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Abstract: For semantic segmentation tasks, there are problems in using multi-branch structures to
enrich feature maps and aggregate different branches of feature maps in a certain network depth, such
as the insufficient richness of feature maps and the incomplete aggregation of feature maps. Given
multi-branch feature maps and branch aggregation, this study proposes a lightweight method, called
multi-branch aggregation atrous spatial pyramidal pooling, by introducing an attention mechanism
and CARAFE to enrich the features of the feature maps, giving the feature maps adaptive parameters,
periodically adjusting the adaptive parameters, and aggregating the feature maps in both the vertical
and horizontal directions. First, the atrous pyramid is retained and the attention mechanism and
CARAFE are used to handle the pooling features to obtain 10 different feature maps. Secondly,
giving each feature map a cascaded adaptive parameter and periodically adjusting the adaptive
parameter to promote or suppress certain feature maps prevents the model from being at a local
minimum or saddle point for long periods due to aleatory uncertainty. Finally, the feature maps are
vertically aggregated, horizontally aggregated, and weighted for summation. This work demonstrates
a competitive performance on the benchmark dataset, with an improvement of 1.88% in MPA, 0.66%
in FWIoU, and 1.29% in MIoU compared to atrous spatial pyramid pooling. The benchmark datasets
include PASCAL VOC 2012 and CIFAR-100.

Keywords: semantic segmentation; multi-branching; adaptive parameters; branch aggregation

1. Background

Semantic segmentation is a typical computer vision (CV) problem that involves tak-
ing some raw data as input and converting them into a mask with regions of interest,
enabling pixel-level classification of images. Semantic segmentation is a downstream task
of computer vision and provides services for other tasks in computer vision, such as target
detection [1,2] and pose estimation [3], which can enhance the task and improve recognition
accuracy. In real life, semantic segmentation has a wide range of promising applications,
such as medical image segmentation [4,5], instance segmentation [6], depth estimation [7],
and other fields.

With the great success of deep learning in the field of computer vision, semantic
segmentation based on deep learning has also become the mainstream direction of research
nowadays, such as the earliest FCN (full convolution network) [8], the U-net series [4,5],
the deeplab series [9,10], the HrNet series [6,11], etc.

HrNetv2 [11] uses a complex topology to aggregate interleaved group convolution
blocks [12] with different resolutions, which improves the MIoU (Mean Intersection over
Union) and also increases the training cost. U-net++ [4,5] uses a complex network structure
design and uses deep supervision [13,14] to aggregate all sub-networks, which accelerates
the convergence of sub-networks. For HRNetV2 [6,11], U-net++ [4,5] builds on HrNet
and U-net, respectively, making the network structure more complex while increasing
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the model size by more than a few fold. Lightweight network structure designs such
as Deeplab [9,10] and FastFCN [15], which use FPN (Feature Pyramid Network) [16]
techniques to cascade different feature maps, can also give good results. However, by
cascading dilation convolution [17] and pooling convolution [18], Deeplab [9,10] obtains
atrous spatial pyramid pooling (ASPP) with different sensory fields, whose feature maps
are not rich enough and feature map aggregation is not complete. This research aims to
design a model with a simple network topology, rich in feature maps and thorough in
feature map aggregation.

Therefore, this study improves ASPP through a network structure design approach
along with a lightweight design. Thus, ASPP is improved based on the network structure
design approach to make it more accurate.

Existing network structure design methods, such as cascading [10,16,19], pruning [4,5],
and weighted summation [20], are available. Among them, only cascading is utilized in
ASPP and does not use weighted summation. Therefore, this study proposes a weighting
method called cascaded adaptive parameters (CAPs), for which atrous spatial pyramid
pooling of multi-branch aggregation, MBA-ASPP, is one.

MBA-ASPP based on multi-branch aggregation is divided into three modules, namely
multibranch atrous spatial pyramid pooling (MASPP), cascaded adaptive parameters
(CAPs), and Overlap MobileNetV2 Residual Block (OMRB).

Firstly, for Module 1, the feature map of ASPP is enriched by adding pooling branches,
attention mechanisms [21,22], and CARAFE (Content-Aware Reassembly of Features) [23],
while introducing more local or global information.

Secondly, for Module 2, the main design is a weighting method that has both adaptive
weighted summation and cascaded feature dimensions, thus using cascaded adaptive
parameters. Due to the excessive number of branches, CPAs can lead to positive and
negative feedback of multi-branch feature maps subject to change uncertainty, so a period
coefficient strategy is used to initialize the CAPs for a specific period.

Finally, for Module 3, the main design is to design a strategy that can aggregate
multiple branches, use multi-branch features for vertical aggregation, and use a horizontal
aggregation strategy using MobileNetV2 Residual Blocks (MRB) [24] to weight and sum
the features obtained from vertical and horizontal aggregation to obtain a more accurate
segmentation result.

In summary, this study provides an improved branching and aggregated multi-
branching strategy for ASPP [9,10]. It is more accurate than ASPP.

2. Our Contributions

The contributions of this study are as follows:

(1). A multibranch atrous spatial pyramid pooling module is proposed that preserves the
atrous pyramid, uses the attention mechanism and CARAFE to handle global pooling
features, extends the number of branches to 10, and enriches the feature map.

(2). We propose a cascaded adaptive parameters (CAPs) module that adaptively promotes
or suppresses each branch weight ratio and adjusts the weight ratio using a periodic
coefficient strategy (PCS) to avoid models being at local minima or saddle points for
long periods due to chance uncertainty, while preserving the width of the cascaded
feature dimension and featuring weighted summation.

(3). An Overlapping MobileNetV2 Residual Blocks module is proposed to improve the
aggregation of different branches using multi-branch features for vertical aggrega-
tion, the MobileNetV2 Residual Block module for their horizontal aggregation, and
weighting summation, which ensures the aggregation of multiple branches.

3. Related Work
3.1. Image Segmentation

Since the introduction of FCNs [8], research scholars have proposed many advanced
techniques to improve FCN structured networks, and many impressive network mod-
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els have evolved in the field of image segmentation. For example, U-net [4,5] uses an
encoder–decoder [25] network structure to achieve good performance in medical image
segmentation; U-net++ [4,5] overlays several U-net sub-networks of different sizes on
top of U-net, then uses deep supervision [13] to weight and sum the output layers of
all U-net sub-networks to achieve accelerated convergence of U-net sub-networks, and
finally uses pruning to speed up the model prediction. HrNet [6,11] connects high-to-low
resolution sub-networks in parallel. Unlike most image segmentation networks that use
low-level and high-level fusion methods, Hrnetv1′s repetitive multi-scale fusion, which
uses the same depth and similar level of low-resolution upsampling to fuse high-resolution
and high-resolution downsampling to fuse low-resolution, is useful in semantics. In the
output layer of the classifier, U-net++ uses deep supervision to aggregate different sub-
networks through the loss of different sub-networks, while Hrnet aggregates features of
different resolutions through complex topology maps. Both U-net++ and Hrnet use com-
plex methods to aggregate features from different branches, but this study uses a simpler
aggregation method.

3.2. Pyramid Pooling

Since Zhao Hengshuang et al. [19] proposed PSPNet through the pyramid pooling
module (PPM), which aggregates contextual information from different regions and mines
the ability of global contextual information, solving the lack of suitable strategies to exploit
category information in global scenes for networks based on the FCN model [8], PSPNet [19]
has obtained global image-level features for scene parsing. Semantic segmentation opens up
a completely new tool. Based on PPM [19], many excellent network models have evolved,
such as Deeplabv2 [9] and Deeplabv3Plus [10] using ASPP, and FastFCN [15]. PSPNet,
Deeplab, FastFCN, etc., PPMs, which use multiple different CNN layers by cascading
pooling layers, obtain global image-level features for semantic segmentation problems
by providing a suitable strategy to exploit global contextual information. They are also
widely used in other fields such as scene analysis, target detection [26], etc. The global
image-level features captured by PPMs are not rich enough, so SPPNet [27] captures richer
global image-level features through spatial pyramid pooling (SPP), which uses multiple
pooling layers to downsample and cascade to obtain a vector with global image-level
features to improve the accuracy of the model’s spatial layout and object deformation.
This study also uses multiple pooling layers to capture global contextual information and
obtains a matrix, not a vector. In recent years, the pyramidal pooling transformer network
(P2T) [28] has been proposed, which is a pyramidal pooling network based on a multi-
headed attention mechanism. P2T [28] differs from PVT [29] in that it uses multiple pooling
operations to extract pooling features, while P2T applies the idea of pyramidal pooling
to the visual transformer to reduce the length of sequences and learns contextual features
more efficiently. Therefore, this work also invokes the Pyramidal Pooling Transformer (PPT,
the base unit of P2T) [28] to build the network. The transformer is a model that has an
attention mechanism to speed-up model training.

3.3. Small Sample Image Classification

In many scenarios, the number of samples in the dataset is insufficient, or the data
samples are difficult to collect, resulting in insufficient data to train the model. Thus, small-
sample image classification [20] was created. An AFP module (Adaptive Feature Processing
module) is a multiplexed feature processing module which, unlike most neural networks,
adopts the approach of widening the network. This is in contrast to the AFP module
(Adaptive Feature Processing module) [20], which is a multiplexed feature processing
module which differs from most neural networks by adopting the method of widening
the network instead of deepening it, thus obtaining a rich feature map in a shallower
layer. In this study, adaptive parameters are also used, so that different branches can learn
their weight shares adaptively, except that MBA-ASPP retains the dimensionality of the
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cascaded feature map and the number of branches at 10, while the AFP module reduces
the dimensionality of the feature map and the number of branches to 4.

3.4. Person Re-Identification

Person re-identification is a computer vision task in which the goal is to match a
person’s identity across different cameras or locations in a video or image sequence. OSN
(Omni Scale Net) [30,31] uses full-scale features (capturing features at different spatial scales
and referring to features at isomorphic and heteromorphic scales as full-scale features) and
uses a through-unity aggregation gate (assigning a weight factor to the features at each
scale and summing the weights). OSN [30,31] tends to detect the adequate local scale for
the segmentation via computing various dilations and their multi-branch aggregation.

4. Model Approach

In this section, the general idea of the MBA-ASPP is first presented, followed by a
demonstration of the MBA-ASPP network architecture. Finally, some network implementa-
tion details are presented.

The structure of atrous spatial pyramid pooling of multi-branch aggregation (MBA-
ASPP) is shown in Figure 1. Using the features extracted from ResNet [32] as inputs, as in
ASPP [10], the input is extracted to different branches using different branching operations,
but MBA-ASPP has twice as many branches as ASPP. MBA-ASPP assigns a CAP to each
branch while using a periodic coefficient strategy (PCS) and finally, all the branches are
cascaded into the OMRB module.
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4.1. Multibranch Atrous Spatial Pyramid Pooling (MASPP)

MASPP is designed based on ASPP [10], which uses three different types of branches
with the structure shown in Figure 2, namely a 1 × 1 convolutional layer, a dilated convolu-
tional group, and a global pooling layer.
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MASPP consists of a 1 × 1 convolutional layer, a dilated convolutional group, three
CARAFE poolings, and three PPTs, with the structures shown in Figures 3–5. The details
are shown below:

P1 = conv1×1(X) (1)
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Figure 5. CARAFE pooling structure diagram.

The 1 × 1 convolutional layer is represented by Equation (1). For brevity, the above
equation does not declare normalization, activation functions, or other operations, so they
are added here. Equation (1) is followed by BatchNorm batch normalization and the Relu
activation function.
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conv1×1 has been retained to make MBA-ASPP more accurate with ResNet [32] short-
circuiting.

Pi = convrate=di (X), i = 2, 3, 4 (2)

where di for rate = di (i = 2, 3, 4) represents the dilation factor. The atrous convolutional
group is represented by Equation (2). For brevity, the above equation does not declare
normalization, activation functions, or other operations, so they are added here. Equation (2)
is followed by BatchNorm batch normalization and the Relu activation function.

The atrous pyramid is retained, in which MBA-ASPP can extract dilated features.

Pj = CARAFE− poolingtype=tj
(X), j = 5, 6, 7 (3)

where tj for type = tj (j = 5, 6, 7) represents the pooling method (global average pool-
ing [18], global maximum pooling, and deep convolution [33]). CARAFE pooling is repre-
sented by Equation (3). Here, Equation (3) consists of global pooling (avg, max, and conv),
a CNN 1 × 1 adjustment for dimensionality reduction, BatchNorm for batch normalization,
Relu for the activation function, bilinear interpolation [34], and CARAFE [23].

ASPP’s pooling layer is formed by bilinear interpolation to upsample operation and
bring the feature map back to its original resolution, but the bilinear interpolation [34]
guides the upsampling by the sub-spatial distance of the pixels and does not have learn-
ability. Therefore, this study uses the CARAFE operator [23] to assist bilinear interpolation
to complete the upsampling operation. Specifically, on top of the pooling layer, the feature
map is restored to half the original resolution using bilinear interpolation, and then the
feature map is restored to its original resolution using the CARAFE operator to make
it learnable, this is called CARAFE pooling. One of the CARAFE operators [23] is a
lightweight upsampling operation, which has a lower computational complexity compared
to upsampling operations such as STN [35] and DCN [36].

Pk = MRB
(

P−MHSAtype=tk (X)
)
, k = 8, 9, 10 (4)

where tk in type = tk (k = 8, 9, 10) represents the pooling method (global average pooling,
global maximum pooling, and deep convolution). The Pyramid Pooling Transformer
(PPT) is represented by Equation (4). Unlike conventional PPT, the PPT used in this study
consists of P-MHSA and MBR, but neither P-MHSA nor MBR was skip-connected. The
MRB [24] uses the Hardswish [37] activation function with the connection order: CNN
1 × 1, Hardswish, CNN 3 × 3, Hardswish, CNN 1 × 1. The dimensional transformation is
omitted.

For the PPT, this study uses the PPT of P2T (Pyramidal Pooling Transformer net-
work) [28], but it is not skip-connected. Context information is extracted and forward
propagation of MRB is used by the PPT. The PPT then cascades to other branches so that
other branches can learn the contextual information from the PPT. The PPT [28] used in
this study does not learn because no skip connections are used. Its task is to extract the con-
textual information that helps other branches learn the contextual information. However,
MRB has learned that IBR can learn the features of other branches. Introducing the PPT, the
MBA-ASPP has a global attention mechanism and is richer in contextual information than
the ASPP. MASPP can also be used for large image segmentation. For example, mimicking
the Swin Transformer [21] and P2T [28], the C × 256 × 256 feature map is divided into
four C × 128 × 128 sub-feature maps. First, the sub-feature maps are converted into C
× 64 × 64 feature maps, then the sub-feature maps are passed to the branch of MASPP
for processing and finally, the processed sub-feature maps from MASPP are spliced into
C × 128 × 128 feature maps. After several layers of MASPP, a small feature map will be
obtained. This is useful for the model to extract the most critical local features that can
determine the category. However, there is no research on semantic segmentation of large
images in this study, only speculation on large image segmentation.
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4.2. Cascaded Adaptive Parameters

Existing multi-branch feature extraction networks, such as AFP [20], GooLeNet [38],
and OSN (Omni Scale Net) [30,31], introduce different branches to extract diverse features
to enrich the feature map. AFP uses weighted summation with adaptive weights to fuse
features but sacrifices feature dimensionality to obtain a rich feature map. GooLeNet
achieves this by cascading with a fixed dimension ratio and OSN uses full-scale features
and a through-unity aggregation gate. MBA-ASPP maintains the dimensionality of the
features and facilitates or suppresses the weight ratio of different branches by adaptive
parameters, so MBA-ASPP preserves the dimensionality of the cascaded features and
performs weighted summation.

First, the number of branches of MASPP is ten, and more features with different
sensory fields can be extracted to enrich the feature map in the case of multiple branches.
Equation (1) preserves the original features to the maximum extent in the same manner as
ResNet [32], and the dilated convolutional group denoted by Equation (2) gives MBA-ASPP
the ability to extract dilated information. CARAFE pooling, denoted by Equation (3), can
extract pooling information with learning. PPTs denoted by Equation (4) can provide a
global attention mechanism. If the number of branches approaches 10, this may lead to
the same proportion of less important branches to important branches, and a long training
period is required to suppress this effect.

To solve the above problems, this study proposes cascaded adaptive parameters
(CAPs). In the case of cascading, the weight ratios of different branches are learned by
introducing adaptive parameters so that the model can increase the weight ratios of specific
branches by itself and decrease the weight ratios of specific branches by itself according to
the feature distribution of the data. The fusion equation is as follows:

P = Concat{P1 × a1, P2 × a2, . . . , Pi × ai, . . . , P10 × a10} (5)

where ai = ewi

∑n
i=1 ewi × n (i = 1, 2, 3 . . . , n) is the CAP, wi is the weight and has an initial

value of 1, and n is the number of branches.
After extensive experiments, it was found that the error of the experimental data

obtained by using CAPs trained under the same conditions was due to chance uncertainty.
To overcome this chance uncertainty, this experiment uses PCS, which can effectively
suppress the effect of chance uncertainty.

φ = f (x) (6)

where x is the independent variable and f (x) is f (x) = ∞, f (x) = 1, f (x) = 2x (x = 0,
1, 2, . . . ). Equation (6) represents the interval f (x) in training cycles to initialize wi. For
example, when training for 46 cycles (46 epochs equals 30 k iterations), f (x) = ∞ means no
initialization of wi during training; f (x) = 1 means initialization of wi for each training cycle
(46 times in total); and f (x) = 2x denotes initialisation of wi, where blog2 46c = 5 times. wi
is initialized when epoch = (2, 4, 8, 16, 32); the initialization intervals are increasingly large
and the growth rate is exponential. When the number of cascaded adaptive parameters is
ten, the image is too large and dense to accurately show them. For the sake of readability,
the periodic coefficient strategy is simulated using three CPAs. The change in CPAs using
the periodic coefficient strategy is shown in Figure 6.

Inspired by Cyclical Learning Rates (CLRs) [39], during network training, the model
inevitably falls into local minima or saddle points several times, and the use of these CLRs
(learning rates varying between maximum and minimum values) helps the model to move
out of local minima or saddle points faster. This study uses Equation (6), which periodically
adjusts the weight ratio of each branch (the weight ratio is initialized to 1 for each branch),
to help the model move out of local minima or saddle points due to chance uncertainty.
However, adjusting the weight ratio of each branch may cause the model to jump from one
critical point to another (local minima or saddle points). Therefore, the main idea of this
study is to periodically adjust the weight ratio of each branch using Equation (6). This is
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done to maintain a large learning rate at all times, so that if the model is at a local minimum
or saddle point for a long time due to chance uncertainty but is unable to move away (or if
the model is not at a critical point), the model will move away from that critical point (or
out of that position) when the periodic function takes effect. The model may experience
three situations: 1, not immediately falling into the next critical point; 2, falling into the
next critical point, relying on a larger learning rate to disengage; and 3, falling into the next
critical point, not relying on a larger learning rate to disengage and waiting for periodic
adjustment of each branch weight ratio. To maintain a large learning rate at all times,
this study uses the learning rate strategy polylr. The learning rate (lr) is set to 60 k by the

formula lr′ = lr×
(

1− iter
max_iter

)power
, while the maximum number of iterations, iter, is only

30 k and the power is set to 0.9 so that the decay rate of the learning rate (lr) is small and
the minimum value is half of the initially set learning rate. The optimizer in this study uses
Stochastic Gradient Descent (SGD), a method for finding optimal parameter configurations
for machine learning algorithms. As shown in Figure 7, the graphs of f (x) = 2x have the
fastest convergence in terms of the loss (compared to the CLR, which acts directly on the
learning rate, which is not significant), and the periodic coefficient strategy (PCS) has a
domain of only n parameters.
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Inspired by Cyclical Learning Rates (CLRs) [39], during network training, the model 
inevitably falls into local minima or saddle points several times, and the use of these CLRs 
(learning rates varying between maximum and minimum values) helps the model to move 
out of local minima or saddle points faster. This study uses Equation (6), which periodi-
cally adjusts the weight ratio of each branch (the weight ratio is initialized to 1 for each 
branch), to help the model move out of local minima or saddle points due to chance un-
certainty. However, adjusting the weight ratio of each branch may cause the model to 
jump from one critical point to another (local minima or saddle points). Therefore, the 
main idea of this study is to periodically adjust the weight ratio of each branch using 

Figure 6. (a) shows the change in the periodic step of the diagram of CPAs using the periodic
coefficient strategy; (b–d) show the variation plots of the CPAs using the periodic coefficient strategy
of f (x) = ∞, f (x) = 1, and f (x) = 2x, respectively. inf denotes ∞.



Electronics 2023, 12, 3322 9 of 21

Electronics 2023, 11, x FOR PEER REVIEW 9 of 22 
 

 

Equation (6). This is done to maintain a large learning rate at all times, so that if the model 
is at a local minimum or saddle point for a long time due to chance uncertainty but is 
unable to move away (or if the model is not at a critical point), the model will move away 
from that critical point (or out of that position) when the periodic function takes effect. 
The model may experience three situations: 1, not immediately falling into the next critical 
point; 2, falling into the next critical point, relying on a larger learning rate to disengage; 
and 3, falling into the next critical point, not relying on a larger learning rate to disengage 
and waiting for periodic adjustment of each branch weight ratio. To maintain a large learn-
ing rate at all times, this study uses the learning rate strategy polylr. The learning rate (lr) 
is set to 60 k by the formula 𝑙𝑟ᇱ = 𝑙𝑟 × ቀ1 − ௜௧௘௥௠௔௫_௜௧௘௥ቁ௣௢௪௘௥

, while the maximum number of 
iterations, iter, is only 30 k and the power is set to 0.9 so that the decay rate of the learning 
rate (lr) is small and the minimum value is half of the initially set learning rate. The opti-
mizer in this study uses Stochastic Gradient Descent (SGD), a method for finding optimal 
parameter configurations for machine learning algorithms. As shown in Figure 7, the 
graphs of 𝑓(𝑥) = 2௫ have the fastest convergence in terms of the loss (compared to the 
CLR, which acts directly on the learning rate, which is not significant), and the periodic 
coefficient strategy (PCS) has a domain of only n parameters. 

 
Figure 7. The plot of the effect of the strategy of the validated period coefficient on the loss. 

4.3. Overlap MobileNetV2 Residual Block 
Considering that MBA-ASPP uses CAPs to induce the model to automatically sup-

press or promote the weight ratio of each branch without changing its feature dimension, 
the output of the model must be compressed in the feature dimension. In the field of image 
segmentation, a convolutional kernel of 1 × 1 is generally used with a convolutional com-
pression dimension, resulting in a certain loss of features. The use of linear transfor-
mations offsets the shortcomings of a convolutional kernel of 1 × 1, but SPPNet [27] uses 
multiple pooling layers stitched together to obtain a very long sequence vector, which will 
undoubtedly increase the difficulty of model training. Therefore, this study introduces 
MRB [24,28], and thus proposes Overlap MobileNetV2 Residual Blocks (OMRBs). Overlap 
convolution and MRB [24] are employed to construct an approach of vertical and horizon-
tal modeling. As shown in Figure 8, this process is as follows: (𝑥௛, 𝑥௪ᇱ) = 𝑂𝑣𝑒𝑟𝑙𝑎𝑝 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛(𝑃) (7)𝑥௪ = 𝑀𝑅𝐵(𝑥௪ᇱ) (8)𝑥௢௨௧ = 𝑥௛ ൅ 𝑥௪ (9)

 

Figure 7. The plot of the effect of the strategy of the validated period coefficient on the loss.

4.3. Overlap MobileNetV2 Residual Block

Considering that MBA-ASPP uses CAPs to induce the model to automatically sup-
press or promote the weight ratio of each branch without changing its feature dimension,
the output of the model must be compressed in the feature dimension. In the field of
image segmentation, a convolutional kernel of 1 × 1 is generally used with a convolutional
compression dimension, resulting in a certain loss of features. The use of linear transfor-
mations offsets the shortcomings of a convolutional kernel of 1 × 1, but SPPNet [27] uses
multiple pooling layers stitched together to obtain a very long sequence vector, which will
undoubtedly increase the difficulty of model training. Therefore, this study introduces
MRB [24,28], and thus proposes Overlap MobileNetV2 Residual Blocks (OMRBs). Overlap
convolution and MRB [24] are employed to construct an approach of vertical and horizontal
modeling. As shown in Figure 8, this process is as follows:

(xh, xw′) = Overlap convolution(P) (7)

xw = MRB(xw′) (8)

xout = xh + xw (9)
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Figure 8. OMRB structure diagram. In the MobileNetV2 Residual Block (MRB) subgraph, the
thickness of the shaded convolution blocks in the feature block indicates the relative number of
channels. The MRB computes the feature block using the high channel convolution for upscaling,
then each channel of the feature block is calculated for the low channel convolution alone and finally
for the high channel convolution for downscaling.
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The dimensional transformation operation has been omitted for brevity.
To explain global longitudinal and lateral modeling, Equations (7) and (8) are in-

terpreted in terms of convolution operations. Let the input layer channels, output layer
channels, and hidden layer channels be cin, cout, and chid respectively. To define this simply,
the channel affected by the channel is considered as vertical and the one affected by the
width and height is considered as horizontal.

Equations (7) can be simplified to a single convolution operation. It may be useful to set
the input as P, the convolution as A, and the output as Xh, whose shapes are [cin, w, h], [cout,
cin, 1, 1], and [cout, w, h]. P can be represented by [pk,i,j] (k = 1, 2, . . . , cin, i = 1, 2, . . . , w, j =
1, 2, . . . , h). A is represented by the cout sub-convolution Al (l = 1, 2, . . . , cout), the shape
of the sub-convolution Al is [cin, 1, 1], and the sub-convolution Al can be represented by
[a k] (k = 1, 2, . . . , cin). The sub-convolution Al performs the convolution operation on P,
obtaining xhl

of shape [w, h], where xhl
can be represented by [x hl,i,j

]. The formula for its
operation is as follows:

xhl,i,j
=

cin

∑
k=1

pk,i,j × ak (10)

The sub-convolution Al of P uses Equation (10) to obtain xhl
, and the sub-convolution

A of P uses Equation (10) cout times to obtain cout xhl
, where Xh can be denoted by

[xhl
]. It can be observed that xhl,i,j

consists of the longitudinal matrix of P which per-
forms the convolution operation with the sub-convolution Al , i.e., xhl,i,j

is related to pk,i,j

(i, j f ixed, k = 1, 2, . . . , cin) in the longitudinal direction. xhl
represents one longitudinal

modelling of the input P and Xh represents the cout sublongitudinal modelling of P. Xh is
then copied and converted to a vector to give Xw′ . Normalization of Xw′ is LayerNorm.
The normalization and activation functions of Xh are BatchNorm and Relu, respectively.
Finally, the dropout layer is used for Xh to reduce the overfitting of the neural network.

Equation (8) can be simplified into three convolution operations, the first and third
convolution operations are ascending and descending operations, respectively, and the
second is a convolution operation for transverse modeling. The first convolution operation
can be represented as converting Xw′ with shape [cout, w, h] to X′w with shape [chid, w, h],
and the third convolution operation can be represented as converting the shape of X_W from
[chid, w, h] to [cout, w, h]. Next, the second convolution operation—transverse modeling—is
explained. It may be useful to define convolution B, whose shape is [chid, 1, n, m]. B
consists of chid sub-convolutions B_q, and B can be represented as [Bq] (q = 1, 2, . . . , chid).
The shape of the subconvolution Bq is [n,m] (both n and m are odd integers), and the
sub-convolution Bq can be represented as [bs,t] (s = 1, 2, . . . , n, t = 1, 2, . . . , m). X′w can be
expressed as [x′q,i,j]. In the case of a fixed channel q, the sub-convolution Bq performs the
convolution operation with the transverse matrix corresponding to X′w to obtain xwq of
shape [w, h], where xwq can be expressed as [xwq,i,j ]. The arithmetic formula is as follows:

xwq,i,j =
n

∑
s=1

m

∑
t=1

x′q,i−(dn/2e−s),j−(dm/2e−t) × bs,t (11)

where
⌈ n

2
⌉

and
⌈m

2
⌉

represent rounding up by half for n and m, respectively.
In the corresponding channel q, the sub-convolution Bq to x′q,i,j using Equation (11)

yields xwq , and the sub-convolution Bq of B to the corresponding channel q of X′w using
Equation (11) yields chid individual xwq , where Xw can be represented by [xwq ]. It can
be observed that xwq,i,j consists of the matrix of the corresponding channel of X′w which
performs the convolution operation with the sub-convolution Bq of the corresponding
channel, independent of the matrices of the other channels, i.e., xwq,i,j is related to x′q,i,j
only in the transversal direction. xwq represents one transversal modelling of X′w and Xw

represents the chid sub-horizontal modelling of X′w.
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4.4. Realisation Details

The settings for the different branches of MASPP are as follows. Based on the ASPP,
the conv1×1 and convrate=k branches have an output dimension of 256 and a convrate=k
expansion factor of {2,4,8}. The CARAFE pooling branch, which has an output dimension
of 256, is first restored using bilinear interpolation [34] to half of the resolution and then
restored to the original resolution using the CARAFE operator. The PPT branch sets the
pooling ratio to {1,2,4,8}, but in this study, the input is first dimensionally compressed to
1/4 of the original dimension using a 1 × 1 convolution and then placed in the PPT, whose
output dimension is also set to 256. Finally, the input layer is the output of ResNet [32],
which has a dimension of 2048, and the output dimension of MASPP is 2560.

The cascaded adaptive parameters are defined as follows. After extensive experiments,
it was found that the error of the experimental data obtained by using CAPs trained under
the same conditions was affected by chance uncertainty. A periodic coefficient strategy
(PCS) was used before each epoch.

The OMRB setup is as follows. MRB uses the Hardswish [37] activation function rather
than GELU [40].

The initialization was as follows. The weights of Conv2d and Linear are initialized
using the normal distribution Kaiming Normal with a mean of 0 and a variance of 1. The
weights of BatchNorm2d and LayerNorm are assigned a value of 1 and the bias is assigned
a value of 0.

5. Experiment
5.1. Experimental Environment and Dataset

The experiments were performed under Linux using the Pytorch 1.9.1 deep learning
framework and CUDA version 11.1, with a Tesla V100 GPU.

Experiments were conducted using an image segmentation dataset as the experimental
data for semantic segmentation, the PASCAL VOC 2012 dataset [41], and a complementary
experiment using an image classification dataset (the CIFAR-100 dataset) [42].

The PASCAL VOC 2012 [41] dataset, with 20 categories in the segmentation task, each
filled with a specific color, was used for semantic segmentation with a training data sample
of 10,582 images and a test data sample of 1449 images.

The CIFAR-100 [42] dataset has 100 categories in the classification task, with each
category containing 500 training images and 100 test images.

5.2. Experimental Details

An ImageNet [43] pre-trained model was use in the experiments with ResNet50 [32],
with output_stride = 16 and batchsize = 16. The optimizer used SGD and set the learning
rate of MAB-ASPP, lr, as 0.01. The learning rate of ResNet50 was 0.1 times the learning
rate of MAB-ASPP’s lr, and the learning rate strategy used polylr, with max iters = 60 k
and power = 0.9, and training was iterated 30 k (epoch = 46) times. Any changes in
hyperparameters or other settings will be specified.

5.3. Experimental Results

For ease of description, Deeplabv3plus-MBA represents the replacement of ASPP with
MBA-ASPP based on Deeplabv3plus. To evaluate the performance of MBA-ASPP, the
method proposed in this study was compared with other superior models. As shown in
Table 1, Deeplabv3plus-MBA was improved by 1.29% over Deeplabv3plus on the PASCAL
VOC 2012 dataset. None of the experiments were performed with MS, Flip, and COCO.
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Table 1. Performance on the PASCAL VOC 2012 test set.

Method MIoU

DeepLabv2-CRF [9] 77.69
PSPNet [19] 77.13
Deeplabv3 [10] 77.21
Deeplabv3plus [10] 77.81
Deeplabv3plus-MBA 79.10

5.4. Analysis of Results

As shown in Figure 9, Deeplabv3plus-MBA exhibited a significant performance on
the PASCAL VOC 2012 dataset, using Deeplabv3plus [10] as the baseline. The PASCAL
VOC 2012 dataset is a multi-category dataset and has significant improvements over the
PASCAL VOC 2012 dataset, validating the side accuracy of this study.
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5.4.1. Parameter Size

Most models get better as the number of layers increases and the parameter size
increases. Deeplabv3plus-MBA does not get better by simply adding more branches and
increasing the parameter size, which demonstrates the superiority of MBA-ASPP, as shown
in Table 2. The task of this study was to improve Deeplabv3plus’s ASPP, so Deeplabv3plus-
wide was designed to obtain a parameter size that matched Deeplabv3plus-MBA by setting
the output dimension of each branch of the ASPP to twice its original size (originally 256,
doubled to 512). Deeplabv3plus was replaced by baseline. In comparison to baseline,
Deeplabv3plus-MBA improves the Mean Pixel Accuracy (MPA), the Frequency-Weighted
Intersection over Union (FWIoU), and the Mean Intersection over Union (MIoU) by 1.88%,
0.66%, and 1.48%, respectively. The Mean Pixel Accuracy represents the proportion of
correctly categorized pixels for each class separately and their cumulative average. The
Mean Intersection over Union is a commonly used evaluation metric to measure the
similarity between predicted results and real labels. The Frequency-Weighted Intersection
over Union is an improvement to the MioU (Mean Intersection over Union), a method that
sets weights for each class based on how often it appears.
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Table 2. Parameter scale comparison.

Method Total Params MPA FWIoU MIoU

Deeplabv3plus (baseline) 39,761,845 87.24 89.68 77.62
Deeplabv3plus-wide 55,296,437 87.36 89.63 77.73
Deeplabv3plus-MBA 56,071,599 89.12 90.34 79.10

5.4.2. Ablation Experiments

The effect of each module is first shown, and then ablation experiments were per-
formed for each module in turn, as shown in Table 3. Using Deeplabv3plus [10] as the
baseline, it can be observed that the effects of MASPP, CAPs, and OMRB on the baseline
are all positive; each module exhibits a small improvement over the baseline, while the
improvement of all modules combined is particularly significant.

Table 3. Ablation experiments on Deeplabv3plus-MBA.

Serial ASPP MASPP CAPs OMRB MPA FWIoU Miou

1 T 87.24 89.68 77.62
2 T 87.83 89.86 78.09
3 T T 87.21 89.85 78.05
4 T T 87.74 89.93 77.83
5 T T T 88.41 90.42 79.10

1. Multibranch Atrous Spatial Pyramid Pooling

To verify the accuracy of MASPP (multibranch atrous spatial pyramidal pooling),
we performed ablation and combination experiments on CARAFE pooling and the PPT
(Pyramid Pooling Transformer) while retaining the other modules. The PPT with type Conv
was found to exhibit a high accuracy improvement in local positive feedback compared to
other CARAFE pooling branches and PPT branches, as shown in Table 4; exhibit a high
accuracy improvement in global negative feedback compared to eliminating other CARAFE
pooling branches or PPT branches alone. Removing alonely a Conv-type PPT branch lead
to the highest accuracy, as shown in Table 5. We hypothesize that the addition of a global
attention mechanism when adding a Conv-type PPT alone, shown for example in Table 4,
compensates for the lack of global contextual information in ASPP. In Table 5, for example,
after elimination of the Conv-type PPT alone, the CARAFE pooling (Avg, Max, and Conv)
branch group provides global pooling information with learning and the Avg-type PPT
(or Max) provides the global contextual mean. The Avg-type PPT (or Max) provides the
global contextual mean (or maximum information), highlighting edge contours and masks
of interest, while the Conv-type PPT learns global contextual information from the large
convolutional kernel, which only serves to complement the global mean and maximum,
and has no significant effect on capturing edge contours and highlighting masks of interest,
and therefore does not improve the method much.

Table 4. The contribution of each branch of MASPP is verified separately based on Deeplabv3plus-
MBA.

Serial
CARAFE Pooling PPT

MPA FWIoU MIoU
avg max conv avg max conv

1 T 86.32 89.76 77.61
2 T 87.03 89.57 77.45
3 T 85.39 88.68 75.23
4 T 87.73 89.96 78.48
5 T 88.21 89.96 78.42
6 T 87.67 90.03 78.44
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Table 5. Validation of partial branch combinations for MASPP based on Deeplabv3plus-MBA.

Serial
CARAFE Pooling PPT

MPA FWIoU MIoU
avg max conv avg max conv

1 T T T T T 87.72 89.90 78.18
2 T T T T T 88.10 90.11 78.38
3 T T T T T 87.99 89.99 78.29
4 T T T T T 87.64 90.27 78.72
5 T T T T T 86.77 89.67 77.54
6 T T T T T 87.02 90.20 78.91

To allow for better detection of local negative feedback and global positive feedback,
the following table is given.

After extensive experimentation, we found that the best results were obtained using
both CARAFE pooling and the PPT. As shown in Figures 10–12, all combinations are
represented in a 6-bit binary code, with 0 for False and 1 for True. Their order, from high to
low, can be represented as CARAFE poolings (Avg, Max, and Conv) and PPTs (Avg, Max,
and Conv).
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2. Cascaded Adaptive Parameters

Branches are added in MBA-ASPP by different convolutional layers, CARAFE pooling,
and the PPT (Pyramidal Pooling Transformer), which results in features with different
sensory fields and contextual information to enrich the feature map. Based on cascaded
adaptive parameters (CAPs), the model automatically suppresses or promotes different
branches to assign the weight ratio of different branches.

The validation of the CAP module under the condition of using a period coefficient
strategy is demonstrate in the following.

(1). There is an improvement. The experimental results show that it can be observed that
for MBA-ASPP using CAPs and normalized weights, respectively, a boost in CAPs
over normalized weights exists but is not significant, as shown in Table 6. With the
iterations set to 30 k (epoch = 46) and the period coefficient method f (x) = 2x and
CPAs, an MPA of 89.12%, an FWIoU of 90.34%, and an MioU of 79.10% were produced,
with MPA, FWIoU, and MIoU improving by 0.43%, 0.05%, and 0.18%, respectively.
Setting the iterations to 60 k (epoch = 91) and using the period coefficient strategy
f (x) = 2x and CPAs, an MPA of 88.57%, an FWIoU of 90.56%, and an MioU of 79.51%
were obtained, where MPA, FWIoU, and MIoU were improved by 0.50%, 0.12%, and
0.35% respectively.

(2). It is more stable. Training a neural network by randomly sampling the data will
cause data fluctuations. This is due to SGD, which can lead the model into a local
minimum or saddle point, so data fluctuations often exist in the neural network
training phase. As shown in Figure 13, the MPA (Mean Pixel Accuracy) box plots of
data fluctuations found with f (x) = 1 have the smallest range of data fluctuations
and the best means. In Figure 14, the FWIoU (Frequency-Weighted Intersection over
Union) box plots of data fluctuations found with f (x) = 2x have the best means and
the fewest outliers. In Figure 15, the MIoU (Intersection over Union) data fluctuation
plot found with f (x) = 1 have the least number of blank spaces in the Savitzky–
Golay fit line (adjacent [max, mean] or [min, mean] are not adjacent to each other,
the Savitzky–Golay fits to large blank areas between the maximum and minimum).
However, it can be concluded from the experimental data in Table 6 that the periodicity
coefficient strategy f (x) = 2x outperforms the others. Using the average value as the
evaluation criterion, the periodicity coefficient strategy ( f (x) = 2x)’s MPA, FWIoU,
and MIoU are 88.481%, 90.333%, and 79.071%, respectively, while the periodicity
coefficient strategy ( f (x) = 1)’s MPA, FWIoU, and MIoU are 87.958%, 90.240%, and
78.785%, respectively. The periodicity coefficient strategy ( f (x) = 2x) has a greater
MPA, FWIoU, and MIoU than the periodicity coefficient strategy ( f (x) = 1).
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Table 6. Validation of CPAs and periodicity coefficient strategies and normalized weights. * represents
iters = 60 k.

Method conv1×1
convrate=k CARAFE-Pooling PPT

MPA FWIoU MIoU
2 4 8 avg max conv avg max conv

f (x) = ∞ 0.8853 1.3303 1.1153 1.1166 0.9943 0.9977 0.9841 0.8504 0.8584 0.8670 88.41 90.42 79.10
f (x) = ∞ 0.8122 1.3325 1.1469 1.1425 0.9972 1.0009 0.9818 0.8413 0.9202 0.8240 87.92 90.35 79.05
f (x) = ∞ 0.8116 1.2841 1.1491 1.1509 0.9989 1.0053 0.9823 0.8222 0.9621 0.8329 88.18 90.18 78.81
f (x) = ∞ 0.8175 1.2785 1.1401 1.1529 1.0003 1.0051 0.9813 0.8582 0.9448 0.8209 88.83 90.21 78.79
f (x) = ∞ 0.8028 1.2855 1.1435 1.1361 1.0016 1.0070 0.9826 0.8275 0.9843 0.8286 87.48 90.11 78.53
∗ f (x) = ∞ 0.7624 1.2680 1.1393 1.1165 1.0002 1.0060 0.9784 0.8853 1.0027 0.8407 87.51 90.47 79.12

f (x) = 1 0.9998 1.0006 1.0010 0.9997 0.9999 0.9999 0.9999 1.0003 0.9987 0.9996 87.96 90.37 79.04
f (x) = 1 0.9908 1.0028 1.0029 1.0039 1.0000 0.9999 0.9999 1.0000 1.0028 0.9965 88.47 90.23 78.89
f (x) = 1 0.9929 1.0117 1.0035 1.0007 0.9998 1.0001 0.9996 0.9952 1.0071 0.9889 87.55 90.19 78.81
f (x) = 1 0.9994 0.9996 1.0008 1.0004 0.9999 1.0000 0.9999 1.0001 0.9997 0.9996 88.07 90.17 78.61
f (x) = 1 0.9822 1.0087 1.0105 0.9988 0.9999 0.9999 0.9998 0.9952 1.0040 1.0006 87.90 90.02 78.32
∗ f (x) = 1 0.9983 1.0016 1.0011 0.9988 1.0000 0.9999 1.0000 0.9990 1.0005 1.0005 87.80 90.46 79.03
f (x) = 2x 0.8903 1.1339 1.0563 1.011 0.9984 0.9979 0.9963 0.9702 0.9714 0.9732 89.12 90.34 79.10
f (x) = 2x 0.8758 1.1374 1.0499 1.0028 0.9991 0.9988 0.9960 1.0095 0.9610 0.9693 87.73 90.38 79.09
f (x) = 2x 0.8801 1.1431 1.0484 1.0136 0.9990 0.9983 0.9956 0.9687 0.9767 0.9761 88.56 90.35 79.05
f (x) = 2x 0.8764 1.1204 1.0551 1.0037 0.9998 0.9984 0.9963 0.9979 0.9794 0.9720 88.40 90.20 78.85
f (x) = 2x 0.8757 1.1311 1.0561 1.0081 0.9986 0.9972 0.9967 0.9803 0.9792 0.9765 88.51 90.17 78.83
∗ f (x) = 2x 0.8732 1.0851 1.0406 0.9815 0.9984 0.9984 0.9970 1.0248 0.9968 1.0037 88.57 90.56 79.51

normalization 1 1 1 1 1 1 1 1 1 1 88.69 90.29 78.92
normalization 1 1 1 1 1 1 1 1 1 1 88.77 90.17 78.90
normalization 1 1 1 1 1 1 1 1 1 1 88.40 90.13 78.78
normalization 1 1 1 1 1 1 1 1 1 1 87.77 90.25 78.74
normalization 1 1 1 1 1 1 1 1 1 1 87.96 90.11 78.49

* normalization 1 1 1 1 1 1 1 1 1 1 88.07 90.44 79.16

Electronics 2023, 11, x FOR PEER REVIEW 17 of 22 
 

 

tuations and the best means. In Figure 14, the FWIoU (Frequency-Weighted In-
tersection over Union) box plots of data fluctuations found with 𝑓(𝑥) = 2௫ have 
the best means and the fewest outliers. In Figure 15, the MIoU (Intersection over 
Union) data fluctuation plot found with 𝑓(𝑥) = 1  have the least number of 
blank spaces in the Savitzky–Golay fit line (adjacent [max, mean] or [min, mean] 
are not adjacent to each other, the Savitzky–Golay fits to large blank areas be-
tween the maximum and minimum). However, it can be concluded from the 
experimental data in Table 6 that the periodicity coefficient strategy 𝑓(𝑥) = 2௫ 
outperforms the others. Using the average value as the evaluation criterion, the 
periodicity coefficient strategy ( 𝑓(𝑥) = 2௫ )’s MPA, FWIoU, and MIoU are 
88.481%, 90.333%, and 79.071%, respectively, while the periodicity coefficient 
strategy ( 𝑓(𝑥) = 1 )’s MPA, FWIoU, and MIoU are 87.958%, 90.240%, and 
78.785%, respectively. The periodicity coefficient strategy ( 𝑓(𝑥) = 2௫ ) has a 
greater MPA, FWIoU, and MIoU than the periodicity coefficient strategy (𝑓(𝑥) =1). 

28,50027,50026,50025,500 29,500 28,50027,50026,50025,500 29,500

28,50027,50026,50025,500 29,50028,50027,50026,50025,500 29,500
 

Figure 13. Validation of MPA for CAPs and PCS and MPA for normalized weights, where inf de-
notes ∞. Green triangles representing means and green ‘+’ symbols representing outliers. 
Figure 13. Validation of MPA for CAPs and PCS and MPA for normalized weights, where inf denotes
∞. Green triangles representing means and green ‘+’ symbols representing outliers.



Electronics 2023, 12, 3322 17 of 21Electronics 2023, 11, x FOR PEER REVIEW 18 of 22 
 

 

28,50027,50026,50025,500 29,500 28,50027,50026,50025,500 29,500

28,50027,50026,50025,500 29,50028,50027,50026,50025,500 29,500

 
Figure 14. Validation of FWIoU for CAPs and PCS and FWIoU for normalized weights, where inf 
denotes ∞. Green triangles representing means and green ‘+’ symbols representing outliers. 

28,00027,00026,00025,000 29,000 30,000 28,00027,00026,00025,000 29,000 30,000

28,00027,00026,00025,000 29,000 30,00028,00027,00026,00025,000 29,000 30,000

 
Figure 15. Validation of MIoU for CAPs and PCS and MIoU for normalized weights, where inf de-
notes ∞. The blue lines are the Savitzky-Golay fit lines for the maximum values and the Savitzky-
Golay fit lines for the minimum values. 

As shown in Figures 13–15, CAPs and the periodic coefficients strategy or normalized 
weights were used for several experiments to validate the MPA, FWIoU, and MIoU, re-
spectively. In Figures 13 and 14, data fluctuations in MPA and FWIoU have been studied 
using box plots, with green triangles representing means and green ‘+’ symbols represent-
ing outliers. In Figure 15, the real situation of MIoU is validated by taking the iteration 
interval [25,000: 30,000] and taking the average, [maximum, mean], and [minimum, mean] 
for the same iteration to highlight the data fluctuations during the training period. The 

Figure 14. Validation of FWIoU for CAPs and PCS and FWIoU for normalized weights, where inf
denotes ∞. Green triangles representing means and green ‘+’ symbols representing outliers.

Electronics 2023, 11, x FOR PEER REVIEW 18 of 22 
 

 

28,50027,50026,50025,500 29,500 28,50027,50026,50025,500 29,500

28,50027,50026,50025,500 29,50028,50027,50026,50025,500 29,500

 
Figure 14. Validation of FWIoU for CAPs and PCS and FWIoU for normalized weights, where inf 
denotes ∞. Green triangles representing means and green ‘+’ symbols representing outliers. 

28,00027,00026,00025,000 29,000 30,000 28,00027,00026,00025,000 29,000 30,000

28,00027,00026,00025,000 29,000 30,00028,00027,00026,00025,000 29,000 30,000

 
Figure 15. Validation of MIoU for CAPs and PCS and MIoU for normalized weights, where inf de-
notes ∞. The blue lines are the Savitzky-Golay fit lines for the maximum values and the Savitzky-
Golay fit lines for the minimum values. 

As shown in Figures 13–15, CAPs and the periodic coefficients strategy or normalized 
weights were used for several experiments to validate the MPA, FWIoU, and MIoU, re-
spectively. In Figures 13 and 14, data fluctuations in MPA and FWIoU have been studied 
using box plots, with green triangles representing means and green ‘+’ symbols represent-
ing outliers. In Figure 15, the real situation of MIoU is validated by taking the iteration 
interval [25,000: 30,000] and taking the average, [maximum, mean], and [minimum, mean] 
for the same iteration to highlight the data fluctuations during the training period. The 

Figure 15. Validation of MIoU for CAPs and PCS and MIoU for normalized weights, where inf
denotes ∞. The blue lines are the Savitzky-Golay fit lines for the maximum values and the Savitzky-
Golay fit lines for the minimum values.

As shown in Figures 13–15, CAPs and the periodic coefficients strategy or normalized
weights were used for several experiments to validate the MPA, FWIoU, and MIoU, re-
spectively. In Figures 13 and 14, data fluctuations in MPA and FWIoU have been studied
using box plots, with green triangles representing means and green ‘+’ symbols represent-
ing outliers. In Figure 15, the real situation of MIoU is validated by taking the iteration
interval [25,000: 30,000] and taking the average, [maximum, mean], and [minimum, mean]
for the same iteration to highlight the data fluctuations during the training period. The
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maximum and minimum values were also smoothed and fitted using the Savitzky–Golay
smoothing filter.

3. Overlap Inverse Residual Block

In the OMRB module, the output features have local-to-global information modeled
in Overlap convolution’s vertical aggregation and MRB’s horizontal aggregation, allowing
MBA-ASPP to exhibit a significant improvement in image pixel-level classification tasks.
Experiments were conducted for baseline and Deeplabv3plus-MBA using conv 1 × 1, MRB,
Overlap convolution + 3CNN (Overlap convolution followed by a three-layer CNN with
1 × 1, 3 × 3, 1 × 1 convolution kernels) and OMRB, respectively, and the experimental
data are shown in Table 7. Using conv 1 × 1 as a basis, for five branches of the baseline,
the OMRB module improves the MPA, FWIoU, and MIoU by 0.50%, 0.25%, and 0.21%,
respectively; however, for ten branches of the Deeplabv3plus-MBA, the OMRB template
improves the MPA, FWIoU, and MIoU by 1.07%, 0.51%, and 0.98%, respectively. The
OMRB module’s vertical and horizontal aggregation has a significant effect on the feature
aggregation of different branches, such as the five-branch ASPP structure in the baseline,
which is fundamentally characterized by incomplete feature aggregation but has little
effect due to the small number of branches. Deeplabv3plus-MBA’s MASPP’s ten-branch
structure exacerbates branch aggregation incompleteness to some extent due to a large
number of branches, but in this study, branch aggregation incompleteness is mitigated
to some extent by OMRB’s longitudinal and transverse aggregation, resulting in good
multi-branch aggregation.

Table 7. Experimental data from baseline and Deeplabv3plus-MBA using Conv 1 × 1, MRB, Overlap
convolution + 3CNN, and OMRB respectively.

Serial

Baseline Deeplabv3plus-MBA

MPA FWIoU MIoUConv 1
× 1 MRB

Overlap
Convolution +

3 CNN
OMRB Conv 1

× 1 MRB
Overlap

Convolution +
3 CNN

OMRB

1 T 87.24 89.68 77.46
2 T 87.99 89.81 77.86
3 T 86.37 89.41 77.00
4 T 87.74 89.93 77.83
5 T 86.89 89.86 78.06
6 T 84.89 88.20 74.39
7 T 87.15 89.99 78.07
8 T 87.96 90.37 79.04

As Table 7 presents experimental data for the semantic segmentation task on the
PASCAL VOC 2012 dataset [41], it is not possible to illustrate the effectiveness of the OMRB
module for branch aggregation of multi-branch models. Therefore, experiments on image
classification were conducted on the CIFAR100 dataset (epoch = 1000, batchsize = 128,
optimizer using SGD and setting learning rate lr = 0.1 and learning rate strategy using
StepLR and setting step_size = 40) using the well-known four-branch model GooLeNet [38]
as a benchmark. The experimental data are shown in Table 8. It can be observed that the
accuracy of GooLeNet using OMRB is improved by 0.88% compared to conv 1 × 1, which
also shows the positive effect of OMRB for branching models with multi-layer structures.
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Table 8. GooLeNet uses experimental data from conv 1 × 1, MRB, Overlap convolution + 3cnn, and
OMRB, respectively.

Serial Conv 1 × 1 MRB Overlap Convolution
+ 3CNN OMRB Acc

1 T 56.64
2 T 52.97
3 T 49.20
4 T 57.52

6. Conclusions

This study proposes a multi-branch model with rich branch features and a more
thorough branch aggregation based on the ASPP five-branch model, which is not rich
enough in branch features and has incomplete branch aggregation. The model uses different
methods of extracting features to obtain feature-rich multi-branch modules. Cascaded
adaptive parameters and the periodic coefficient strategy are introduced on this basis,
allowing the model to adaptively promote or suppress the weight ratios of the branches
and weaken the effects of chance uncertainty. The performance of the multi-branch model
is further enhanced by using vertical and horizontal aggregation in the branch aggregation
phase, which to some extent weakens the phenomenon of incomplete branch aggregation.
The validity of the model was verified through a series of experiments on the PASCAL
VOC 2012 dataset and the CIFAR100 dataset, which demonstrates the performance of all
modules. Further exploratory work could investigate the phenomenon of branching in
multi-branch models with local positive and global negative feedback and also in the field
of large image segmentation with multi-branch models with multi-layer structures.
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