building Low. Tree Car Clutter mlIoU/%
Surface Vegetation
PSPNet 86.13 92.97 76.09 79.29 8787  37.45 76.63
DeepLabV3+ 86.01 92.66 76.46 79.50 8730 4148 77.23
Semantic FPN 85.69 92.67 75.71 79.05 9145  29.77 75.72
BANet 83.35 89.14 73.55 7456 8799  33.88 73.74
SwinB-CNN 84.52 924 75.07 7688 82.66  39.06 75.10
GLOTS 85.20 92.19 75.23 76.97 8437 4215 76.02
HAFNet 85.94 92.54 76.89 7932 9158 4212 78.06
CLIP_FPN 86.26 92.42 75.25 79.05 91.81 30.58 75.90
DenseCLIP 86.70 93.26 75.89 79.05 9155  35.62 77.31
LSeg 87.14 92.99 76.45 79.15 9119 4255 78.24
BEMSeg 87.65 93.99 78.25 80.37 9237  43.37 79.33

Figure 5 shows the qualitative semantic segmentation results of comparison methods
on several test images of the Potsdam dataset. It can be seen that the BEMSeg model has
achieved good semantic continuity in the “imperious surface” and “building” categories,
and the segmentation map is relatively complete. For the “clutter” category with a relatively
low proportion of pixel numbers, BEMSeg has also found the location of the categories
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and performed good segmentation. Compared with the comparison methods, the BEMSeg
model has generally achieved superior segmentation results.

(a) Image

(b) label (c) PSPNet (d) Seman_FPN (e) DeepLabV3+ (f) DenseCLIP (g) Ours

e

Figure 5. The qualitative results of comparison methods on some test images of the Potsdam dataset.

From Figure 6, it can be seen intuitively that the proposed BEMSeg method achieves
the highest or second-highest IoU value for all categories of the Vaihingen dataset. As
classical semantic segmentation methods, Semantic FPN performs well in the car category
and DeepLabV3+ performs well in the clutter category. The performance of remote sensing
semantic segmentation methods such as BANet, SwinB-CNN, and GLOTS on the Vaihingen
dataset is poor, probably because the Transformer-based encoder cannot fully capture all
the information on the few training images. HAFNet achieves the best IoU value in clutter
by combining various global and local detailed features.

The LoveDA dataset has complex background samples and inconsistent class distribu-
tions, making it more challenging for accurate segmentation. The segmentation results of
comparison methods on the LoveDA dataset are shown in Table 5, it can be seen that the
performance of SwinB-CNN, GLOTS, and LSeg is superior to other CNN-based methods,
mainly reflected in the “road”, “water” and “agriculture” categories, and LSeg obtains
the best results on mloU. This is probably because the Transformer-based encoder is more
effective at capturing more complex and variable background samples on more training
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images. BEMSeg utilizes bidirectional feature fusion and alignment between text and image
and achieves promising results on the “background”, “barren” and “forest” categories of
the LoveDA dataset. Compared with Transformer-based methods, despite being based on
CNN networks, BEMSeg still performs competitively on the LoveDA dataset.
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Figure 6. The IoU of each class of comparison methods on the Vaihingen dataset.

Table 5. The IoU of each class of comparison methods on the LoveDA dataset, and the best result for
each column is highlighted in bold.

Methods Background Building Road Water Barren Forest Agriculture mloU/%
PSPNet 52.73 62.75 51.33 57.48 23.06 36.43 48.21 47.43
DeepLabV3+ 53.98 63.87 54.05  62.07 29.24 38.59 49.45 50.18
Semantic FPN 53.05 62.70 53.70 67.34 23.08 42.08 48.01 50.01
SwinB-CNN 53.60 65.98 58.36  72.67 31.60 43.56 53.62 54.20
GLOTS 55.27 67.06 59.61  73.08 29.18 45.06 60.09 55.63
CLIP_FPN 53.28 64.81 53.84 65.29 27.26 43.88 48.53 50.99
DenseCLIP 53.29 63.95 54.44 67.50 31.64 44.00 50.34 52.17
LSeg 55.52 67.32 59.72 73.86 32.46 45.63 55.79 55.76
BEMSeg 56.79 67.05 56.77 7043 32.52 45.77 53.65 54.71

4.3. Ablation Experiments

The role of different components in the BEMSeg model is demonstrated through
ablation experiments. The network structure of CLIP-FPN is used as the baseline model,
and the BFF module and the CPC learning are successively introduced into the model. The
model with the BFF is referred to as BEMSeg-B, and the model with the CPC is referred
to as BEMSeg-C. Tables 6 and 7 record the experimental results of the model after adding
different components to the Potsdam and Vaihingen datasets.

As shown in Table 6, the introduction of each component has improved the per-
formance of the baseline model. Compared to the baseline model, the BEMSeg-B and
BEMSeg-C models have improved all evaluation metric values in all categories, effectively
mitigating the large intra-class variance and small inter-class variance problem of remote
sensing images. The BEMSeg model obtained by combining the BBF module and CPC
learning has improved the values of mloU and OA by 3.43% and 1.36% on the Potsdam
dataset, indicating that the combination of the two components is the best for improving
the performance of semantic segmentation for remote sensing images. From the training
time (/hours) and inference time (/FPS) of the model, the training times required for the
baseline, BEMSeg-B, BEMSeg-C, and BEMSeg on the Potsdam dataset are 10.2 h, 12.0 h,
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14.5 h, and 15.5 h, respectively. Compared with the baseline model, due to the addition of a
cross-attention network and comparison learning, it inevitably increases the computation
time of BEMSeg-B and BEMSeg-C. Additionally, because CPC learning is only used in the
training phase, it does not increase the inference time of the model.

Table 6. The results of ablation experiments on the Potsdam dataset, and the best result for each
column is highlighted in bold.

IoU Per Class/% Traini In
Methods : mIoU/% mF1/% OA/% .oung -nierence
Ins1per10us Building Low Vegetation Tree  Car  Clutter Time/h  Time/FPS
urface
Baseline 86.26 92.42 75.25 79.05 91.81 30.58 75.90 84.24 89.89 10.2 40.3
BEMSeg-B 87.56 93.82 77.90 80.21 9245 41.14 78.84 86.88 91.17 12.0 34.0
BEMSeg-C 87.00 93.13 76.58 7921  92.80 42.83 78.59 86.11 91.01 14.5 40.3
BEMSeg 87.65 93.99 78.25 80.37 92.87 42.87 79.33 87.29 91.25 15.5 34.0
Table 7. The results of ablation experiments on the Vaihingen dataset, and the best result for each
column is highlighted in bold.
IoU Per Class/%
Methods - — - mloU/% mF1/%  OA/%
Imperious Surface Building Low Vegetation Tree Car Clutter
Baseline 86.00 91.63 70.91 79.71 77.98 39.01 74.21 83.93 90.15
BEMSeg-B 86.68 92.00 73.24 81.32 79.02 41.84 75.68 85.08 90.87
BEMSeg-C 86.36 91.78 7213 80.95 79.56 42.86 75.60 85.15 90.79
BEMSeg 86.78 92.01 73.42 81.47 79.73 44.29 76.28 85.56 90.96

Regarding the segmentation performance of specific categories, compared with the
baseline model, the IoU values of BEMSeg-C in each category have increased by 0.74%,
0.71%, 1.33%, 0.16%, 0.99% and 12.25%, and the IoU values of BEMSeg-B in each category
have increased by 1.30%, 1.60%, 2.65%, 1.16%, 0.64% and 10.56%. For the “small class”
like “car” and “clutter” in the imbalanced categories, the segmentation performance of the
BEMSeg-C model that enhances the alignment of multimodal features through contrastive
learning is more improved than BEMSeg-B. For the “imperious surface” and “low vegeta-
tion” categories in the “large class”, the segmentation performance of the BEMSeg-B model
that uses a bidirectional fusion of multimodal features is more improved than BEMSeg-C.
This indicates that based on improvements for all categories, BEMSeg-C is better for im-
proving the segmentation performance of poor and small objects, and the category-based
pixel-level contrastive loss plays a role in the phenomenon of class imbalance in remote
sensing images; BEMSeg-B has a more prominent effect on the improvement of categories
with a wide range and a large area, which is beneficial to alleviate the “same object with
different spectra, different objects with similar spectra” problem in remote sensing images.

In Table 7, one can see that the BEMSeg model obtained by combining the BBF
module and CPC learning has improved the values of mloU and OA by 2.07% and 0.81%
on the Vaihingen dataset. it can be concluded that in the “car” and “clutter” classes in
the Vaihingen dataset, the segmentation performance of the BEMSeg-C model is more
improved than BEMSeg-B. In the “imperious surface” and “low vegetation” categories,
the segmentation performance of the BEMSeg-B model is more improved than BEMSeg-C,
verifying the above conclusion on the Potsdam dataset.

In the parameters setting of the loss function, the segmentation loss in the feature
decoding process is the main loss, with a weight value of 1, A; and A, are used to control
the weight of auxiliary segmentation loss and contrastive loss in the total loss, respectively,
with the setting range of [0, 1]. Firstly refer to the [13] set A; = 0.4, update the value of A5,
and compare the results through experiments on the Potsdam dataset. Then select the best
value of A; from the experimental results, adjust the value of A1, and compare the results
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through experiments. The mloU results of the two-parameter variation experiments are
shown in Figure 7.
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Figure 7. Different parameters of A; and A, correspond to the mIoU value of the BEMSeg model on
the Potsdam dataset.

As can be seen from Figure 7, when setting A; = 0.4, as A, gradually increases, the
performance of the BEMSeg model gradually improves, the mIoU reaches its best value of
79.33% when A, = 0.2, and then the model performance slightly declines. When setting
Ay = 0.2, the mloU of the BEMSeg model gradually increases first and then decreases as the
value of A increases. The mloU reaches its best value of 78.84% when A; = 0.4. It can be
concluded that when Ay = 0.4, A, = 0.2, the total loss value combining contrastive loss and
auxiliary segmentation loss plays the most significant role in improving the performance
of the BEMSeg model. Although the auxiliary segmentation loss is computed under the
supervision of real labels, due to its low resolution, it is easy to ignore detailed information
during the upsampling process. The contrastive loss is obtained from the results on the
pixel-text score map and it is easily affected by the error prediction of certain pixels when
its loss value is too large, leading to a decline in model performance.

5. Conclusions

This paper proposes a new semantic segmentation model, BEMSeg, which utilizes both
image and text multimodal information to address the challenges present in remote sensing
images, such as “same object with different spectra, different objects with similar spectra”,
large intra-class variance, small inter-class variance, and class imbalance. Experiments
on the Potsdam, Vaihingen, and LoveDA datasets have demonstrated the superiorities of
BEMSeg: firstly, it proposes a bidirectional feature fusion module to integrate image context
features into text features and utilize text features to guide image feature representation.
This module enhances the similarity of image features belonging to the same ground object,
amplifies the difference among the image features of different ground objects, and facilitates
the fusion of multimodal features. Secondly, on the pixel-text aligned score map, BEMSeg
proposes a category-based pixel-level contrastive learning to close the distance between
pixels of the same category, increase the distance between pixels of different categories, and
enhance the alignment effect of image and text features. In addition, BEMSeg implements
a positive and negative sample selection strategy based on different images for contrastive
learning on the entire training dataset, further improving the model’s segmentation per-
formance on imbalance categories like small objects and complex backgrounds. BEMSeg
combines image and text multimodal information to achieve semantic segmentation for re-
mote sensing images. Considering that text information can provide more prior knowledge,
determining how to combine text to achieve domain adaptation and domain generalization
of remote sensing images is the next research direction of this paper.
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