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ABSTRACT 
The field of urban scene image segmentation is a crucial task in the field of computer vision. Aiming at 
the problems of large parameter count and insufficient image segmentation accuracy of the traditional 
DeepLabV3+ model, an improved lightweight DeepLabV3+ model is designed. The overall 
performance of the model is improved by replacing the Xception backbone network with MobileNetV2, 
introducing the band pooling module and the densely connected null pyramid module in ASPP, and 
using the GD-FAM multi-feature fusion module in the fusion stage. Using Cityscapes as the dataset, the 
model experiment results show that compared with the traditional Deeplabv3+ model, this paper's 
method increases the target category IoUs of urban scenes such as pedestrians, cyclists, and columns 
by 3.1%, 4.41%, and 6.74%, respectively. Therefore, the segmentation effect of the model in this paper 
is significantly better than the segmentation effect of other models. The mIoU of the MobileNetV2 
backbone network is 4.91% higher than the baseline model. The loss function change curve of the 
model shows that it tends to converge after 100 iterations. In summary, the overall segmentation 
performance of the improved model is significantly improved. 
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1. Introduction 

The eye is an important channel of communication between humans and the world, and in today's 
highly advanced digital media technology, visually dependent media such as images and videos have 
penetrated into all aspects of life. Humans can easily understand the key information in an image, but 
this is a complex task for computers, which are required to recognize both the categories of objects in 
an image and the regions occupied by different objects from each other [1]. For this reason, computer 
vision tasks have been continuously categorized and reϐined, resulting in a series of branches, 
including image classiϐication, target detection and semantic segmentation [2-3]. Among them, image 
classiϐication and target detection are the foundation of computer vision tasks, image classiϐication 
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task is to assign corresponding category labels from a set of classiϐication labels to the input image, 
and target detection task is not only to assign classiϐication labels to the image, but also to locate the 
position of a speciϐic target in the image [4-7]. The semantic segmentation task assigns category labels 
to each pixel point at the pixel level in order to achieve segmentation detection for a speciϐic target 
category and ϐine labeling of its boundaries [8-9]. 

Urban scenes have always been a major challenge for computer vision tasks because they are more 
complex environments, which makes it exceptionally difϐicult for models to accurately detect and 
recognize speciϐic targets [10-12]. Meanwhile, due to the complexity of the types of objects in urban 
scenes, the size and dimensions of the same target will constantly change, which requires more 
adaptive processing capability of the model [13-15]. Therefore, obtaining an image segmentation 
algorithm that can guarantee superior performance and detection speed in urban scenes is of great 
value for its development and application, and will bring more innovations and breakthroughs in the 
ϐield of computer vision [16-17]. The existing algorithms for image segmentation are not yet fully 
mature, and their backbone network has limited ability to extract features, and high computational 
complexity and high demand for hardware resources, which makes it difϐicult to achieve ideal 
detection results in urban scenes [18-20]. The rapid development of image segmentation in recent 
years has beneϐited from the re-emergence of deep learning, however, many existing network 
architectures and segmentation algorithms mostly pile up a large number of convolutional layers or 
design models with complex structures, and some even sacriϐice speed for higher accuracy [21-24]. 
Based on this, an image segmentation algorithm based on banded pooled attention network is 
proposed, which can extract more delicate features of the image, thus realizing the accurate 
segmentation of objects in the image, and is more suitable for tasks with high processing accuracy [25-
27]. 

The traditional DeepLabV3+ model uses Xception as the backbone network, which has problems 
such as high computational cost and large amount of parameter data. In order to solve these problems, 
oriented to complex urban scene image segmentation, this paper proposes an improved lightweight 
DeepLabV3+ model. The backbone network is replaced with MobileNetV2 to realize the model 
lightweight. The band pooling module and dense connected empty pyramid module (DenseASPP) are 
introduced on the basis of the original ASPP, which results in a larger sensory ϐield. Then the CBAM 
attention mechanism, i.e., channel and spatial attention mechanism, is fused to better handle both 
spatial and channel information. In the different resolution feature fusion stage, a gated dual-stream 
alignment module is added to improve the integration performance. Training and testing of the 
improved DeepLabV3+ model is completed using the Cityscapes dataset to validate the effectiveness 
of the algorithm. 

2. Theory and methodology 

Semantic segmentation of urban street scenes is an important research direction within the ϐield of 
computer vision, which aims to classify urban street scene images into different semantic regions, such 
as pedestrians, buildings, vehicles, roads, etc., essentially classifying each pixel in the image with an 
accurate semantic category to categorize the pixels and understand the image [28]. 

2.1. Pooling operation 

Pooling operation is a very common processing in convolutional neural networks, which aims to mimic 
the human visual system and realize the dimensionality reduction of the data, which can effectively 
suppress the noise, reduce the parameters of the network, and prevent the phenomenon of overϐitting. 
Maximum pooling and average pooling are most commonly used in most deep learning networks. The 
application of stochastic pooling in the target detection task shows that its effect is close to that of 
Dropout and can prevent overϐitting. Combinatorial Pooling utilizes both Maximum Pooling and 
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Average Pooling to obtain richer features within the feature extraction layer. Pyramid Pooling is 
essentially a combination of spatial pooling at multiple scales, which provides better access to 
contextual information and obtains more effective features in multi-scale space.Pyramid Pooling is 
introduced into the saliency detection task, and the proposed MPPNet uses pyramid channels of 
different sizes to aggregate and merge the extracted semantic features more effectively. The 
application of global second-order pooling (GSoP) to different visual tasks shows that the introduction 
of GSoP in the network helps in the learning of higher-order representational capabilities, and the 
second-order network based on GSoP has better representation learning performance compared to 
the ϐirst-order network based on global average pooling. The application of strip pooling (SP) in the 
ϐield of semantic segmentation enriches the sensory ϐield by using the strip window as the pooling 
window, so that pooling is no longer limited to the square window, and the effective parsing of complex 
scenes is successfully achieved [29]. 

2.2. Strip pooling 

To be able to effectively understand complex scenes in cities, there are usually two approaches to 
modeling the relationship between pixel points in an image. 
1) Introducing self-attention or nonlocal mechanisms in network models, but the large computational 
effort associated with the computation of the relationship matrix between each spatial location 
weakens the real-time performance of the algorithm. 
2) Null convolutional sense ϐields allow the model to learn contextual information during training. All 
of these methods perform feature extraction on the input feature map within a square window. When 
banded objects with large scales (wrenches, pliers) are present, the square sliding window introduces 
interfering information from irrelevant regions, limiting the ϐlexibility of the network in capturing 
anisotropic contextual information. 

2.2.1. Strip pooling module. The band pooling kernel can effectively establish dependencies between 
windows and encode feature maps within windows. Meanwhile, fusion with feature maps of other 
dimensions can model the detailed information of feature maps. 

First, the input W H Cx R    is then averaged with a water semipooling kernel and a vertical pooling 

kernel, and the outputs are , ,,h C H v C W
c i c jy R y R    , respectively; Then, a 1D convolution with a 

convolution kernel of 3 is used to encode the features within the 1D convolution window, which is 

expanded to generate , , , ,,H w H C W w H C
c i j c i jy R y R     . Fusing them for feature fusion, there: 

 , , , , , ,
H W

c i j c i j c i jy y y   (1) 

 , , , , , ,
H W

c i j c i j c i jy y y   (2) 

After passing through the 1×1 convolution with sigmoid activation layer, it is multiplied with the 
input original feature map, and the feature values of each position on the resulting output feature map 
y  are correlated with multiple positions on the input, so as to achieve the purpose of modeling the 

context. The sense ϐield of band pooling is long and narrow, avoiding the establishment of too many 
unnecessary connections between long-range pixel points, which also effectively suppresses the 
introduction of irrelevant information. 

2.2.2. Strip Pooling Prediction Subnetwork. The model introduces banded pooling, which prevents 
information interference from irrelevant regions while extracting long-distance dependencies, and is 
able to take into account local detail information. The band pooling module is added to the 3-branch 
prediction network of key point, scale, and center point bias to form a band pooling detection network. 
Whether the banded pooling module is shared by the 3 branches. In terms of performance, the shared 
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scheme maintains the computation rate of the original algorithm to a great extent, with little accuracy 
improvement. Whereas the scheme without parameter sharing leads to a substantial increase in 
accuracy, but there is a decrease in the computation rate. 

2.3. IoU losses 

2.3.1. Original network training loss. The original network is trained for the prediction of centroid 
heat maps, and the learning process is supervised using a focal loss computed pixel-by-pixel: 
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Where:   and   are hyperparameters of focal loss. As for scale prediction and bias prediction, 
the learning process is supervised by L1 loss: 
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Where: ˆ
pO   is the value predicted by the bias branching model. 

p

R
  is the position coordinate 

divided by the subsampling rate. p  is the position of the feature map target centroid 
pkS  is the 

height and width predicted by the scale branch. kS  is the height and width of the real frame, which is 
( ) ( ) ( ) ( )
max min max min( , )k k k k

kS x x y y   , for any class of objects. The overall supervised learning loss, on the other 
hand, is a weighted sum of the individual losses: 

 det k size size off offL L L L     (6) 

Where: ,size off    is the weight of the corresponding loss, which is usually taken as 
0.1, 1size off   . 

2.3.2. IOU losses. The regression of bounding box size during training is divided into two branches, 
height and width. The two branches are independent of each other during the learning process, 
calculating their respective losses and summing with the corresponding length truth and width truth, 
respectively. 

However, in reality, the length and width features are not independent, and are often closely related 
to the object category, containing a wealth of features. In addition, the judgment of whether an object 
is detected and accurate or not is often carried out by comparing the intersection ratio between the 
detection frame and the real frame with the threshold, which is greater than that is considered as a 
successful detection, and vice versa is a failure. For this evaluation criterion, height and width 
independent learning is obviously not suitable. 

For this reason, the loss function L1 for supervised scale branch learning is changed to the IoU loss 
which is more suitable for scale learning: 

 ( , )
| | |

A B A B
IoU A B

A B A B A B

 
 

   ∣
 (7) 

Where: A  is the area S  of the region surrounded by the real frame, S W H  ; B  is the area 
of the region surrounded by the prediction frame. 

Then the expression for the IoU loss is: 

 1 ( , )lossL IoU AB   (8) 
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3. Improved lightweight DeepLabV3+ model design 

The DeepLabV3+ model relies on more complex backbone networks (e.g., Xception), which results in 
high computational costs and a large number of parameters, limiting its potential for application on 
resource-constrained devices. In addition, although its adoption of the empty space pyramid pooling 
(ASPP) technique effectively enlarges the receptive ϐield and improves the model's adaptability to scale 
variations, its ability to capture detailed features is still limited, especially when dealing with elongated 
or complex and variable objects. To address these issues, this study proposes several key 
improvements for DeepLabV3+ [30]. 

The improved lightweight DeepLabV3+ model backbone uses the more lightweight MobilenetV2, 
which replaces the original Xception and greatly reduces the number of network parameters, making 
it better for mobile applications. The original ASPP part is replaced with a densely connected null 
pyramid module that adds a bar pooling module to obtain a larger sensory ϐield and denser sampling 
points, while the bar pooling makes the detailed features more accurate. Subsequently, the CBAM 
attention mechanism is added to better handle spatial and channel information. 

3.1. Adding densely connected ASPP with band pooling 

In this paper, we replace the original ASPP with DenseASPP that incorporates band pooling. DenseNet 
uses more densely connected convolutions for better performance, but the number of channels in the 
neural network increases rapidly due to the dense connections. Therefore DenseASPP uses multiple 
1×1 convolutions in order to limit the number of rapidly growing channels to reduce the number of 
operational parameters of the network as well as the amount of computation. And through 
experiments, it is known that the quality of image output is more reasonable when the expansion rate 
is less than 4, so the two are combined. The cascading of dense convolutions at the same time achieves 
a more balanced segmentation effect. The spatial pyramid module uses three convolutions with 
different expansion rates, one ordinary convolution as well as one average pooling layer, and the 
densely connected ASPP employs layer-hopping connections to share information between the front 
and the back to obtain a larger sensory ϐield to provide more comprehensive global information. When 
the convolution kernel size of the null convolution is k and the expansion rate is r , the receptive ϐield 
of the null convolution is: 

 '( 1) ( 1)R r k k      (9) 

The expansion rates of DenseASPP used in this paper are 1, 2, 3, 4, and 8 times that of 3, respectively. 
The relationship between information utilization   and sensory wildness is as follows: 

 
The number of pixels in a feature map that participate in an effective operation

Feel the total amount of elements in the field
   (10) 

Since ordinary pooling leads to increased complexity of the model and in some cases the target 
objects may have long structures. The use of a large square pooling window does not solve this 
problem well as it will inevitably incorporate contaminated information from irrelevant domains. 
Therefore, the strip pool module is introduced to cover more complex streetscape information. 
Improving the effectiveness of streetscape segmentation. The standard spatial average pooling is given 
by: 

 , ,
0 0

1
o oio jo i h i j w j

i h j w

y x
h w    

   


    (11) 

The above equation represents the average pooling of a h w , i.e., for the feature map x of H W , 
the mean values in each of its h w  regions are averaged, and the output feature map obtained is 

/ /H h W w . However, it may contain a large number of irrelevant regions when dealing with irregular 
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targets In order to solve the above problem Strippooling is proposed, which will perform pooling 
operations along the horizontal or vertical direction. 

By adopting strip pooling, deep learning models can effectively enhance their ability to capture 
image global information without signiϐicantly increasing the computational burden, especially for 
those application areas that rely on long-range spatial features, such as high-resolution image 
processing and large scene understanding. Therefore, band pooling provides a new means for deep 
neural networks to capture spatial relationships simply and effectively, which helps to improve the 
overall performance of the model. 

The horizontal pooling formula is expressed as shown in equation (12): 

 ,
0

1h
i i j

J w

y x
W  

   (12) 

The vertical pooling equation is expressed as shown in equation (13): 

 j ,
0

1h
i j

J w

y x
W  

   (13) 

3.2. CBAM Attention Mechanism 

CBAM attention mechanism is a combination of Channel and Spatial attention mechanism.Traditional 
attention such as SENet mostly works on the analysis of channel attention.CBAM not only pays 
attention to the weights of each channel, but likewise pays attention to the weight of each pixel. This 
attention mechanism ϐirst performs channel attention mechanism and subsequently this result is 
processed through spatial attention mechanism. The input image is ϐirst subjected to Maximum 
Feature Pooling and Global Average Pooling, these two components are ϐirst pooled for height and 
width. These two data are used as the number of channels for the feature input into two shared fully 
connected layer parts, the ϐirst fully connected layer with fewer neurons and the second fully 
connected layer with the same number of neurons as the input number of channels fully connected 
layer. The pooled result gets two features through the fully connected layer and subsequently the two 
features are added together and the value is ϐixed through Sigmoid function and this feature map has 
the same number of channels as the input feature map to complete the channel attention addition. 

3.3. GD-FAM multi-feature fusion 

DeepLabV3+ network only utilizes the ϐirst down-sampled feature maps in the decoder part of the 
backbone network part, which is not fully utilized in the coding side to improve the capability of 
feature representation of the network. In this paper, all the downsampled features of 1/8 and 1/16 
feature maps are downsampled in MobileNet, resulting in a waste of semantic information. In order to 
obtain more detailed underlying semantic features, the sampling coefϐicients for will be the second 
and third low-level semantic features were merged, respectively. Meanwhile, in order not to affect the 
output of the DenseASPP module, the second 1/16 downsampling is carried out, and the ϐirst three 
downsampled low-level semantic features are reduced to 64, 32, and 16, respectively. The inϐluence of 
low-level semantic information on high-level semantic information is avoided. 

4. Model realization and analysis of experimental results 

4.1. Description and comparison of experimental data 

In general, data is one of the most important parts for machine learning including deep learning tasks 
nowadays. For the task of semantic segmentation of urban scenes, it is even more beneϐicial from large-
scale datasets. Currently, the Cityscapes dataset is one of the large-scale datasets used for semantic 
segmentation of urban scenes, which was created speciϐically to address the fact that previous data 
did not adequately capture the complexity of real-world cities. The Cityscapes dataset consists of a 
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large number of different stereoscopic video sequences recorded on streets in 50 different cities in 
and around Germany. The dataset consists of 5,000 high-quality ϐinely labeled images and 20,000 
coarsely labeled images, which are used to help implement semantic segmentation methods that 
utilize large amounts of weakly labeled data. The ϐinely labeled images and roughly labeled images in 
the dataset are shown. Critically, Cityscapes surpasses previous attempts at dataset size, annotation 
richness, scene variability and complexity.Cityscapes' data recording and annotation methods were 
carefully designed to capture the high variability of outdoor street scenes. The camera system and 
post-processing capabilities of the dataset reϐlect the current state-of-the-art in the automotive ϐield. 

The number of pixels per ϐine annotation class (y-axis) and their associated categories (x-axis) are 
shown in Fig. 1.The Cityscapes dataset deϐines 29 visual classes for annotations, which can be 
categorized into eight main categories: planar, architectural, natural, vehicular, sky, object, human, and 
blank label. Based on their frequency, relevance from an application perspective and practical 
considerations regarding annotation work, as well as promoting compatibility with existing datasets, 
among other reasons. A smaller number of categories were excluded from the benchmark, using the 
remaining 19 categories for the evaluation. 

 

Fig. 1. Each detail annotation class (y axis) and its related categories (x axis) 

Cityscapes has up to two orders of magnitude more annotated pixels compared to CamVid, DUS and 
KITTI.Various dataset pairs are shown in Table 1The majority of all annotated pixels in Cityscapes are 
coarse annotations, providing many separate but related training samples but lacking information 
close to the object boundaries.Cityscapes( ϐine) represents the 5000 ϐinely annotated images in the 
dataset and cityscapes(coarse) represents the 20,000 roughly annotated additional maps in the 
dataset and the images in the CamVid dataset were scaled up to 1290 × 740 pixels to maintain the 
original aspect ratio. 

Table 1. Various data sets are compared 

Data set name The number of pixels (109) Data tag density (%) 

DUS 0.16 63.22 

KITTI 0.24 89.25 

CamVid 0.67 97.84 
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Cityscapes(fine) 9.58 97.3 

Citescapes(coarse) 26.14 68.6 

The number of annotations per category in each dataset was compared as shown in Figure 2. It is 
worth noting that the differences in the datasets stem from inherently different conϐigurations; 
Cityscapes involve dense downtown trafϐic, wide roads, and large intersections, while KITTI consists 
of less busy suburban trafϐic scenes. As a result, KITTI shows signiϐicantly fewer ϐlat structures and 
humans and more natural scenes. In terms of overall construction, DUS and CamVid are closer to the 
construction of the Cityscapes dataset. However, the CamVid dataset has more sky information and 
the DUS dataset has more blank label information. After the above analysis, it is obvious that the 
Cityscapes dataset exceeds the previous datasets in all aspects, and it is the current dataset that can 
approximate the real-world urban scene situation. Therefore, this dataset is selected as the training 
and validation test dataset in the training and testing of this paper. 

 

Fig. 2. The proportion of annotated pixels 

4.2. Introduction to the experimental environment 

The software version as well as the hardware conϐiguration of the network model implementation in 
this paper are shown in Table 2. 
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Table 2. Experimental software version and hardware conϐiguration 

Name Version or type 

Processor Intel Xeon E5-1620 v3 

Memory 32G 

Graphics card TITAN X(12G) 

Hard disk 256SSD+2T 

System Ubuntu 16.04 

Language Python 3.6.7 

Compiling environment PyCharm 2017.3 

Frame PyTorch 0.4.1 

4.3. Experimental results and analysis 

The comparative experimental results of each algorithm on the Cityscapes dataset are shown in Figure 
3. Compared with the recent state-of-the-art segmentation algorithms such as Deeplabv3+, PSANet 
and MCNet, the mIoU of the improved DeepLabv3+ model is improved by 4.128%, 4.81% and 2.345%, 
respectively, which indicates that this paper's method is more suitable for thermal infrared image 
segmentation. The method in this paper not only has a slightly higher overall segmentation 
performance mIoU than other methods, but also has a slightly higher segmentation performance for 
targets such as small targets and edges, for example, compared with Deeplabv3+, the method in this 
paper improves the IoU in the category of small targets such as pedestrians, cyclists, and columns by 
3.1%, 4.41%, and 6.74%, respectively. Compared to MCNet, this paper's method improves IoU by 
1.54%, 2.18%, 2.58%, 7.8%, 2.6%, 0.88%, 2.14%, and 3.1% in the categories of pedestrians, cyclists, 
cars, trunks, railings, trees, buses, and columns, respectively. The segmentation results of the above 
part of the algorithm are visualized, and through observation and analysis, it is found that the 
algorithms in this chapter have slightly better segmentation effects on each category, for example, the 
segmentation algorithm in this paper is better than Deeplabv3+ segmentation algorithm in terms of 
details such as small targets and edges, and has a clearer effect on the edge processing of the target 
structure. More speciϐically, this paper's algorithm in the front and rearview mirrors of buses, 
pedestrians, upper and lower limbs, tree trunks and branches, columns and other details of the 
segmentation effect is signiϐicantly better than Deeplabv3+ and PSPNet algorithms segmentation 
effect. 
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Fig. 3. Comparison of segmentation performance of popular algorithm 

The performance improvement of the backbone network for the ablation experiment is shown in 
Table 3. With Xception as the backbone network, the mIoU of the overall network is improved by 4.9% 
over the baseline model when the method of this paper is embedded in ASPP. With MobileNetV2 as 
the backbone network, the mIoU of the overall network is improved by 4.91% over the baseline model. 
The MobileNetV2-based model outperforms Xception's model by only 1.00%, indicating that when the 
network reaches a certain depth, the network performance is not proportional to the depth of the 
network. 

Table 3. The performance of the main dry network is improved 

Method Backbone mIoU(%) ∆(%) 

DenseNet Xception 65.12 — 

DenseNet+DenseASPP Xception 70.02 — 

DenseNet+DenseASPP+ CBAM Xception 71.14 1.12↑ 

DenseNet+DenseASPP MobileNetV2 70.03 — 

DenseNet+DenseASPP+ CBAM MobileNetV2 72.14 2.11↑ 

The loss function variation curve of the improved lightweight DeepLabV3+ model network when 
validating the Citycapes dataset is shown in Fig. 4, and it can be found that the model loss values 
converge after about 100 iterations. 
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Fig. 4. Loss function diagram 

In order to obtain better experimental results, a stronger network (MobileNetV2) was chosen to 
improve the performance of this model. The best segmentation performance of this model on 
Citycapes validation set reaches 72.14%. The performance comparison of this paper's method with 
the most relevant current methods is shown in Table 4. The three methods that are most similar to the 
method of this paper are selected including: DCN, PSANet, and MCNet.The module performance of this 
paper is optimal with an improvement of 1.92%, 1.98%, and 3.94%, respectively. 

Table 4. Experiment with the most similar method 

Method mIoU(%) ∆(%) Imput size GFLOPs param(M) 

FCN 60.45 — 512×512 278.41 68.54 

DCN 70.22 — 512×512 — — 

GCN 70.25 — 512×512 278.41 68.71 

PSANet 70.16 — 512×512 279.56 78.22 

MCNet 68.20 — 582×725 178.94 35.78 

Ours 72.14 3.94↑ 512×512 255.53 63.78 

The ablation experiments for each module designed in this paper are shown in Table 5. The ablation 
experiments are performed for each module using the baseline model with the backbone network as 
Xception and MobileNetV2, respectively. When Xception is used as the backbone network, the 
segmentation performance of the proposed DenseASPP module and CBAM module, for the baseline 
model, are both slightly improved by about 0.54% and 1.13%, respectively. When the DenseASPP, 
CBAM and GD-FAM modules are embedded simultaneously, the segmentation performance is 
improved by about 2.39%. When embedding DenseASPP, CBAM and GD-FAM modules in the baseline 
model where the backbone network is MobileNetV2, its segmentation performance improves by about 
2.92%. It shows that the method in this paper is indeed effective. 
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Table 5. Ablation of various components 

Method Backbone mIoU(%) ∆(%) GFLOPs 

Traditional deeplabv3+ Xception 45.2 — — 

DenseNet Xception 67.12 — 182.36 

DenseNet+DenseASPP Xception 67.66 0.54↑ 177.78 

DenseNet+DenseASPP+ CBAM Xception 68.79 1.13↑ 177.84 

DenseNet+DenseASPP+ CBAM +GD-FAM Xception 70.05 2.39↑ 177.94 

DenseNet MobileNetV2 68.45 — 254.97 

DenseNet+DenseASPP MobileNetV2 69.94 1.49↑ 255.42 

DenseNet+DenseASPP+ CBAM MobileNetV2 70.72 2.27↑ 256.78 

DenseNet+DenseASPP+ CBAM +GD-FAM MobileNetV2 71.37 2.92↑ 25563 

Different loss function pairs were subjected to ablation experiments as shown in Table 6. It is found 
that if only the edge loss is used to supervise it, its effect is not very obvious, and the segmentation 
performance is only improved by 0.6%, and although the edge feature enhancement can remove the 
edge noise to enhance the edge segmentation effect, the number of edge pixels accounts for a smaller 
number and the edge pixel category cannot be supervised, which leads to a slightly worse 
segmentation effect. However, considering the edge pixel category information and supervising it, the 
segmentation performance is improved signiϐicantly. However, the percentage of edge pixels is 
relatively small, so the overall segmentation performance improvement is not very obvious. Finally, 
the small target features are supervised and it is found that the OHEM loss supervises its training, 
which is slightly better than the general symplectic entropy loss function. 

Table 6. Ablation experiment based on different loss functions 

Method Lseg Le-bce Le-ohem mIoU(%) ∆(%) 

DenseNet ✓ — — 71.3 — 

— — ✓ — 71.9 0.6↑ 

— ✓ ✓ — 72.2 0.9↑ 

— ✓ — ✓ 72.3 1↑ 

5. Conclusion 

In this paper, the traditional DeepLabV3+ image segmentation model is mainly improved by using 
innovative methods such as introducing CBAM attention mechanism, replacing the backbone network 
structure, incorporating densely connected ASPP with band-pooling, and fusing GD-FAM modules. It 
is examined in Cityscapes dataset, and the results show that the lightweight DeepLabV3+ 
segmentation model improved in this paper is better than the traditional Deeplabv3+ segmentation 
model in terms of details such as small targets and edges, such as front and rearview mirrors of buses, 
upper and lower limbs of pedestrians, branches of tree trunks, and columns, etc., and the edge 
processing effect is more clear. The loss value of the improved model in this paper tends to converge 
after 100 iterations. In the ablation experiments carried out in each module, embedding DenseASPP, 
CBAM and GD-FAM modules, the segmentation performance is better than the baseline model, and its 
overall network mIoU value is improved by about 2.92%. 
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H., ... & Vargas-Martı́nez, A. (2021). Mapping urban green spaces at the metropolitan level using very high 
resolution satellite imagery and deep learning techniques for semantic segmentation. Remote Sensing, 
13(11), 2031. 

[13] Pan, Z., Xu, J., Guo, Y., Hu, Y., & Wang, G. (2020). Deep learning segmentation and classiϐication for urban 
village using a worldview satellite image based on U-Net. Remote Sensing, 12(10), 1574. 

[14] Zou, Y., Weinacker, H., & Koch, B. (2021). Towards urban scene semantic segmentation with deep learning 
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