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Abstract: High-precision landcover classification is a fundamental prerequisite for resource and
environmental monitoring and land-use status surveys. Imbued with intricate spatial information
and texture features, very high spatial resolution remote sensing images accentuate the divergence
between features within the same category, thereby amplifying the complexity of landcover classi-
fication. Consequently, semantic segmentation models leveraging deep backbone networks have
emerged as stalwarts in landcover classification tasks owing to their adeptness in feature repre-
sentation. However, the classification efficacy of a solitary backbone network model fluctuates
across diverse scenarios and datasets, posing a persistent challenge in the construction or selection
of an appropriate backbone network for distinct classification tasks. To elevate the classification
performance and bolster the generalization of semantic segmentation models, we propose a novel
semantic segmentation network architecture, named the aggregated backbone network (ABNet),
for the meticulous landcover classification. ABNet aggregates three prevailing backbone networks
(ResNet, HRNet, and VoVNet), distinguished by significant structural disparities, using a same-
stage fusion approach. Subsequently, it amalgamates these networks with the Deeplabv3+ head
after integrating the convolutional block attention mechanism (CBAM). Notably, this amalgamation
harmonizes distinct scale features extracted by the three backbone networks, thus enriching the
model’s spatial contextual comprehension and expanding its receptive field, thereby facilitating
more effective semantic feature extraction across different stages. The convolutional block attention
mechanism primarily orchestrates channel adjustments and curtails redundant information within
the aggregated feature layers. Ablation experiments demonstrate an enhancement of no less than
3% in the mean intersection over union (mIoU) of ABNet on both the LoveDA and GID15 datasets
when compared with a single backbone network model. Furthermore, in contrast to seven classical or
state-of-the-art models (UNet, FPN, PSPNet, DANet, CBNet, CCNet, and UPerNet), ABNet evinces
excellent segmentation performance across the aforementioned datasets, underscoring the efficiency
and robust generalization capabilities of the proposed approach.

Keywords: backbone network; landcover classification; semantic segmentation; aggregated feature

1. Introduction

Landcover classification is the process of distinguishing different types of naturally
occurring landcover through remote sensing image data processing, which provides im-
portant geospatial data for decision making and monitoring in the fields of environmental
monitoring, urban planning, precision agriculture, resource management, and so on [1,2].
With the rapid development of remote sensing imaging technology, the rapid acquisition of
meter-scale remote sensing images provides the possibility of fine landcover classification
and mapping [3]. However, the feature differences within high-precision landcover cate-
gories become significantly larger, making it more difficult to distinguish surface covers
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with complex compositional elements [4]. Misidentification of landcover categories will
cause a huge waste of remote sensing data resources, and it is difficult to produce effective
application value. Therefore, how to realize the fine classification of landcover has become
a hot issue to be solved [5].

In recent years, deep learning models for landcover classification based on convo-
lutional neural networks (CNNs) have been widely studied and have shown powerful
performance over traditional methods that rely on manual feature extraction and shal-
low machine learning algorithms [6]. Michael Kampffmeyer et al. [7] first introduced an
end-to-end convolutional neural network model for remote sensing imagery landcover
mapping. After that, the semantic segmentation model for remote sensing images gradually
formed an encoder–decoder architecture containing a backbone network, a neck, and a
segmentation head [8–10]. Therefore, the semantic segmentation model based on the CNN
as the backbone network has become a mainstream method for studying the high-precision
landcover classification problem. However, different backbone networks have different
abilities to extract features due to their different convolutional structures, which leads to
different classification results [11]. Therefore, how to efficiently apply different backbone
networks for landcover classification still deserves further exploration.

To compare the performance of semantic segmentation models based on different
backbone networks, scholars have carried out related studies on backbone networks and
provided some new inspirations. Marc et al. [12] used two model structures, UNet and
Deeplabv3+, in combination with three backbone networks, namely, MobileNet-V3, ResNet-
50, and EfficientNet-B4, to test their abilities to segment flooded areas under different envi-
ronmental conditions and data availability. Results showed that the MobileNet-V3-based
UNet model performed the best. This implies that the appropriate backbone network needs
to be selected in advance under different datasets and environmental conditions. In a
pioneering study, Liu et al. [13] generated a more powerful backbone network (CBNet) by
combining ResNet and ResNeXt through a stage-by-stage composite connection strategy
of different backbone networks, and the experimental results demonstrated that CBNet
possessed a stronger generalization ability than a single backbone network on different
target detection datasets. Liang et al. [14] further improved CBNet by a dense connec-
tivity strategy of backbones and assisted supervised training to achieve an increase in
classification accuracy, which provides a novel idea for model architecture improvement.

In the pursuit of leveraging a backbone network fusion strategy for the development of
a remote sensing semantic segmentation model, this study meticulously selects the follow-
ing three pre-eminent backbone networks for fusion: ResNet, HRNet, and VoVNet. Notably,
ResNet facilitates feature extraction by serially connecting residual convolutional blocks
at each network stage, thereby enabling profound feature extraction. In contrast, HRNet
fosters feature extraction through parallel connections at each stage of the convolutional
blocks, adeptly amalgamating features from multi-scale receptive fields. Furthermore,
VoVNet strategically aggregates all preceding convolutional blocks exclusively at the final
layer of each stage, thereby amplifying the receptive fields and enhancing feature extraction
efficiency. After the multi-scale fusion of the backbone network, feature optimization is
meticulously achieved through the integration of a convolutional attention mechanism. The
amalgamation with the Deeplabv3+ network architecture gives rise to the aggregated back-
bone network (ABNet), tailored specifically for the fine-grained classification of landcover.

The main contributions of this paper include the following: (1) An efficient feature
extraction strategy using multiple existing backbone networks is proposed. (2) An effi-
cient and effective aggregated backbone network (ABNet) to enhance multi-scale feature
extraction and fusion capabilities for remote sensing image semantic segmentation work is
proposed. ABNet leverages the Deeplabv3+ head and reconstructs the backbone network
through the same-stage fusion of ResNet-50, HRNet-48, and VoVNet-39. (3) Experimental
results demonstrate that ABNet achieves comparable performance to the state-of-the-art
methods on the LoveDA and GID datasets.
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The rest of this paper is organized as follows. Section 2 introduces related research
work, mainly reviewing the development of representative backbones and ensemble meth-
ods of semantic segmentation in the field of fine landcover classification in recent years.
Section 3 elaborates on the structure of the proposed ABNet and details the design ideas of
the aggregated backbone network. Section 4 gives the experimental details and results on
the LoveDA dataset and Gaofen Image Dataset (GID). The advantages, limitations, and
potential improvements of our proposed method will be elaborated on in Section 5. In
Section 6, conclusions and future works are provided.

2. Related Work
2.1. Backbones for Remote Sensing Image Semantic Segmentation Work

The pivotal role of backbone networks in feature extraction remains integral to the
fabric of semantic segmentation models [15], which is particularly evident in the realm of
remote sensing classification, as shown in Table 1. Since the inception of AlexNet in 2012,
progressive enhancements in backbone networks have predominantly revolved around
augmenting both network depth and width. VGG-16 [16] constitutes a prototypical deep
network by increasing the number of network layers. However, the deepening of network
layers often precipitates the potential vanishing or explosion of computational gradients.
Addressing this concern, He et al. [17] ingeniously introduced the residual connection
module to alleviate the convergence challenges encountered by deep networks. Further-
more, Inceptionv3 [18] astutely observed that augmenting the model width effectively
bolsters feature extraction through the incorporation of branches with multi-scale convo-
lutional kernels. Beyond the model architecture, the effective interconnection between
feature layers emerges as a focal avenue for enhancing backbone networks. In this con-
text, DenseNet [19] forges dense connections between preceding and subsequent layers,
harnessing multi-layer features to optimize segmentation performance. In a bid to pare
down the parameter count, VoVNet [20] boosts computational efficiency by densely linking
previous layer features exclusively to the last layer, drawing inspiration from DenseNet.
HRNet [21], on the other hand, intertwines the outputs of multiple resolutions in paral-
lel, engendering a richer, high-resolution representation. Leveraging the neural structure
search technique, EfficientNet [22] delves into an exploration of network resolution, depth,
and width parameters, rationalizing their configuration to bolster model enhancement
efficiency. Meanwhile, Res2Net [23] delineates multi-scale features at a granular level by
constructing hierarchical residual connections within the same residual block, sans an
expansion in the network depth. These contemporary mainstream backbone networks
exhibit distinct model structures and generalization proficiencies tailored to their specific
developmental tasks.

Table 1. Representative backbones used in remote sensing classification.

Backbone First
Publication Features Application in Remote

Sensing

VGG-16 [16] 2014 Deep convolutional
network

Topography and geomorphology
classification [24]

ResNet-50 [17] 2016 Residual connection Multispectral image
classification [25]

Inceptionv3 [18] 2016 Multi-scale
convolutional kernel

Sheltered Vessels
classification [26]

DenseNet [19] 2017 Dense connection of
all layers Road extraction [27]

VoVNet [20] 2019 Dense connection of
the final layer Open-pit mine extraction [28]
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Table 1. Cont.

Backbone First
Publication Features Application in Remote

Sensing

HRNet [21] 2019
Parallel connection of

multi-resolution
layers

Landcover classification [29]

EfficientNet [22] 2019 Neural structure
search Mars scene recognition [30]

Res2Net [23] 2021 Hierarchical residual
connection

Remote sensing scene
recognition [31]

2.2. Research on Fine Landcover Classification with Semantic Segmentation Network

Since the full convolutional neural network (FCN) [32] realizes the pixel-by-pixel
semantic segmentation of images, many classical semantic segmentation models based on
convolutional neural networks have been developed, such as UNet [33], Deeplabv3+ [34],
FPN [35], PSPNet [36], DANet [37], UPerNet [38], and CCNet [39], extensively embraced in
remote sensing semantic segmentation applications [40–43]. Remote sensing semantic seg-
mentation models dedicated to landcover classification chiefly fall into distinct categories,
including the pixel-based CNN, object-based CNN, graph-based CNN, siamese CNN,
and ensembled CNN, with the ensembled CNN model emerging as adept at efficiently
addressing complex landcover scenarios [44].

In the pursuit of heightened accuracy, Bigdeli et al. [45] achieved superior classification
by optimally amalgamating the classification results of CNN models constructed from
diverse sensor datasets. Faced with a dearth of labeled samples, Fan et al. [46] crafted
an integrated teacher model to autonomously pick samples from an extensive pool of
unlabeled data, culminating in dataset generation. A pivotal notion entails the integration
of results generated by multiple backbone network models in a channel-by-channel super-
position fashion. Complementing inputs or outputs, scholars have sought to consolidate
deep learning models during their training process. Notably, Cao et al. [47] bolstered the
classification accuracy of the ISPRS 2-D dataset by harnessing complementarities between
diverse models, coalescing to jointly learn the solution domains of multiple semantic seg-
mentation models. Additionally, Ekim et al. [48], premised on the training process of three
loss optimization methods, honed the integration of distinct model outputs to fortify the
robustness of the landcover classification model.

Cumulatively, these investigations meld the computational attributes of divergent
networks to yield refined semantic segmentation results. Yet, the variance in classification
outcomes stems from disparities in feature layer outputs across dissimilar model structures,
disregarding the potential integration of feature layers encapsulating distinct semantic
information. This oversight of structural dissimilarities may precipitate the omission of
essential extraction outcomes.

3. Methods
3.1. Aggregated Backbone Network

Deep learning semantic segmentation models based on features extracted from back-
bone networks have been widely used in the fine landcover classification of remote sensing
images. However, for remote sensing datasets with complex feature distributions, it is still
challenging to select an appropriate backbone network. In addition, a single backbone
network is usually unable to extract effective and relevant features from complex scenes,
especially on datasets with diverse classes and large intra-class variations. To overcome
this problem, this study selects three backbone networks to construct an aggregated back-
bone network (ABNet), aggregates the feature layers of different backbone networks by
same-stage fusion, then optimizes the merged features by a convolution block attention
mechanism, and finally outputs the classification results by the Deeplabv3+ head [34] (as
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shown in Figure 1). Specifically, ResNet, HRNet, and VoVNet are used in this study and
described in Section 3.2. Different backbone networks extract the semantic features of the
classified objects in different ways, and the aggregation backbone network utilizes the
characteristics of each backbone network and enhances the feature extraction ability by
using the same-stage fusion method at different scale stages of feature extraction, which
will be described in detail in Section 3.3. The CBAM attention mechanism extracts the
features of the different backbone networks aggregated at different stages adaptively and
optimally using the channel attention module and the spatial attention module, which will
be described in Section 3.4.
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tic segmentation.

3.2. Basic Backbone Networks
3.2.1. Residual Network (ResNet)

In a conventional convolutional neural network, the output of the layer is used as the
input to the neural network in layer (i + 1) during forward propagation. The expression
is defined as follows: xi = Li(xi − 1). As the number of neural network layers increases,
it leads to the problem of gradient vanishing or gradient explosion. Residual Network
(ResNet) adds a jump connection to the traditional convolutional neural network and
constructs the residual module by nonlinear transformation and the activation function,
whose expression is defined as xi = Li(xi − 1) + xi − 1. One of the advantages of ResNet is
that the gradient can flow directly from deep to shallow layers, thus avoiding the problem
of gradient vanishing and gradient explosion that occurs when the model becomes deeper,
and thus it has become the mainstream encoder backbone network.

3.2.2. High-Resolution Network (HRNet)

Typically, deep convolutional neural networks gradually generate features from high
to low resolution through cascaded convolutional blocks and downsampling or pooling
operations at different stages. However, high-resolution networks employ parallel con-
nections of convolutional streams from high to low resolution, where the output at each
resolution is the sum of the already generated resolution in the previous stage, mathemat-
ically defined as Rr

s = f (R1
s−1) + f (R2

s−1) · · ·+ f (Rr−1
s−1), where s represents the different

stages and r represents the different resolutions. Furthermore, as the resolution decreases,
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information from different resolution features is exchanged repeatedly. HRNet gains richer
semantic representation, more precise spatial information, and a stronger feature extraction
capability by exchanging information across resolutions repeatedly.

3.2.3. Variety of View Network (VoVNet)

To enhance the fusion of shallow and deep features in the neural networks, a Dense
Connected Network (DenseNet) has been proposed. In DenseNet, each subnetwork layer
takes the outputs of the previous layers as inputs after concatenating them in the channel
dimension, i.e., the input of layer i is the output of layers 1 to (i − 1), whose expression is
defined as follows: xi = Li([x0, x1, . . . xi−1]). However, too many dense connections in the
intermediate layers leads to the computational inefficiency of DenseNet. VoVNet proposes
the strategy of one-shot aggregation, which not only adopts the advantage of DenseNet,
i.e., the advantage of representing diverse features with multiple sensory fields, but also
overcomes the inefficiency of dense connections. One-shot aggregation is performed only
once for all features in the last feature map of each stage, and its expression is defined as

xs =
i−1
∑
1

Li([x0, x1, . . . xi−1]).

While reducing the model complexity, VoVNet still maintains the effective use of global
information, and this global context summarization capability improves the interpretation
and characterization of fine and complex features.

3.3. Backbone Ensemble

The majority of ensemble methods necessitate a voting strategy to compare output
results from various models and enhance the final prediction [49]. This research introduces
a novel approach by amalgamating multiple existing backbone networks through intricate
connections between adjacent backbone networks, thereby creating a more robust com-
posite backbone network known as the aggregated backbone network (ABNet). Through
this process, ABNet includes output features from different backbone networks as part
of the input features, progressively fusing them for the model and ultimately conducting
semantic segmentation via the decoder’s feature mapping.

Model diversity implies the significance of training models with distinct architectures
or techniques, which has been widely acknowledged within the model ensemble [50].
Hence, this study adopts the same-stage fusion approach to combine the backbones of
three different architectures, namely, HRNet, ResNet, and VoVNet. Specifically, HRNet
employs the HRNet-48 structure with 4 stages, ResNet employs the ResNet-50 structure
with 4 stages, and VoVNet employs the VoVNet-39 structure with 5 stages, as illustrated in
Figure 2.

Each stage consists of several convolutional layers with the same-sized feature map-
pings, except the Stem layer in HRNet-48 and ResNet-50, and apart from the Stem layer
and the first stage in VoVNet-39. Furthermore, the downsampling for each stage is accom-
plished by 3 × 3 max-pooling with a stride of 2. The specific structures are presented in
Table 2. Upon preprocessing an input image of size C through the Stem layer, HRNet-48
and ResNet-50 engage in convolutional operations to produce the first stage output, re-
sulting in a size of C/4. Similarly, VoVNet-39 requires convolutional operations in the
Stem layer and the first stage to attain an output size of C/4, aligning it with the out-
puts from HRNet-48 and ResNet-50. This process of merging the outputs from various
stages of HRNet-48 and ResNet-50 with the subsequent stage output of VoVNet-39 yields a
multi-scale aggregated result.
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Table 2. Detailed module structures for each stage of HRNet-48, ResNet-50, and VoVNet-39. The
downsampling for each stage is accomplished by 3 × 3 max-pooling with a stride of 2.

Stage HRNet-48 ResNet-50 VoVNet-39

Stem
3 × 3 conv,

64, stride = 2
3 × 3 conv, 64,

stride = 2

7 × 7 conv,
64, stride = 2

3 × 3 max pool,
stride = 2

3 × 3 conv, 64, stride = 2

Stage1
[

1 × 1conv, 48
3 × 3conv, 48
1 × 1conv, 48

]
×4

[
1 × 1conv, 64
3 × 3conv, 64
1 × 1conv, 256

]
×3

3 × 3 conv, 64, stride = 1
3 × 3 conv, 128, stride = 1

Stage2
[

3 × 3conv, 96
3 × 3conv, 96

]
×4

[
1 × 1conv, 128
3 × 3conv, 128
1 × 1conv, 512

]
×4

[
3 × 3conv, 128, × 5
concate & 1 × 1conv, 256

]
×1

Stage3
[

3 × 3conv, 192
3 × 3conv, 192

]
×4

[
1 × 1conv, 256
3 × 3conv, 256
1 × 1conv, 1024

]
×6

[
3 × 3conv, 160, × 5
concate & 1 × 1conv, 512

]
×1

Stage4
[

3 × 3conv, 384
3 × 3conv, 384

]
×4

[
1 × 1conv, 512
3 × 3conv, 512
1 × 1conv, 2028

]
×3

[
3 × 3conv, 192, × 5
concate & 1 × 1conv, 768

]
×2

Stage5
[

3 × 3conv, 224, × 5
concate & 1 × 1conv, 1024

]
×2

3.4. Convolutional Block Attention Module (CBAM)

To enhance the feature representation after merging multiple backbone networks
and mitigating redundant information within the merged feature layer, we propose an



Remote Sens. 2024, 16, 1725 8 of 20

optimization method through the utilization of the convolutional block attention model [51]
(as shown in Figure 3). This approach aims to focus on essential parts of the feature map
while suppressing noise and uncertainty. The convolutional attention model consists of the
following two key components: the channel attention and spatial attention models. These
models generate the channel attention weights and spatial attention weights, respectively.
Subsequently, the attention weights are multiplied by the input feature map to achieve
adaptive feature refinement. The specific formula is as follows:

Fc = Mc(F)⊗ F (1)

Fout = Ms(Fc)⊗ Fc (2)

F represents the input feature map, Fc represents the input feature map after channel
attention, Mc represents the channel attention model, Ms represents the spatial attention
model, ⊗ represents the pixel-by-pixel multiplication, and Fout represents the final opti-
mized output.
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4. Experiments and Results
4.1. Datasets
4.1.1. LoveDA Dataset

LoveDA is a well-labeled and challenging landcover classification dataset [52]. The
images were collected from Nanjing, Changzhou, and Wuhan cities, covering 18 differ-
ent administrative districts. LoveDA dataset were acquired by Spaceborne sensors and
collected from two main scenarios, urban and rural, containing a total of 2522 training
samples and 1669 test samples. Each image contains red, green, and blue bands with a size
of 1024 × 1024 pixels and a spatial resolution of 0.3 m. The labels contain the following
seven categories: background, building, road, water, barren, forest, and agricultural land
(Figure 4). The LoveDA dataset has become one of the most challenging landcover datasets
in the field of semantic segmentation for remote sensing due to its multi-scale targets,
complex background, and discontinuous category distribution.
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4.1.2. Gaofen Image Dataset (GID)

The Gaofen Image Dataset (GID) is a large-scale landcover classification dataset [53]
which contains widely distributed Gaofen-2 satellite images. GID contains 150 high-quality
GF-2 images acquired from more than 60 different cities in China. The Gaofen image dataset
contains a large-scale classification (LSC) dataset and a fine landcover classification (FLC)
dataset. To verify the effectiveness of the extracted method, the fine landcover classification
set providing 15 categories was selected as the experimental dataset in this study (Figure 5),
which is known as the GID15 dataset. The GID15 dataset contains a total of 10 pixel-level
labeled images of 7200 × 6800 size, a spatial resolution of 0.81 m, and four spectral bands of
IRRGB. This dataset was first cropped into non-overlapping 2100 patches of 512 × 512 size,
and then these patches were divided into 1680 training samples and 420 validation samples.
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4.2. Implementation Details

All experiments were implemented by the Python 3.8 and Pytorch 1.10.0 framework
and trained on a 1 NVIDIA RTX A6000 GPU with 48 G of RAM. The batch size was set to
eight, the number of working threads was four, and the cross-entropy loss function was
used to calculate the loss values for all networks [54]. The optimizer used an SGD with a
momentum value of 0.9 and weight decay of 0.0005. The learning rate was initialized with
0.01 and scheduled by the poly strategy. In addition to expanding the dataset, all training
samples performed image enhancement operations including a random horizontal flip,
vertical flip, and random scaling in the range of [0.5, 0.75, 1.0, 1.25, 1.5, 1.75] (all with equal
probability). For all backbone networks, we used the models pre-trained on the ImageNet
dataset as the initial weight files for the network training.

4.3. Evaluation Metrics

In this study, we use the overall accuracy (OA), intersection over union (IoU), mean
intersection over union (mIoU), and mean accuracy (mAcc) to measure the performance
of ABNet, as shown in Equations (3)–(6). The OA denotes the overall accuracy of the
classification result; the IoU denotes the similarity between the predicted results and the
true values; the mIoU denotes the average IoU value across all categories; the mAcc denotes
the average classification accuracy across all categories.

OA =
TP + TN

TP + TN + FP + FN
(3)

IoU =
TP

TP + FP + FN
(4)

mIoU =
1
N

N

∑
c=1

TPc

TPc + FPc + FNc
(5)

mAcc =
1
N

N

∑
c=1

TPc

TPc + FNc
(6)

where TP and TN are the positive and negative examples of correct predictions; FP and FN
are the positive and negative examples of incorrect predictions.

Furthermore, the following two criteria have been adopted to evaluate the model
complexity: (1) floating-point operations (FLOPs), which is the number of floating-point
operations accounting for the computational complexity; (2) parameters, which is the
number of trainable parameters representing the model size.

4.4. Ablation Studies

To assess the efficacy of both single backbone networks and aggregated backbone
networks, we employed the Deeplabv3+ decoding model as a unified segmentation head.
Experiments were individually performed utilizing ResNet-50, HRNet-48, VoVNet-39, and
the aggregated backbone as the encoder’s backbone network. Ablation experiments were
executed on both the LoveDA dataset and the GID15 dataset, with the ensuing experimental
results expounded upon in Sections 4.4.1 and 4.4.2, respectively.

4.4.1. LoveDA Dataset

Illustrated in Figure 6, the classification accuracy of the aggregated backbone network
demonstrates notable improvements in contrast to ResNet-50, HRNet-48, and VoVNet-39.
The aggregated backbone network surpasses ResNet-50, HRNet-48, and VoVNet-39 by over
3% in terms of the overall accuracy (OA), mean accuracy (mAcc), and mean intersection
over union (mIoU). Consequently, the amalgamation of diverse backbone networks proves
to be an effective strategy for enhancing the performance of semantic segmentation models
in the context of encoder–decoders.
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As depicted in Table 3, the aggregated backbone network exhibits superior perfor-
mance over ResNet-50, HRNet-48, and VoVNet-39 across all categories of the LoveDA
dataset. Remarkably, ABNet notably enhances the segmentation performance of water
bodies and bare land by a minimum of 7.14% and 4.63% in comparison to the other three
backbone networks. Moreover, the aggregated backbone network demonstrates varied
degrees of improvement across categories, including buildings, roads, forests, agricultural
land, and background.

Table 3. IoU (%) for ablation experiments on the LoveDA dataset.

Backbone Background Building Road Water Barren Forest Agricultural

ResNet-50 52.19 56.03 51.51 62.85 22.4 39.83 50.56
HRNet-48 52.87 59.63 53.01 60.85 29.23 38.58 47.66
VoVNet-39 48.98 62.51 53.51 61.32 18.06 37.48 45.65

ABNet 53.85 63.69 54.06 69.99 33.86 40.23 51.33

To more effectively demonstrate the advantages of the aggregated backbone network
in comparison to other backbone networks, we present the visualization results of different
backbone networks in Figure 7. In Figure 7a, the aggregated backbone network excels
in recognizing complex shapes of bare ground. Moreover, in Figure 7b, the aggregated
backbone network demonstrates superior recognition of small-scale water bodies. Figure 7c
illustrates the aggregation backbone network’s ability to minimize misclassifications of
forests, buildings, and roads. While in Figure 7d, the network effectively reduces misclassi-
fications of agricultural land, water bodies, and forests. Combining the observations from
Table 3 and Figure 7, it is evident that the aggregated backbone network not only excels in
recognizing intricate features that pose challenges to individual backbone networks but
also enhances the recognition capabilities across multi-scale targets.
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4.4.2. GID15 Dataset

To further verify the generalization performance of the aggregated backbone network,
we conducted ablation experiments using the GID15 dataset, which encompasses 15 cate-
gories. In this study, Table 4 and Figure 8 present the IoU and visualization results from the
classification of the GID15 dataset, leveraging ResNet-50, HRNet-48, VoVNet-39, and the
aggregated backbone as the backbone network, respectively.

As observed in Table 4, the segmentation accuracy of the aggregated backbone network
on the GID15 dataset significantly surpasses that of ResNet-50, HRNet-48, and VoVNet-39,
with the mean intersection over union improved by 4.59%, 3.45%, and 3.24%, respectively.
Except for rural residential land and artificial grassland, the IoU of segmentation by ABNet
exhibits differing degrees of enhancement compared to the other three backbone networks.
Specifically, ABNet proves highly effective in classifying shrub land, demonstrating a
minimum increase of 6.15% in the IoU. Furthermore, ABNet also enhances the classification
accuracy of garden plots, natural grassland, ponds, paddy fields, and dry cropland, with
minimum increases of 4.68%, 2.95%, 2.85%, 2.42%, and 2.05%, respectively. Additionally,
ABNet improves the segmentation accuracy of the background, industrial land, urban
residential land, traffic land, irrigated land, arbor woodland, river, and lake classes to a
certain extent.



Remote Sens. 2024, 16, 1725 13 of 20

From Figure 8a–c,e,g, it is evident that our results better preserve the geometric fea-
tures of the objects, aligning more closely with the manually labeled results and exhibiting
more regular shapes. Figure 8d demonstrates that our proposed method reduces misclas-
sifications of small-scale targets in ponds. Furthermore, Figure 8f visually illustrates a
substantial improvement in the segmentation accuracy of shrub land, providing compelling
evidence for the superiority of ABNet.
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Table 4. IoU (%) for ablation experiments on the GID15 dataset.

Class ResNet-50 HRNet-48 VoVNet-39 ABNet

Background 70.01 69.61 70.47 73.02
Industrial land 59.51 60.03 61.93 63.43

Urban residential 64.34 63.58 66.57 67.38
Rural residential 56.03 54.18 58.09 57.81

Traffic land 59.93 63.86 63.9 64.05
Paddy field 63.07 65.8 64.52 68.22

Irrigated land 71.37 71.29 71.24 73.27
Dry cropland 59.01 56.68 58.76 61.06
Garden plot 31.38 39.54 24.02 44.22

Arbor woodland 78.35 78.64 75.52 79.39
Shrub land 13.67 23.15 21.67 29.3

Natural grassland 61.94 62.54 64.06 67.01
Artificial grassland 24.37 24.53 32.62 30.03

River 79.85 78.81 80.48 82.7
Lake 70.99 67.99 69.79 71.69
Pond 62.29 64.01 63.99 66.86
mIoU 57.88 59.02 59.23 62.47

4.5. Comparing with the State-of-the-Art

To showcase the superior performance of our method, a series of experiments were
conducted to compare it with other state-of-the-art semantic segmentation models. This
study selected mainstream single backbone network models and a composite backbone
network model for experiments with equivalent training configurations on the LoveDA
and GID15 datasets. The single backbone network models included UNet, FPN, PSPNet,
DANet, CCNet, and UPerNet utilizing the widely used ResNet-50 as the backbone network
for experimentation. CBNet, as a representative of composite backbone network models,
involved the composite connection of ResNet and Res2Net as the backbone network for
experimentation. UNet is a classic encoder–decoder semantic segmentation model; FPN,
PSPNet, and UPerNet represent feature pyramid methods; DANet and CCNet represent
attention mechanism methods; and CBNet represents an approach to convergence of
multiple backbone networks.

4.5.1. LoveDA Dataset

Table 5 illustrates the accuracy results obtained from the different models after training
on the LoveDA dataset. Whether considering the OA, mIoU, or mAcc, the segmentation
accuracy of ABNet outperforms the other models. In comparison to UNet, the mIoU
demonstrates a 7.33% improvement, and when compared with CCNet, there is a 1.51%
increase in the mIoU. The mIoU of FPN, PSPNet, DANet, and UPerNet all surpass that of
UNet, but are lower than that of CCNet.

Table 5. Accuracy results of different models on the LoveDA dataset (%).

Model Backbone OA mIoU mAcc

UNet ResNet-50 63.50 45.10 61.76
FPN ResNet-50 67.88 49.76 62.99

PSPNet ResNet-50 68.82 50.53 62.08
DANet ResNet-50 68.19 48.73 60.13
CBNet CB-ResNet50 68.26 50.28 62.39

UPerNet ResNet-50 68.72 50.36 62.03
CCNet ResNet-50 68.87 50.92 63.72

ABNet Aggregated
Backbone 72.75 52.43 67.82
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From Figure 9a, it is evident that ABNet significantly extracts the barren feature
compared to the other models, showcasing that features that are challenging to distinguish
by a single backbone network can be more effectively identified by the composite backbone
network. In Figure 9b, it is noticeable that ABNet is less adept than CCNet and UPerNet in
extracting small-sized water bodies. However, as depicted in Figure 9c,d, ABNet delineates
agricultural land more effectively than CCNet and UPerNet. This shows that the proposed
model can effectively improve the task of semantic segmentation of remote sensing images
by fusing the structure of different backbone networks.
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Figure 9. Comparison of prediction results of different state-of-the-art models on the LoveDA dataset.
(a–d) shows the typical case that it is difficult to identify barren, water, building, and agriculture.

4.5.2. GID15 Dataset

In this study, we conducted experiments on the GID15 dataset, which contains finer
categories, to evaluate the efficacy of ABNet. Table 6 demonstrates the segmentation
accuracy obtained after training various models on the GID15 dataset. Across metrics such
as the overall accuracy (OA), mean intersection over union (mIoU), and mean accuracy
(mAcc), ABNet consistently outperforms the other models. Notably, in comparison to
UNet, the mIoU is improved by 7.58%, while, compared with CBNet, there is a 1.20%
enhancement in the mIoU. Additionally, the mIoU values of FPN, PSPNet, DANet, CCNet,
and UPerNet surpass that of UNet, although they are lower than that of CBNet.

Table 6. Accuracy results of different models on the GID15 dataset (%).

Model Backbone OA mIoU mAcc

UNet ResNet-50 81.33 54.89 65.39
FPN ResNet-50 81.74 59.66 67.77

PSPNet ResNet-50 82.05 60.78 68.48
DANet ResNet-50 82.19 60.84 68.83
CCNet ResNet-50 82.29 60.46 69.09

UPerNet ResNet-50 82.27 61.09 69.54
CBNet CB-ResNet50 82.83 61.27 68.92

ABNet Aggregated
Backbone 83.27 62.47 72.74

Moreover, in Figure 10, we provide a comprehensive comparison result. Specifically,
Figure 10a emphasizes the superior capability of ABNet in correctly recognizing small-
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sized features, a task in which the other models encounter challenges. Furthermore,
Figure 10b demonstrates ABNet’s precise classification of water body edges, surpassing
the performance of the other models. Similarly, in Figure 10c, the result indicates that
ABNet excels in extracting shrub land, implying its effectiveness in classifying intricate
feature targets. Finally, Figure 10d illustrates the consistency of ABNet in extracting the
contour boundaries of rice fields, showcasing its ability to achieve superior segmentation
performance, particularly for finer feature classes.

Remote Sens. 2024, 16, x FOR PEER REVIEW  18  of  22 
 

 

boundaries of rice fields, showcasing its ability to achieve superior segmentation perfor‐

mance, particularly for finer feature classes. 

 

Figure 10. Comparison of prediction results of different state‐of‐the‐art models on the GID15 da‐

taset. (a) shows the typical case that it is difficult to identify pond in small‐scale feature. (b–d) shows 

the typical case that it is difficult to identify lake, shrub land, and paddy field. 

5. Discussion 

5.1. Advantages and Limitations 

5.1.1. Advantages 

ResNet utilizes residual connections in convolutional blocks to ensure the stability of 

neural network convergence at each stage. However,  it lacks feature fusion within and 

between stages of the backbone network. In contrast, VoVNet achieves feature integration 

within each stage  through  the one‐shot aggregation of each convolutional block  in  the 

backbone network. Nonetheless, it does not fuse features between different stages. Mean‐

while, HRNet achieves the feature fusion of outputs from different stages through parallel 

concatenation. However, as the number of stages increases, the output features of each 

stage become more complex after multi‐scale feature fusion, leading to some loss of orig‐

inal information within each stage. The aggregation backbone network (ABNet) uniquely 

combines the deep feature characterization capabilities of ResNet with the structural fea‐

tures of HRNet’s string–parallel combination and VoVNet’s global one‐shot aggregation. 

This  integration significantly expands  the receptive field of  the convolutional blocks at 

each stage, thereby enhancing the model’s capacity to leverage spatial context information 

[55]. As a result, ABNet consistently enhances the classification accuracy across all classes 

within  the LovaDA and GID15 datasets. Furthermore, owing to the multi‐stage output 

structure of ABNet, it efficiently generates merged features of varying scale sizes, which 

efficiently utilizes the semantic information from both deep and shallow features and im‐

proves the classification accuracy of the model for small‐scale targets [56]. Additionally, 

to mitigate information redundancy within the merged features, the convolutional block 

attention model  (CBAM) optimizes  the multi‐scale merged  features across both spatial 

and channel dimensions. This optimization enhances the distinctive characterizing abili‐

ties of the features at each stage [57]. Consequently, when applied to landcover semantic 

segmentation tasks, this approach yields superior segmentation results and bolsters the 

Figure 10. Comparison of prediction results of different state-of-the-art models on the GID15 dataset.
(a) shows the typical case that it is difficult to identify pond in small-scale feature. (b–d) shows the
typical case that it is difficult to identify lake, shrub land, and paddy field.

5. Discussion
5.1. Advantages and Limitations
5.1.1. Advantages

ResNet utilizes residual connections in convolutional blocks to ensure the stability
of neural network convergence at each stage. However, it lacks feature fusion within and
between stages of the backbone network. In contrast, VoVNet achieves feature integration
within each stage through the one-shot aggregation of each convolutional block in the
backbone network. Nonetheless, it does not fuse features between different stages. Mean-
while, HRNet achieves the feature fusion of outputs from different stages through parallel
concatenation. However, as the number of stages increases, the output features of each
stage become more complex after multi-scale feature fusion, leading to some loss of original
information within each stage. The aggregation backbone network (ABNet) uniquely com-
bines the deep feature characterization capabilities of ResNet with the structural features
of HRNet’s string–parallel combination and VoVNet’s global one-shot aggregation. This
integration significantly expands the receptive field of the convolutional blocks at each
stage, thereby enhancing the model’s capacity to leverage spatial context information [55].
As a result, ABNet consistently enhances the classification accuracy across all classes within
the LovaDA and GID15 datasets. Furthermore, owing to the multi-stage output structure
of ABNet, it efficiently generates merged features of varying scale sizes, which efficiently
utilizes the semantic information from both deep and shallow features and improves the
classification accuracy of the model for small-scale targets [56]. Additionally, to mitigate
information redundancy within the merged features, the convolutional block attention
model (CBAM) optimizes the multi-scale merged features across both spatial and channel
dimensions. This optimization enhances the distinctive characterizing abilities of the fea-
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tures at each stage [57]. Consequently, when applied to landcover semantic segmentation
tasks, this approach yields superior segmentation results and bolsters the model’s capability
to discern features that pose challenges to a single backbone network’s recognition ability.

5.1.2. Limitations

Despite the proven efficacy of ABNet on landcover datasets, its substantial model
parameters and higher computational time complexities present notable considerations.
To comprehensively assess the practicality of these models, this study quantified the pa-
rameters and floating-point operations (FLOPs) for ABNet and comparable models using
a sample input image size of 1024 × 1024 [58]. As illustrated in Table 7, the parameters
and FLOPs for ABNet notably surpass those of other models, with ABNet exceeding the
second-largest CBNet model by 100.55 M and 0.33 T FLOPs. The abundance of model
parameters and computational cost contributes to heightened challenges in model con-
vergence, especially when computational resources are constrained. Consequently, the
suitability of ABNet for complex scene segmentation tasks may diminish under limited
computational resources.

Table 7. Comparison with other networks on parameters and FLOPs.

Method Parameters (M) FLOPs (T)

Deeplabv3plus_Res-50 41.22 0.71
Deeplabv3plus_HRNet-48 68.59 1.01
Deeplabv3plus_VoVNet-39 34.27 0.88

DANet 47.93 0.96
PSPNet 46.61 0.72
CCNet 47.46 0.84

UPerNet 64.04 0.95
CBNet 69.71 1.08
ABNet 170.26 1.41

5.2. Potential Improvements

To further optimize ABNet, this study explores three potential directions for enhancing
its performance. Firstly, without compromising the model performance, reducing the
number of model parameters can be achieved by decreasing the number of layers in the
backbone network or minimizing the involvement of the backbone network models in
fusion. Secondly, integrating advanced decoders, such as the feature pyramid network
(FPN), can facilitate a more effective fusion of deep and shallow features, thereby enhancing
classification performance. Lastly, enhancing the fusion of different backbone networks
presents an opportunity for improvement. In addition to merging the output layers of
the same stage, combining the outputs of adjacent stages of diverse backbone networks
through upsampling or downsampling operations can promote the deep fusion of deep
and shallow features, fostering further performance enhancements.

6. Conclusions

This paper introduced the aggregated backbone network (ABNet), a novel convolu-
tional neural network designed for fine-grained landcover classification. ABNet leverages
the Deeplabv3+ head and reconstructs the backbone network through the same-stage fusion
of ResNet-50, HRNet-48, and VoVNet-39. The aggregated backbone network yields merged
features in multi-scale sizes, which are further optimized using the convolutional block
attention mechanism.

On the LoveDA and GID15 datasets, the aggregated backbone network demonstrates
superior classification accuracy compared to a single backbone network, outperforming the
overall accuracy (OA), mean intersection over union (mIoU), and mean accuracy (mAcc).
Specifically, the mIoU derived from the aggregated backbone network surpasses that of
the single backbone network by at least 3%. Notably, ABNet enhances the classification
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accuracy of diverse land classes and improves the discernment of challenging classes often
difficult for a single backbone network to recognize. Moreover, when compared with
popular semantic segmentation models (UNet, FPN, PSPNet, DANet, CBNet, CCNet, and
UPerNet), the aggregated backbone network exhibits leading performance, affirming the
efficacy of the proposed method. Although the ABNet proposed in this paper exhibits
excellent segmentation performance on the LovaDA and GID15 datasets, the model has no
advantages in terms of the parameters and FLOPs of the algorithm.

Consequently, this approach presents an effective strategy to enhance the classification
performance of remote sensing deep learning models. Researchers can further explore
and customize the aggregated structure by integrating different types and quantities of
backbone networks to tackle more intricate landcover classification challenges. Meanwhile,
scholars can investigate how to reduce the parameters of the integrated model while
maintaining efficient classification performance.
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