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Abstract—Semantic segmentation of high-resolution (HR) re-
mote sensing images achieved great progress by utilizing deep
convolutional neural networks (DCNNs) in recent years. However,
the decrease of resolution in the feature map of DCNNs brings
about the loss of spatial information and thus leads to the blur-
ring of object boundary and misclassification of small objects. In
addition, the class imbalance and the high diversity of geographic
objects in HR images exacerbate the performance. To deal with the
above problems, we proposed an end-to-end DCNN network named
GAMNet to balance the contradiction between global semantic
information and local details. An integration of attention and gate
module (GAM) is specially designed to simultaneously realize mul-
tiscale feature extraction and boundary recovery. The integration
module can be inserted in an encoder-decoder network with skip
connection. Meanwhile, a composite loss function is designed to
achieve deep supervision of GAM by adding an auxiliary loss,
which can help improve the effectiveness of the integration module.
The performance of GAMNet is quantitatively evaluated on the
ISPRS 2-D semantic labeling datasets and achieves state-of-the-art
performance in comparison with other representative methods.

Index Terms—Attention module (AM), gate module (GM), high-
resolution (HR) remote sensing imagery, semantic segmentation.

I. INTRODUCTION

S EMANTIC segmentation of high-resolution (HR) remote
sensing images received lots of attention in recent years

due to the development of deep convolutional neural networks
(DCNNs) [1]–[6]. The goal of semantic segmentation is to assign
a semantic label to every pixel in an image [7]. It has a wide range
of applications that can be roughly divided into two categories.
One is to label a single category, such as road extraction [8],
[9], building segmentation [10], [11], ship detection [12], cloud
segmentation [13], [14], and water area segmentation [15]. The
other is to label multiple categories all together [16]–[20]. How-
ever, DCNN-based semantic segmentation of HR images still
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faces the challenges of the high diversity of geographic objects
and the class imbalance originating from the high-spatial reso-
lution [21], [22]. High diversity often presents high intra-class
heterogeneity and low inter-class variance, such as the confusion
between trees and low vegetation, as well as the confusion of
manmade objects in urban areas [23]. Class imbalance refers
to that different objects take different area ratios in an image,
which leads to the uneven distribution of the categories.

To solve these challenging problems, DCNN models are
specifically improved for semantic segmentation of HR images.
For the semantic segmentation task, DCNN evolves as an end-to-
end structure by jointly learning feature extraction from original
input data to final output with great generalization capabilities
[24], [25]. With the benefit of the consecutive down-sampling
operations in convolutional forward stage, the extracted features
are containing rich context and being useful for object segmen-
tation. However, it leads to the loss of detailed information
that is crucial for accurate segmentation of small objects and
boundaries. Therefore, considering the characteristics of HR
images and the trade-off between semantic context and detail
information, mainly two types of improvements on DCNNs have
been explored for semantic segmentation of HR images [26],
[27]: one type of making full use of multiscale features and the
other type of enhancing boundary information.

For semantic segmentation task of HR images, objects of
different sizes need feature maps with different field-of-view
because of different semantic context in different levels of
feature maps. Lower-level feature maps support the location
of small objects and higher-level feature maps guarantee the
context for complete large objects. Hence, for an image with
huge diversity, it is important to make full use of the multiscale
features from the encoder part. Simple cascading or summing
operations cannot effectively solve the above problems well,
and may bring redundancy of feature information. Generally,
there are three ways to capture multiscale features, including
share-net, pyramid pooling net, and skip-net [28], as shown in
Fig. 1.

Share-net has a shared deep network with differently resized
inputs as shown in Fig. 1(a). It resizes the original image into
several different scales and puts each into the shared network.
A fusion module is applied to learn the multiscale features from
each branch. Chen et al. [28] and Yang and Peng [29] proposed
a share-net network with two input scales aided by an attention
model. In remote sensing community, Lin et al. [30] proposed
two branches of fully convolutional network with different input
scales for maritime semantic labelling. It is noted that only two
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Fig. 1. Three types of networks for capturing multiscale features. (a) Share-
net. (b) Pyramid pooling net. (c) Skip-net.

input scales were used in the above studies. In theory, we can
add more branches in a share-net to capture multiscale features
better, but it is limited by the computation capacity and the
training time.

Pyramid pooling net designs filters or pooling operations
at multiple effective field-of-views to process the high-level
features, which can generate multiscale high-level features [31],
[32] as shown in Fig. 1(b). The pyramid pooling module in
PSPNet [31] generates four-scale high level features by four
pooling operations. The atrous spatial pyramid pooling (ASPP)
module in DeepLabV3+ [32] functions similarly by four filters
with different dilated rates. Several works of remote sensing
image semantic segmentation [12], [33] also adopted the pyra-
mid pooling module. No matter what operation is adopted, the
pyramid pooling net can effectively enlarge the field-of-view
and make full use of the high-level features to reveal multiscale
context. However, a lack of low-level features would lead to
missing details of objects [34], [35].

Skip-net combines multilevel features from the intermediate
layers as shown in Fig. 1(c). Since the high-level features contain
more semantic information and the low-level features explain
more details, a fusion of features at different levels is valuable
to distinguish objects with various appearances in terms of
both spectra and geometry. SegNet [34] and RefineNet [35] are
typical skip-net structures which take use of the intermediate
layers for segmentation. Skip-net is a commonly used structure
for remote sensing image semantic segmentation to aggregate
multilevel features [23], [36]. However, not all the features are
proved to be effective and overmuch fusion of the intermediate
layers would lead to information redundancy, thus it’s of great
importance to select the effective features for different objects.

Several structures focused on enhancing boundary informa-
tion to deal with the blurring of boundary detail caused by the
pooling or convolution operations in DCNNs. By recovering
detailed boundaries, some confusion among manmade objects
can be relieved, such as the confusion between cars and roads.
Dilated convolution [37] was introduced to replace convolu-
tional layer and pooling layer. It can enlarge the receptive field
without reduction of resolution and thus can keep more details
around boundary. The skip connection in the encoder part can
also do good to recover details [34], [35], [38]. In addition,
the edge detection method is combined with deep network to
provide explicit boundary information. One type of this method

detects the boundary and then classifies in the deep learning
architecture [39], [40]. For example, Fu et al. [40] proposed
an object-based deep CNN framework that integrates object-
based image analysis with deep CNNs to accurately extract and
estimate impervious surfaces. The other type integrates edge
detection in a deep learning network [27], [41]. For example,
Marmanis et al. [42] proposed a boundary-aware network by
training boundary probability maps with holistically nested edge
detection to support semantic segmentation.

In this article, we propose a novel end-to-end deep convolu-
tional skip-net. On the basis of a symmetrical encoder-decoder
structure, we design a data-driving integration module which
can be inserted in the decoder part with skip connection to the
encoder part. The integration module takes multiscale features
from the encoder part as input to fully exploit and learn multi-
scale information. It integrates an attention module (AM) and
a gate module (GM), which can extract features of different
scales for different objects to deal with the problems of high
diversity and class imbalance, and at the same time make full
use of the information that is conducive to boundary segmen-
tation in low-level features to improve the accuracy of bound-
ary segmentation. The integration module is a plug-and-play
module which can be easily inserted into an encoder-decoder
structure. The main contributions of this article are concluded as
followed.

1) A novel end-to-end network structure (GAMNet) for HR
image semantic segmentation is proposed by inserting an
integration module into a skip-net to realize multiscale
feature selection and boundary detail recovery simultane-
ously.

2) The data-driving plug-and-play integration module
(GAM) can be easily inserted in encoder-decoder net-
works, which is demonstrated to be effective for improving
segmentation accuracies.

3) The proposed GAMNet is demonstrated achieving state-
of-the-art performance through a large number of experi-
ments, especially for the small objects (e.g., the category
of car) on the ISPRS two-dimensional (2-D) semantic
segmentation benchmarks.

II. METHODS

To deal with the challenges of boundary blurring and the
tradeoff between semantic context and local details, we design
a novel end-to-end network called GAMNet on the basis of
an encoder-decoder structure for excavating multilevel features.
GAM (integration of gate and attention module) is inserted into
the encoder-decoder network to accomplish both the selection
of useful features and the optimization of boundary.

A. Overview

The overall framework adopts the encoder-decoder structure
as illustrated in Fig. 2. In the encoder part, convolutional layers
and pooling layers gradually reduce the spatial resolution and
expand the receptive field to extract semantic information. The
decoder part gradually improves the spatial resolution to restore
the detail information. By keeping the symmetry of encoding and
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Fig. 2. Overall framework of the proposed GAMNet structure.

Fig. 3. Structure of the integration of gate and attention module (GAM).

decoding structure, the contradiction between global semantic
information and local detailed information is balanced.

In the encoder part of the network, we take ResNet-101 as
the baseline. ResNet [43], [44] has been proved as an effec-
tive convolutional network structure to extract image features.
The basic unit of ResNet-101 is the bottleneck building block.
According to the spatial resolution of feature map, we divided
ResNet-101 into four ResNet blocks, as shown in the encoder
part of Fig. 2. Each ResNet block is composed of different
number of bottlenecks. The dilated convolution [45], also called
as atrous convolution, is introduced in the fourth ResNet block
to enlarge the receptive field without decreasing the spatial
resolution, and thus to alleviate the contradiction between the
global semantic information and the local detail information
to some extent. The size of the dilated convolution kernel is
controlled by the dilated convolution rate. A larger rate brings a
wider receptive field but may also cause the discontinuity of the
feature map.

In the decoder part of the network, we design a plug-and-play
GAM module and insert it into a skip-net to fuse multiscale
features. Three GAMs are inserted in the skip-net to aggregate
features of ResNet blocks in encoder part from high-level to low-
level, named GAM1, GAM2, and GAM3. GAM is composed
of an AM and a GM, taking the features at a high level from
the encoder and the features at the adjacent lower level from the
decoder as input. The detailed structure of a GAM is illustrated
in Fig. 3.

B. Attention Module

The feature maps at each scale in the encoder part are useful,
but features at different scales have different importance to

various objects. Hence, it is of great importance to make an
optimum selection of features for the very heterogeneous objects
in HR images. The attention model can be used to measure the
importance of different receptive fields to different features [46].
It was primarily used in natural language processing [47] and
then introduced to computer vision for image classification [48],
object detection [49], and semantic segmentation [28], [50].
Attention model can be divided into soft and hard attention
[51]. Among the existing DCNNs with attention model, the soft
attention is differentiable, and can thus be used to compute the
gradient through the neural network and to learn the weights of
features by propagating forward and backward [52].

Therefore, we apply a hard attention model to weight features
at different scales, aiming at realizing the optimization of multi-
scale features for various objects. Exactly, attention mechanisms
can be learned by adding an additional feed-forward propagation
to the network to measure the importance of features at different
scales. The multiscale features can then be optimized effectively
by a weighted fusion separately for each pixel.

The structure of the AM in GAM is shown in the bottom half
of Fig. 3. The attention model measures the feature importance
of different scales according to the prior information by setting
the two convolutional layer structure, restraining the invalid
features, and retaining the effective features. The input of the
AM includes feature maps from the encoder part and up-sampled
feature maps at the adjacent higher level in the decoder part.
The two input feature maps are concatenated and filtered by
two convolutional layers to evaluate the scale importance. Let
x represent the pixel in feature maps, ω (k × k × 2) represent
the weight of each pixel from different scales, S represent the
number of scales (hereS= 2), s represent a single scale (s= 1 or
2), f (k × k × d1) represent the multiscale input feature maps
from encoder and decoder parts, h (k × k × d2) represent the
output feature maps of the two-layer AM, and A (k × k × d3)
represent the weighed summation of multiscale features. The
input (f ) and output (A) of the AM are expressed as follows:

Ax =
S∑

s=1

ωs
x · fs

x , where ωs
x =

exp (hs
x)∑S

t=1 exp (h
t
x)

. (1)

In the AM, the weights of different scales are first calcu-
lated and then the weighted summation is calculated as the
final output. Through the AM, the importance of features at
different scales is separately measured for each pixel. The feature
maps are fused according to the weighed importance to realize
effective optimization of multiscale features.

C. Gate Module

With the deepening convolutional layers, the high-level fea-
ture maps tend to lose local detail information, which often
results in fuzzy boundaries in segmentation result even though
the decoder part is applied for recovering details. To deal with the
problem of blurring boundaries, we apply a GM [53] to recover
boundary details effectively by fully excavating the detailed
low-level features. GM works as a function to control the flow
of information in DCNN-based semantic segmentation tasks.
Different gate functions have been designed for different tasks.
Islam et al.[54] designed gate units and gated refinement units
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to weigh high-level features for controlling low-level features.
Li et al. [55] proposed a gated fully fusion module which can
fuse features by comparing the feature maps to enhance the
dissemination of useful information.

In this article, we take the information entropy as a gate func-
tion to impose boundary constraints on feature maps. Usually,
the misclassification probability is higher near the boundaries
and thus the corresponding information entropy in these areas is
higher. In addition, the detailed information is urgently needed
for these areas to accurately localize the boundaries. Therefore,
the information entropy is used as the gate function to obtain
more low-level feature information around object boundaries,
which serves as a boundary constraint to better recover the
detailed information.

The structure of the GM is shown in the top part of Fig. 3.
The input is the same as that of the AM, including up-sampled
high-level feature maps in the decoder part and adjacent low-
level feature maps in the encoder part. The gate calculation is
conducted on the up-sampled high-level feature maps, which is
assigned as a weight value to the low-level feature maps. After
fusing by multiplying the weight and the low-level feature maps,
the output of the GM is generated. Let F (k × k × d4) represent
the output, fhigh (k × k × d5) represent the high-level feature
maps, and f low (k × k × d6) represent the low-level feature
maps. The input and output of the GM are expressed as follows:

F =
(
G
[
Softmax

(
fhigh × ω1∗1

)] ×̇ f low
)

+ fhigh, (2)

where G represents the formula of information entropy gate
function, as shown in (3). ω1∗1 represents 1 × 1 convolutional
layer, “×” and “×̇” stand for matrix multiplication and element-
wise multiplication, respectively,

G (x) = −
N∑

i = 1

pi (x) log2 (pi (x)), (3)

where N represents the number of categories, x represents the
pixels in an image and pi(x) represents the probability of each
land cover category.

The high-level features are calculated by the Softmax layer
to indicate the probability of each land cover category. Accord-
ingly, the probability vector has the same number of channels
for each pixel and can thus be used to calculate the information
entropy, which is used as a gate to control the number of
low-level features for different parts. In this way, the low-level
features are processed under the guidance of high-level features
through the information entropy in the GM, aiming at better
recovering the missing detail information near the boundaries
and thus improving the semantic segmentation accuracies.

D. Integration Module (GAM)

On the basis of the encoder-decoder with skip connection,
an integration module which can be easily inserted is pro-
posed for improving the performance. The integration module
is formulated by combing the GM and AM to screen multi-
scale features and to restore boundary details simultaneously.
To take advantage of both AM and GM to accomplish fusing
useful features and optimizing boundaries, we design a novel

integration module combining AM and GM. A concatenation
operation is designed to fuse the output of AM and GM, followed
by a convolutional layer next to it, as shown in Fig. 3. The
concatenation operation preserves the characteristics from both
modules very well and a convolution with a kernel of 3 × 3 is
employed for better understanding the hybrid features.

In addition, an effective loss function plays a very important
role for training the proposed model. To prevent the gradient
from disappearing within the network, the auxiliary loss was
proposed to combine with the original loss function, which
can result in easier optimization. For example, Trinh et al.
[56] proposed an auxiliary loss to improve the generalization
ability of recurrent neural network. Zhao et al. [31] employed
an auxiliary loss for ResNet optimization, which was proved to
be effective for improving performance.

Accordingly, we specially design a composite loss for the
proposed network to achieve easier optimization as well as to
make GAM work better. Specifically, an auxiliary cross entropy
loss from the GM is combined with the widely used cross entropy
loss. The weight parameters λ are set to balance the two types
of loss. The composite loss is defined as follows:

L = Lcel + λLGM (4)

where Lcel represents the cross entropy loss, LGM represents
the cross entropy loss from GM, which is the summation of
three GMs. The weight parameter λ is set as 0.5 by default, and
its influence on the segmentation results will be discussed in
Section IV-B.

III. EXPERIMENTS

A. Dataset and Preprocessing

The proposed GAMNet method is evaluated on the two open
benchmarks of ISPRS 2-D semantic labelling challenge, i.e.,
Vaihingen1 and Potsdam2 dataset. Both the datasets are airborne
images, consisting of high resolution true ortho photo (TOP)
tiles and corresponding digital surface models (DSMs) derived
from dense image matching techniques. We only use the near
infrared, red, and green bands for both training and testing.
Each dataset has been manually labeled into six land cover cat-
egories, including impervious surfaces (ImSurface), buildings
(building), low vegetation (LowVeg), trees (tree), cars (car),
and clutter/background (clutter). The clutter/background class
includes water bodies and other objects that look very different
from everything else. The ground truth of all tiles in both datasets
was released. In this article, the eroded references are used for
evaluation to be consistent with the methods on ISPRS 2-D
semantic labelling WEBSITE,3 where the boundaries of objects
are eroded by a circular disc of three-pixel radius.

1) Vaihingen Dataset: Vaihingen is a relatively small village
with many detached buildings and small multistory buildings.

1Online. [Available]: http://www2.isprs.org/commissions/comm3/wg4/2d-
sem-label-vaihingen.html

2Online. [Available]: http://www2.isprs.org/commissions/comm3/wg4/2d-
sem-label-potsdam.html

3Online. [Available]: http://www2.isprs.org/commissions/comm3/wg4/
semantic-labeling.html

http:&sol;&sol;www2.isprs.org&sol;commissions&sol;comm3&sol;wg4&sol;2d-sem-label-vaihingen.html
http:&sol;&sol;www2.isprs.org&sol;commissions&sol;comm3&sol;wg4&sol;2d-sem-label-potsdam.html
http:&sol;&sol;www2.isprs.org&sol;commissions&sol;comm3&sol;wg4&sol;semantic-labeling.html
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The Vaihingen dataset contains 33 tiles of different sizes TOP
images. It includes the near infrared, red, and green bands deliv-
ered by the camera. The average size of the tiles is 2494 × 2064
pixels with a spatial resolution of 9 cm. Similar to previous
studies, we use 16 tiles for training (ID: 1, 3, 5, 7, 11, 13, 15, 17,
21, 23, 26, 28, 30, 32, 34, 37) and the rest 17 tiles are for testing
[52], [53].

2) Potsdam Dataset: Potsdam shows a typical historic city
with large building blocks, narrow streets, and dense settlement
structure. The Potsdam dataset contains 38 tiles of the same size
6000 × 6000 pixels with a spatial resolution of 5 cm. Similar
to previous studies, we use 23 tiles for training and 14 tiles for
testing the model. The tiles 7–10 are not used because of the
labelling mistakes.

3) Data Preprocessing: Due to the limitation of GPU mem-
ory, we crop the Vaihingen and Potsdam datasets into patches
of 512 × 512 pixels with a stride of 100 pixels and 400
pixels, respectively. To avoid overfitting, we implement data
augmentation (DA) to the cropped patches by flipping each
patch horizontally and vertically and rotating each patch 90°
counter-clockwise.

B. Implementation Details

1) Computing Environment: The proposed method is imple-
mented using the TensorFlow platform. All the experiments are
performed in the equipment with a GeForce RTX 2080Ti GPU.

2) Evaluation Metrics: In order to comprehensively evaluate
the performance of the semantic segmentation results, we chose
the overall accuracy (OA), F1-score (F1) and intersection over
union (IoU) as evaluation metrics. The formulas of these metrics
are as follows:

OA =
tp + tn

fp + fn
(5)

recall =
tp

tp + fn
(6)

precision =
tp

tp + fp
(7)

F1 = 2× precision× recall

precision + recall
(8)

IoU =
tp

tp + fp + fn
, (9)

where tp , tn, fp, and fn represent true positives, true negatives,
false positives, and false negatives, respectively. In addition,
MF1 and MIoU are calculated as the mean F1 and the mean IoU
of each category (without the category of clutter/background),
respectively.

3) Overlay Inference (OI): Due to the limitation of mem-
ory, we also crop the images into patches in the inference
stage. However, this causes inconsistent segmentations across
the borders of the patches. In order to mitigate the boundary
effect, the OI strategy is employed. The overlapped patches
are firstly sliced by setting an overlay ratio. The probability of
land cover category is averaged for each pixel in overlapped
areas. As shown in Fig. 4, compared with inferencing without

Fig. 4. Diagram of OI by setting the overlay ratio as 50%, where the blue box
represents the overlapped area and the parts outside the blue box represent the
context information that can be used for inferencing the overlapped area.

overlap, the overlapped area in the blue box can make use of
information from all its surrounding patches. Hence, overlapped
areas can aggregate more context information for inferencing by
this overlay strategy, the effectiveness of which will be proved
in the following Section IV-C.

4) Design of Experiments: The weights of ResNet-101 in
the encoder part are pretrained on ImageNet [59]. The “poly”
learning rate policy is adopted with the initial learning rate
setting as 0.001. The batch size of all the experiments is 4 and
the network is trained for 50 epochs.

In order to demonstrate the effectiveness of the proposed
GAMNet, we design the following sets of experiments.

1) Comparing the network trained with or without GAM to
clearly reveal the effectiveness of the integration module.

2) Comparing the network trained with different encoders to
demonstrate the effectiveness of the plug-and-play mod-
ule.

3) Comparing the network trained by the composite loss with
that trained by only cross entropy loss to demonstrate the
function of the composite loss.

4) Effects of patch size for both training and inference are
discussed together with the OI, aiming at demonstrating
the importance of context information for multiclass se-
mantic segmentation by DCNN.

5) Proposed GAMNet is compared with previous represen-
tative methods on the two open benchmarks of ISPRS 2-D
Semantic Labelling Challenge to validate its effectiveness.

IV. RESULTS

A. Evaluation of the Proposed GAMNet Method

Altogether, we introduced three strategies to enhance the
GAMNet performance, including multigrid (MG), DA, and OI.
MG refers to employing dilated convolution into ResNet. We set
the dilated rate as 1, 2, and 4 in the fourth block of ResNet for the
bottlenecks respectively. DA is also used in the inference stage
in addition to the training stage. Five different scales {0.5, 0.75,
1, 1.25, 1.5} and left-right flipping counterpart are input to the
trained network for inferencing and averaged as the final output.
In terms of OI, the overlay ratio is set as 50% for this experiment.
Table I gives the evaluation metrics of the GAMNet results on
the Vaihingen dataset. The original GAMNet achieves a MF1 of
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TABLE I
ACCURACIES OF GAMNET RESULTS WITH AND WITHOUT ENHANCING BY THE STRATEGIES OF MG, DA, AND OI ON THE VAIHINGEN TEST SET

TABLE II
COMPARISON OF THE ACCURACIES FOR DIFFERENT NETWORK STRUCTURES ON THE VAIHINGEN TEST SET. THE NETWORKS ARE BASELINE, WITH AM, WITH GM,

AND WITH HYBRID GATE AND ATTENTION MODULE (GAM) FROM THE FIRST TO THE FOURTH ROW. THE SIZE OF THE TEST IMAGE PATCHES IS 512 × 512

88.83%, MIoU of 80.21% and OA of 90.18%. It is shown that
all the strategies for enhancing are effective. MG, DA, and OI
successively improve the performance of MF1 by 0.1%, 1.1%,
and 0.2%, respectively. After enhancing, the MF1, MIoU, and
OA of GAMNet results are improved to 90.20%, 82.38% and
91.11%, respectively.

B. Ablation Study for the Integration Module

In the proposed GAMNet, the integration module aims to
simultaneously accomplish the selection of useful features and
the optimization of boundaries. To verify the effectiveness of the
integration module, the networks with GM, AM, and GAM are
compared together with the baseline on the Vaihingen dataset,
where the baseline has the structure with ResNet-101 in the
encoder part and taking bilinear interpolation as the up-sampling
methods.

As given in Table II, when only AM is used, the MF1 increases
to 88.11% which is 5.28% higher than that of the baseline.
Similarly, GM achieves 87.83% MF1 by an improvement of
5.0% compared with the baseline. Moreover, the performance of
the GAM is further boosted up. It obtains higher accuracies com-
pared with AM and GM and improves about 6.0% of MF1 over
the baseline. According to the comparison results, the integration
module is proved to be effective from the perspective of accu-
racy. In addition, the parameters of model size and test time are
selected for comparison on computation complexity. Compared
with AM, GM, and baseline, GAMNet has the highest model
size of approximately 56 million parameters. Furthermore, the
test time for these four networks is similar with difference less
than 8 ms.

To further show the effectiveness of the integration module,
the F1 of each category as well as the segmentation results on
the Vaihingen test set are presented. Tile 27 in the test set is taken
as an example to show the segmentation results as in Fig. 5. The
top row in Fig. 5 presents the original inference result and the
bottom two rows show the partially enlarged drawing. From the
second row in Fig. 5, we can see that GM performs better in

boundary constraint than AM, as for the building in the upper
right in pink box, even though such difference does not change
the F1 apparently. It is illustrated in Table II that AM can achieve
0.28% higher MF1 than GM. However, according to the F1 of
each category, only the F1 for car of AM is 1.16% higher than
that of GM, and the F1 of the remaining four categories are about
the same. In the bottom row of Fig. 5, many cars are orderly
distributed. The baseline can hardly distinguish the difference
between cars. Both GM and AM achieve better segmentation
of cars compared with the baseline. However, GM tends to
segment the adjacent cars into a mixed object, while AM is
able to distinguish the single cars. Combining the findings from
the second and the third rows, we can know that AM and GM
play the complementary roles. AM can select and fuse multi-
scale features, which achieves better segmentation for various
objects in an image, especially for the small objects of cars. GM
has the ability to constrain the boundary through information
entropy and thus achieves more accurate building boundaries.
Accordingly, the GAM achieves higher accuracy in terms of
each category compared with only AM or GM, demonstrating
the effectiveness of the integration GAM module.

The outputs of GM and AM modules are combined by
concatenation followed by a convolutional layer. To verify the
effectiveness of the proposed combination strategy, it is com-
pared with other combination strategies, including summation,
summation followed by a convolutional layer, and concatenation
only, as given in Table III. The fusion operation of summation
and concatenation deliver almost the same quality in terms of
MF1 score and MIoU. The 3 × 3 convolutional layer follow-
ing the concatenation can improve the MF1 by 0.21%, which
demonstrates the superiority of the proposed strategy of com-
bining concatenation and convolutional layer.

The integration module is effective when taking ResNet-101
as encoders. To further verify the improvement of the plug-
and-play module, ResNet-50 and ResNet-152 are selected as
encoders for comparison with ResNet-101. As given in Table IV,
all of the networks with different encoders deliver good perfor-
mance with similar quality in accuracies, which demonstrates
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Fig. 5. Comparison of the semantic segmentation results from different network structures on Vaihingen tile 27, where AM, GM, and GAM refer to the network
with AM, with GM, and with hybrid GAM, respectively. (a) Image. (b) Ground truth. (c) Baseline. (d) AM. (e) GM. (f) GAM.

TABLE III
COMPARISON OF GAMNET ACCURACIES BY USING DIFFERENT COMBINATION METHODS ON THE VAIHINGEN TEST SET, WHERE CONV REPRESENTS

CONVOLUTIONAL LAYER

TABLE IV
COMPARISON OF THE ACCURACIES FOR DIFFERENT ENCODERS ON THE VAIHINGEN TEST SET

that GAM is effective to be inserted in an encoder-decoder
network.

The composite loss function is proposed to make the net-
work easier to be optimized. In addition, the inference re-
sult with and without the auxiliary loss are compared to see
whether the composite loss can improve the segmentation ac-
curacies. As given in Table V, where CEL represents train-
ing only with cross entropy loss and CPL represents train-
ing with composite loss as described in Section II-D, CPL
outperforms CEL by approximately 0.7% in MF1 and 1.0%
in MIoU. CPL significantly improves the accuracy for the

category of car by 2.3% in F1 compared with CEL, and
achieves an average improvement by about 0.3% for other
categories.

A region with irregularly distributed cars in Vaihingen tile
4 is zoomed in and shown in Fig. 6 to take a further look at
the improvement of car segmentation by CPL, where the gray
box and pink box give an intuitive sense of the difference. For
example, the two cars in the upper left of the pink box are sticking
by CEL because of misclassifying the shadow between cars, but
are separated by CPL. Only a fraction of the two cars in the
lower right of the pink box are identified by CEL compared to
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TABLE V
COMPARISON OF SEGMENTATION ACCURACIES BY USING DIFFERENT LOSS FUNCTIONS FOR TRAINING GAMNET ON THE VAIHINGEN TEST SET, WHERE CEL

REFERS TO CROSS ENTROPY LOSS AND CPL REFERS TO COMPOSITE LOSS

TABLE VI
COMPARISON OF ACCURACIES OF GAMNET TRAINED BY DIFFERENT PATCH SIZES ON THE VAIHINGEN TEST SET

Fig. 6. Comparison of segmentation results in Vaihingen tile 4 produced by
GAMNet with different loss functions, where CEL refers to cross entropy loss
and CPL refers to composite loss. (a) Image. (b) Ground truth. (c) CEL. (d) CPL.

CPL. Hence, the quantitative and qualitative evaluation results
prove that CPL is able to improve the segmentation performance
effectively compared with CEL.

Above experiments are performed by setting λ as 0.5. In
order to further understand the influence of λ on the training
performance, we set the value of λ ranging from 0.4 to 1
(in interval of 0.1). According to the evaluation on both the
Vaihingen and Potsdam datasets, the accuracy changes caused
by setting different λ are within 0.3% in MF1. For the Vaihingen
dataset, the best result is obtained when λ is set as 0.9. For the
Potsdam dataset, the best performance is achieved by setting λ
as 0.8.

C. Effect of Patch Size

Due to the limitation of memory, large-size remote sensing
images are usually cropped into patches for both training and
inferencing. In theory, a larger patch is assumed to contain
more complete objects and more spatial context information
for inferencing, which is beneficial to semantic segmentation.
In this section, we set different patch sizes in the training stage
and the inferencing stage respectively to validate the influence
of patch size.

The influence of patch size on training is firstly evaluated.
Considering the balance between the calculation complexity and
object completeness, we only compare patch size of 256 × 256

pixels and 512 × 512 pixels. A set of training patches with
256 × 256 pixels in a 128 stride is prepared for comparison. It
should be noted that we set the same inferencing patch size as
that of training here. Table VI gives the performance of patch size
256 × 256 pixels and 512 × 512 pixels with the aid of MG and
DA strategies. Patch size of 512 × 512 pixels outperforms patch
size of 256 × 256 pixels by 0.7% in MF1 and 1.2% in MIoU.
This shows that with the increase of patch size, the integrity of
objects in patches is improved and more contextual information
can be used, which leads to a better performance.

To visually illustrate the influence of training patch size, an
example inference result in Vaihingen tile 2 is shown in Fig. 7,
where the top row is the original inference result of tile 2 and
the bottom row is the partially enlarged drawing. As marked by
the pink rectangles in the top row, the GAMNet trained using
patches with 512 × 512 pixels obviously gives a more complete
segmentation result. Some buildings are missing by the network
trained using patches with 256 × 256 pixels but are completely
segmented by patches with 512 × 512 pixels. As illustrated
in the bottom row, cars parked next to trees are missing and
misclassified by patches with 256 × 256 pixels compared to the
result from patches with 512 × 512 pixels which is consistent
with the ground truth.

The influence of patch size for inference is evaluated to-
gether with OI, where the GAMNet is trained by patches with
512 × 512 pixels. On one hand, the OI can help to mitigate
the boundary effect caused by the cropped patches with in-
consistent segmentation across the borders. On the other hand,
the overlay strategy can aggregate more context information
for the overlapped areas, which is similar to the function of
enlarged inferencing patches, as presented in Fig. 4. In order
to reveal the influence of the overlay ratio, we set the overlay
ratio from 0%, 25%, 50%, to 75% for each inferencing patch
size, respectively. In addition, we set inferencing patch size
as 256 × 256 pixels, 512 × 512 pixels, 1024 × 1024 pixels,
and 1536 × 1536 pixels respectively to make combination with
OI. The evaluation results for different inferencing patch sizes
together with different overlay ratios are given in Table VII,
through which we can learn the influence of each as well as the
interaction between them. According to the results in Table VII,
it can be concluded as: with the increase of inferencing patch
size, segmentation accuracies tend to be improved for each
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Fig. 7. Comparison of segmentation results in Vaihingen tile 2 produced by GAMNet trained with different patch sizes. (a) Image. (b) Ground truth. (c) Patch
256. (d) Patch 512.

TABLE VII
COMPARISON OF ACCURACIES OF GAMNET TRAINED BY DIFFERENT PATCH SIZES ON THE VAIHINGEN TEST SET

TABLE VIII
ACCURACIES OF EACH CATEGORY IN GAMNET RESULTS WITH DIFFERENT PATCH SIZES FOR INFERENCING ON THE VAIHINGEN TEST SET

overlay ratio; the accuracies of results with overlay outperform
those without overlay strategy, because all the ratios can help
improve segmentation accuracies compared with no OI. How-
ever, for different inference patch size, the best performance
comes from different overlay ratios; and as the inferencing
patch size increases, the difference between the result with
overlay and that without overlay tends to be smaller. In summary,
we can know that both the increase of inferencing patch size
and the OI strategy help improve the semantic segmentation
performance. There is a mutual interaction between them since
both the strategies function to expand spatial context informa-
tion for inferencing. Accordingly, the larger the inferencing
patch size, the smaller the effect of OI on the performance
improvement.

To further show the effect of inferencing patch size on
multiclass semantic segmentation, we take a deep look at the
F1 for each of the five categories. The GAMNet trained on
patches with 512 × 512 pixels is used for comparison without
overlay inferencing strategy. As given in Table VIII, as the
inferencing patch size increases, the F1 for each category tends
to be improved with a declining growth rate. It is noted that the
categories of car and tree achieve the highest F1 in the patch size
of 1024× 1024 pixels while the other categories achieve the best
performance when the patch size for inference is 1536 × 1536
pixels. Compared with the other categories, the average size of
cars is relatively smaller, which could be the reason why the best
inferencing patch size for cars is relatively smaller than that for
other categories.
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TABLE IX
QUANTITATIVE COMPARISON BETWEEN GAMNET AND OTHER METHODS ON THE ISPRS VAIHINGEN TEST SET

Fig. 8. Visual comparison between GAMNet and other methods on Vaihingen tile 8, 6, 4, and 24. (a) Image. (b) Ground truth. (c) UZ_1. (d) CASIA2. (e) GSN3.
(f) GAMNet.

D. Comparison on Benchmark Sets

The effectiveness of the proposed GAMNet is further val-
idated by comparing with representative results submitted to
ISPRS committee or in published research papers.

The comparison is first performed on the ISPRS Vaihingen
dataset. It should be noted that we only use near infrared, red, and

green bands for training our GAMNet network. The GAMNet
network is trained with patch size 512 × 512 pixels and the
parameters λ of the composite loss is set to 0.9. The inference
is performed by patches with 512 × 512 pixels with 75% over-
lay ratio considering the balance between time efficiency and
evaluation performance. The methods involved for comparison
include the following.
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TABLE X
QUANTITATIVE COMPARISON BETWEEN GAMNET AND OTHER METHODS ON THE ISPRS POTSDAM TEST SET

Fig. 9. Detailed visual comparison between GAMNet and other methods on
Vaihingen tile 4. (a) Image. (b) Ground truth. (c) UZ_1. (d) CASIA2. (e) GSN3.
(f) GAMNet.

1) SVL_3 [60]: It uses three bands together with NDSM,
NDVI, and standard SVL-features to train the Adaboost-
based classifier and then employs a CRF postprocessing
step.

2) ADL_3 [61]: It combines a CNN trained with three
bands, DSM, and NDSM and a random forest classifier
trained with hand-crafted features, as well as a post-
processing step.

3) UZ_1 [62]: Three bands and NDSM are used to train
an encoder-decoder architecture with deconvolution as
up-sampling method.

4) ONE_7 [63]: It uses three bands, NDVI, DSM, and
NDSM to train two multiscale SegNets.

5) DLR_10 [42]: It uses three bands and DSM to achieve a
multiscale ensemble learning of FCN, SegNet, and VGG.

6) CASIA2 [16]: Only three bands are used to train a self-
cascaded network training and the ResNet101 in encoder
part is pretrained on PASCAL VOC 2012 datasets.

7) GSN3 [53]: Only three bands are used to train a gated
convolutional network and the ResNet101 in encoder part
is pretrained on ImageNet.

8) DP-DCN [22]: Three bands and nDSM are used to train
a DenseBlock based network.

9) TreeUNet [24]: It uses three bands and DSM to train a
Tree-CNN block based network.

10) UFMG_4 [64]: Three bands and nDSM are used to train a
dynamic multicontext network with dilated convolution.

11) PDM [65]: Three bands, DSM, and nDSM are used to
train a network using DCNN predicted distance map.

In summary, only CASIA2 and GSN3 have the similar inputs
of three spectral bands as our method, while more features,
especially the DSM related features, are used by other methods.

The accuracies of the results from these models are given in
Table IX. The proposed GAMNet achieves an MF1 of 90.6%
and an OA of 91.3% which surpasses the second highest method
CASIA2 0.5% in MF1 and 0.2% in OA. We further compare
the F1 for each category in detail, in which the F1 of car is
improved the most by GAMNet. Compared with the second
highest method of car, GAMNet achieves an F1 improvement
of 1.8%. In order to visually compare the results produced by
different methods, the segmentation results of tile 8, 6, 4, and
24 from the Vaihingen test set are selected and shown in Fig. 8.
The methods of UZ_1, CASIA2, and GSN3 are selected for
visual comparison because their accuracies cover a relatively
wide range. Since the visual difference is not apparent in the
whole image, we enlarge a part in tile 4 to present the difference
clearly as in Fig. 9. As illustrated in the pink boxes, GAMNet
has a better performance in localizing building boundaries. As
illustrated in the black boxes, the cars are carefully separated by
GAMNet and GSN3, but are sticking together by CASIA2 and
are even missing by UZ_1. As a whole, the proposed GAMNet
achieves a state-of-the-art performance on the Vaihingen dataset.

The comparison is then performed on the ISPRS Potsdam
dataset. Only near infrared, red, and green bands are used for
training the GAMNet network. The GAMNet network is also
trained with patch size 512 × 512 pixels and the parameters λ
of the composite loss is set to 0.8. The inference is performed
by patches with 512 × 512 pixels with 75% overlay ratio
which is the same with Vaihingen dataset. Five methods in
Table IX are selected for comparison on the Potsdam test set,
including SVL_3, UZ_1, CASIA2, TreeUNet, and UFMG_4.
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Fig. 10. Visual comparison between GAMNet and other methods on Potsdam tile 2_13, 3_13, 4_13, and 5_13 from test set. (a) Image. (b) Ground truth. (c)
UZ_1. (d) CASIA2. (e) GAMNet.

Fig. 11. Examples of mislabelled ground truth in the Vaihingen training set.
(a) Image. (b) Ground truth.

We further add four methods of SWJ_2, HUSTW4, MCA [66],
and ResUNet-a [25] for comparison. SWJ_2 and HUSTW4
are not published yet and only described in an abstract on the
website of ISPRS. SWJ_2 uses only near infrared, red, and green
bands to train a shortcut block based adaptive network with
pretrained ResNet-101. HUSTW4 uses near infrared, red, green
bands, DSM, and NDSM data to train a deconvolution network
combined with U-Net. MCA uses four bands and DSM to train
a multiscale context aggregation network. ResUNet-a uses four
bands and nDSM to train a ResBlock based network.

Fig. 12. Examples of misclassification between trees and low vegetation. (a)
Image. (b) Ground truth. (c) GAMNet.

As given in Table X, GAMNet also achieves the highest
accuracy indicated by MF1. GAMNet ranks the first place on the
categories of car in F1. The segmentation results of tile 2_13,
3_13, 4_13, and 5_13 from the Potsdam test set are selected and
shown in Fig. 10 for visual comparison, together with the results
by UZ_1 and CASIA2.

V. DISCUSSION

According to the experiments in Section IV, we demonstrated
the effectiveness of the integration module, the composite loss
function, and the patch size for both training and inferencing
GAMNet. By comparing with other representative methods, it
is proved that GAMNet can improve the accuracies of semantic
segmentation of HR images with the benefit of combining
the GM and AM, which simultaneously imposes boundary
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TABLE XI
COMPARISON OF SEGMENTATION ACCURACIES BY INTEGRATING ASPP INTO GAMNET WITH DIFFERENT WAYS ON THE VAIHINGEN AND POTSDAM TEST SETS

Fig. 13. Examples of misclassification in shaded areas. (a) Image. (b) Ground
truth. (c) GAMNet.

constraint and improves the segmentation performance of small
objects.

A. Typical Errors of GAMNet on ISPRS Dataset

Even though GAMNet achieves a state-of-the-art semantic
segmentation performance on ISPRS datasets, it still has several
typical errors that need to be further corrected.

1) Label Errors: Some pixels are mislabeled in the ground
truth, which would lead to an underestimate of semantic
segmentation accuracy. Two examples from Vaihingen
dataset are shown in Fig. 11, where buildings marked by
yellow circle are mislabeled as low vegetation in the upper
row, and several objects that should be labeled as clutter
are mislabeled as low vegetation in the bottom row.

2) Confusion between trees and low vegetation as shown in
Fig. 12 could be due to the characteristic of high diversity
in HR images. As marked by the pink boxes, it is hard to
distinguish the true category purely through the spectral
images with near infrared, red, and green bands. Most
vegetation along the road is marked as low vegetation in
the ground truth, but is segmented as trees. For this case,
the inclusion of additional DSM related features would be
beneficial.

3) Shaded areas are easily misclassified. By carefully observ-
ing the GAMNet results, we found that pixels in shaded
areas are often misclassified. As illustrated in Fig. 13,
where the pink boxes highlight the shaded areas, several

cars in the shadow of buildings are misclassified as imper-
vious surface. It also shows that a shaded building in the
bottom row of Fig. 13 is classified as a car. The errors in
shaded areas are very common in the Vaihingen dataset.
Unfortunately, it still lacks an effective solution to this
type of errors and remains to be explored in the future.

B. Visual Interpretation of GAM

To further understand the function and the effectiveness
of the integration module, we visualize the feature maps in
GM and AM. Two different types of examples with different
characteristics are selected for visual interpretation of GAM.
The example image in Fig. 14(a) has a large area of long and
narrow vegetation, shadows, and buildings, representing the high
diversity of geographic objects. Many small cars are scattered
around the large buildings in Fig. 14(b), representing the various
sizes of geographic objects.

Example weight maps obtained by the gate function are shown
in Fig. 14. As the training epoch increases, the pixels with high
gate weight tend to better match the object boundaries, which
allows more information from multiscale feature maps to be
used for improving boundary accuracy, and thus the network
output appears to be closer to the ground truth. In addition, we
can see that the weight maps at different levels present different
details. From the highest level GAM1 to the lowest level GAM3,
more boundary details are presented in the weight map. This is
because the low-level feature map itself retains more details.
Moreover, as is shown in Fig. 14(b), small cars in high gate
weight maps can catch precise boundaries, which demonstrates
the effectiveness of GM.

Example attention maps obtained by the AM are shown in
Fig. 15. As the training epoch increases, the pixels with high
attention values tend to cluster in the same category, which can be
viewed as an optimization process. In addition, the convolutional
features at different levels tend to have attention on different
objects, which is consistent with the explanation in Section II-B.

C. Joinability of Multiscale Structures

The skip-net is adopted as the basic multiscale network for
GAMNet to generate multiscale features. Here, we further study
the joinability of skip-net and pyramid pooling net since the
skip-net fuses all the intermediate feature levels while the pyra-
mid pooling net only processes the high-level features.
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Fig. 14. Weight maps produced by the gate function, where weight 1, 2, and 3 correspond to different feature levels from high to low. The color in the weight
map indicates the gate weight value, and a lighter color indicates a higher value. Epoch refers to the training iteration and the segmentation result is the output of
the network in the corresponding training epoch.

Fig. 15. Visualization of attention at different feature levels, where the attention for high-level and for low-level comes from the feature map in the encoder and
the decoder, respectively. GAM 1, 2, and 3 refer to the integration module at different feature levels from high to low. The color from blue to yellow in the attention
map indicates the attention value changing from low to high.

Specifically, we introduce ASPP, which is an effective pyra-
mid pooling net, into GAMNet. ASPP sets up parallel dilated
convolution with different dilated rates. We set the dilated rate
series as {6, 12, 18}. In order to insert ASPP module into
GAMNet, two different architectures are designed, as shown
in Fig. 16. The main difference between them is whether the
ASPP module is taken as a separate scale in the encoder part.
Fig. 16(a) employs the ASPP module to deeply exploit the

multiscale features from high-level features. We name it as
GAMNet with ASPP1. GAMNet with ASPP2 takes ASPP as
a separate scale after the four blocks of ResNet-101, which is
similar to the network proposed in [55]. The parameter λ of
the composite loss is set as 0.5. The segmentation accuracies
of these modules with the MG, DA, and OI with 75% overlay
ratio strategies on both the Vaihingen and Potsdam test sets are
given in Table XI. The design of both the ASPP1 and ASPP2 is
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Fig. 16. Two ways of integrating ASPP into GAMNet. (a) GAMNet with
ASPP1. (b) GAMNet with ASPP2.

beneficial to the segmentation performance. For Vaihingen test
set, GAMNet with ASPP1 reveals the best performance among
the three modules. Especially, it mainly improves the accuracy
of low vegetation by 0.59% in F1. For the Potsdam test set,
GAMNet with ASPP1 and ASPP2 have similar performance,
which outperform GAMNet by 0.1% in MF1 and 0.2% in
MIoU. This is because the high-level features after block 4 of
ResNet-101 and the multiscale features after ASPP form a scale
gradient. Accordingly, the design of GAMNet with ASPP can be
seen as an effective combination of skip-net and pyramid pooling
net, which holds the potential of achieving higher segmentation
accuracies by the hybrid skip-net and pyramid pooling net.

VI. CONCLUSION

In this article, we proposed a novel end-to-end network for
semantic segmentation of HR images by designing and inserting
a plug-and-play integration module GAM in a skip-net. For
the GM in GAM, the information entropy is taken as the gate
function to impose constraints on object boundaries. The AM
in GAM is employed to select effective features from different
levels and thus to enhance the weight of useful features. Hence,
the integration module GAM is able to simultaneously impose
boundary constraint and improve segmentation performance for
small objects. A composite loss function is specially designed
by combining the cross entropy loss and the loss from the GM,
which is beneficial to the model optimization and improves the
performance of the integration module.

We evaluate the proposed GAMNet on the ISPRS 2-D se-
mantic datasets. Extensive experiments prove that GAMNet
achieves state-of-the-art performance compared with other pub-
lished results. According to both the quantitative and qualitative
evaluation results, we can conclude that GAMNet can produce
segmentation results with accurate boundaries and apparently
improves the segmentation accuracy for small objects. Specifi-
cally, the segmentation accuracy of cars is apparently improved
by GAMNet, which is generally considered as more difficult to
segment than other categories.

In the future, we consider to expand the input data, such as
NDSM, to overcome the confusing problem. Further, we will
pay more attention to the serious misclassification in shaded
areas which still has no good solution so far.
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