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Hyperspectral Image Instance Segmentation Using
Spectral-Spatial Feature Pyramid Network
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Abstract—In recent years, hyperspectral image (HSI) classi-
fication and detection techniques based on deep learning have
been widely applied to various aspects, such as environmental
monitoring, urban planning, and energy surveys. As an im-
portant image content analysis method, instance segmentation
can provide important support for the extraction of ground
object information and monomeric application of HSI. This paper
introduces instance segmentation into HSI interpretation for the
first time. In this paper, we create the hyperspectral Instance
Segmentation dataset (HS-ISD), which contains a total of 56
images, each with a size of 298 × 301 and a number of channels
of 48. More than 1000 architectural examples are annotated
to apply to the research of HSI instance segmentation. In
addition, considering that HSI contains rich spectral and spatial
information, and the traditional instance segmentation network
model cannot well utilize both types of information effectively, we
propose the spectral-spatial feature pyramid network (Spectral-
Spatial FPN). The Spectral-Spatial FPN can integrate multi-scale
Spectral information and multi-scale Spatial information in the
feature extraction stage through attention mechanism and bidi-
rectional feature pyramid structure, so as to better improve the
performance of the network model by Spectral information and
Spatial information, and realize end-to-end instance segmentation
of HSI. The experimental results conducted on the HS-ISD show
that the proposed Spectral-Spatial FPN can achieve state-of-the-
art results.

Index Terms—Hyperspectral image (HSI) instance segmenta-
tion, spectral-spatial feature pyramid network (Spectral-Spatial
FPN), deep learning, spectral and spatial information, feature
fusion.

I. INTRODUCTION

INTELLIGENT interpretation of hyperspectral image (HSI)
is of great value in scientific research and engineering ap-

plications. With the continuous advancement of deep learning
in the field of remote sensing image interpretation, good results
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have been achieved in the classification [1, 2], object detection
[3–5] and semantic segmentation [6, 7] of HSI. Meanwhile,
with the development of remote sensing technology, the qual-
ity and resolution of HSI are significantly improved. Many
important fields, such as the correction of civil map and the
three-dimensional reconstruction of cities, need the support
of more refined classification of remote sensing images [8].
Instance segmentation is not only to classify each pixel,
but also to distinguish all individuals in the same category,
which can make more precise use of HSI information. The
implementation of end-to-end HSI instance segmentation can
eliminate the redundant operation of traditional classification
methods, and provide new opportunities for HSI processing.
[9, 10].

Semantic segmentation can assign a corresponding category
to each pixel in an image, but it does not distinguish objects in
the same category [11]. As an important direction in computer
vision, instance segmentation combines the two tasks of object
detection and semantic segmentation to distinguish different
instances on the basis of specific categories and achieve
different categories of pixel-level segmentation on the results
of instance-level object location [12]. With the application of
deep convolution neural network, many instance segmentation
frameworks have been proposed, such as InstanceFCN [13],
Mask R-CNN [14], MS R-CNN [15], PointRend [16], etc.
The process of instance segmentation can be divided into
single stage and two stages. In 2017, Mask R-CNN model
proposed by He Kaiming [14] and others has become the
baseline model of many instance segmentation algorithms,
and it is also the most frequently used instance segmentation
algorithm today. BlendMask [17] integrates high-level and
low-level semantic information through blender module, thus
surpassing Mask R-CNN in speed and accuracy. Recently,
transformer model has also aroused great interest in the field
of computer vision. ISTR [18] is the first end-to-end instance
segmentation framework based on transformer. Compared with
CNN, visual transformer is also very competitive in the field
of instance segmentation.

Compared with natural image, remote sensing image con-
tains more objects and more complex backgrounds. The re-
mote sensing image has a large range of variations in the size
of similar targets and a large difference in color texture, which
makes the instance segmentation task of the remote sensing
image more challenging. Fig. 1 shows the difference between
the HSI instance segmentation task and related task. It can be
seen that instance segmentation of HSI is very challenging: (a)
how to utilize the complex spatial and spectral information of
HSI simultaneously, and (b) how to simply and effectively
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distinguish different instances of objects of the same class.
These are the main difficulties that the instance segmentation
of HSI often cannot reflect the node and contour features of
the instance objects well, which makes it difficult to achieve
good segmentation results.

In this paper, we propose the spectral-spatial feature pyra-
mid network (Spectral-Spatial FPN) for end-to-end instance
segmentation of HSI. Firstly, due to the lack of datasets
that can be used for HSI instance segmentation research, we
construct a new hyperspectral instance segmentation dataset
(HS-ISD) for the first time. HS-ISD contains 56 images
of size 298×301, each with 48 channels, and a total of
1085 building instances are annotated. Secondly, our proposed
Spectral-Spatial FPN is simple and effective without excessive
computational overhead. It can be added to feature extrac-
tion in some state-of-the-art instance segmentation models to
achieve the fusion of multi-scale spectral features with spatial
features through the attention mechanism and the bidirectional
fusion feature pyramid structure. The features extracted by
the common model are mainly the spatial information of the
image. Facing the HSI with more complex image details, to
make full use of the rich spectral dimensional information of
HSI, our proposed Spectral-Spatial FPN makes reasonable use
of the spectral information to exploit the complementarity of
Spatial information and Spectral information, which can better
realize the fine-grained instance segmentation of remote sens-
ing images. Based on the proposed dataset HS-ISD, numerous
experiments on the popular mainstream network models in
recent years show that the proposed Spectral-Spatial FPN can
significantly promote the instance segmentation of HSI and
achieve new state-of-the-art results.

Our contributions are summarized below.

• We introduce the idea of instance segmentation into
HSI processing for the first time, and publish the HSI
instance segmentation benchmark dataset named HS-
ISD. The dataset will be made publicly available at
https://github.com/sweetener08/Spectral-Spatial-FPN.

• We propose the Spectral-Spatial FPN for instance seg-
mentation of HSI, which can realize the fusion of spatial
and spectral information of HSI to achieve end-to-end
instance segmentation of HSI. The source code will
be available at https://github.com/sweetener08/Spectral-
Spatial-FPN.

• We conduct experiments on HS-ISD using different in-
stance segmentation network models, and the experi-
mental results demonstrate the superiority of Spectral-
Spatial FPN. The network model incorporating Spectral-
Spatial FPN can achieve the state-of-the-art HSI instance
segmentation results.

The remainder of this article is structured as follows. Section
II summarizes the related works of instance segmentation
and intelligent interpretation of HSI. Section III describes the
details of the proposed method Spectral-Spatial FPN and the
process of HSI instance segmentation. The introduction of
the proposed dataset HS-ISD and the results and discussion
of all experiments are given in Section IV. Finally, Section

Fig. 1. The difference between the instance segmentation and semantic
segmentation of HSI.

V concludes the paper and provides some ideas for future
research work.

II. RELATED WORKS

A. General Instance Segmentation

Instance segmentation is one of the important tasks in
computer vision, which can distinguish different instances
based on semantic segmentation [12]. According to the number
of stages involved in instance segmentation, fully supervised
instance segmentation methods can be divided into two main
categories: two-stage and single-stage methods [19].

Since Hariharan et al. proposed the first instance segmenta-
tion method based on object detection results [20], two-stage
instance segmentation has always been dominant in the task
of instance segmentation [14, 21]. In addition, according to
the sequence of detection and segmentation, the two-stage
instance segmentation can be further divided into top-down
method and bottom-up method. The top-down detection-based
method can share the good performance of the detector, but
the upper bound of this method is also limited by the detector
performance. Pinheiro et al. proposed the DeepMask method
to predict candidate masks on different spatial regions through
sliding windows on the feature map [21], but this method only
uses the results of the full connection layer as the feature
representation, and this process inevitably loses accurate low-
level location information. In order to overcome this problem,
researchers began to extract features from multiple network
layers. Liu et al. proposed a simple path aggregation network
(PANet) [22] to realize the mutual supplement of low-level
location information and high-level semantic information. In
addition, inspired by the success of the object detection
method Faster R-CNN [23], He et al. extended the mask
prediction Branch [14] on the existing boundary box regres-
sion branch, and proposed an instance segmentation method
of Mask R-CNN. Mask R-CNN had shown unprecedented
excellent performance in the task of instance segmentation.
At the same time, because of its simplicity and robustness, it
has gradually become the benchmark of the task of instance
segmentation.

The bottom-up segmentation-based method is based on the
great progress in semantic segmentation [24–26], and realizes
the instance mapping of each pixel through post-processing
such as clustering or metric learning on the existing semantic
segmentation methods [27, 28]. For the results of semantic
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segmentation, it is easy to think of a method to directly
use the bounding box for clipping [29]. On this basis, shape
branches and global branches to solve the disconnection and
occlusion problems are also derived [30]. Uhrig et al. also
designed a network that can output semantic labels, depth
order and direction information at the same time [31]. The
direction information and depth order are used to determine
whether different pixels and disconnected regions belong to
the same instance. It is worth mentioning that the bounding
box information is not important for this processing mode,
which is similar to the human recognition mode. However,
due to the need for high-precision segmentation methods and
post-processing methods with strong generalization ability, this
mode is more difficult to achieve than the detection-based
instance segmentation methods.

In order to further improve the segmentation results and
make better use of the relationship between detection and
segmentation, researchers also proposed some multi-stage in-
stance segmentation methods [32, 33]. Cai et al. proposed
Cascade R-CNN [33] under the idea of multi-task cascade,
which surpassed Mask R-CNN [14] on the COCO dataset.
In addition, Fang et al. [34] proposed a method that makes
full use of the one-to-one correspondence between query
objects and instances at different stages to construct effective
information flow at different levels in a continuous cascade.
Due to the good performance in object detection based on
self-attention, the instance segmentation method based on self-
attention [35] has also received more attention. ISTR is the first
to realize the end-to-end instance segmentation model based
on Transformer [18]. It extracts image features through FPN,
then uses image features and learnable location information
as the input of Transformer, and finally decodes the output
using different heads to achieve classification, positioning and
segmentation.

Although two-stage instance segmentation methods have
achieved promising results, they still have the same problems
as object detection or semantic segmentation methods, such
as cumbersome post-processing methods, high computational
cost, and slow speed, which make it difficult to be applied to
tasks requiring high real-time performance [36]. At the same
time, the step-by-step process of executing instance segmen-
tation cannot fully correlate the mutual information between
object detection and instance segmentation [37]. However, the
single-stage method achieves a better trade-off between speed
and accuracy [38, 39].

The starting point of the single-stage instance segmentation
method is to realize the parallel operation of segmentation and
detection, which can greatly reduce the reasoning time [40].
Single-stage instance segmentation can be further divided into
anchor-based method and anchor-free method [19].

The single-stage anchor-based instance segmentation
method draws on the idea of candidate regions in most
advanced object detection algorithms, such as RetinaNet [41],
YOLOv3 [38] and Faster R-CNN [23]. They use the network
to generate a group of class-independent candidate score maps
or masks on the candidate regions, and employ the parallel
semantic branches to extract instances. Li et al. integrated the
region proposal network (RPN) into the whole architecture to

achieve full convolution instance segmentation (FCIS) [42].
Bolya et al. proposed the YOLACT method, which uses two
parallel substructures to generate the prototype mask and mask
type and position information, and then completes the instance
segmentation by linearly combining the two [40].

Single-stage anchor-free instance segmentation methods
mostly borrow from the idea of directly predicting the length
of each position to four bounding boxes in FCOS [43]. Based
on the FCOS architecture, EmbedMask extended the bounding
box regression branch, directly predicts a learnable margin by
comparing the distance between pixel embedding and proposal
embedding, and assigns each pixel to a different instance [44].
On the basis of FCOS, Xie et al. treated instance segmentation
as an extended task of object detection in polar coordinates
by modifying the number of polar diameters, and changed the
border regression branch into the mask regression Branch [45].

B. Intelligent Interpretation of HSI

With the development of remote sensing technology, HSI
has recently become the focus of most researchers. HSI
as an important information source in remote sensing, is
a multidimensional data cube and provides rich spectral-
spatial information. These images come from the wavelength
range between visible light and short-wave infrared light.
Usually, two dimensions are used to represent the spatial
coordinates, and the third dimension is used to describe
the spectral information of each pixel [46]. Therefore, each
pixel contains representative characteristics of the captured
material, which makes them become an excellent data source
for remote sensing information interpretation [47]. In most
real-life situations, the analysis of HSI is very important. As
a result, it is commonly used in many real-life applications
such as crop monitoring, object tracking, mining, land cover
analysis, agriculture, military surveillance, land fire monitoring
and astronomy [48–51].

HSI benefits from hundreds of contiguous spectral bands
with richer image feature information. The upper limit of HSI
in image interpretation is higher, but the high dimension of
HSI and the information redundancy between adjacent spectral
bands also lead to higher computational costs [52, 53]. At
the same time, another challenge of HSI is the lack of input
samples, and the lack of relevant datasets is a great obstacle
to its development [54].

Limited by the dataset, the research on intelligent interpre-
tation of HSI is mainly concentrated in the fields of image
classification and semantic segmentation, with less research
in the field of object detection, while no relevant research has
been seen in the field of instance segmentation. In the image
classification task, Chen et al. [55] first applied the concept
of deep learning to the HSI field. At present, the methods of
HSI classification mainly focus on the combination of 3D-
CNN, 2D-CNN and self-attention mechanism. Roy et al. [56]
proposed an end-to-end spectral-spatial feature compression
and excitation method for HSI. This method creates a feature
transformation form and deletes useless feature layers to
facilitate classification. Firat et al. [48] proposed a method
combining 3D-CNN and ResNet50 methods to deal with HSI.
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Fig. 2. The overview of the Spectral-Spatial FPN. It uses the spectral-spatial feature maps extracted by features in backbone to construct the spectral-spatial
feature pyramid, which includes the top-down and bottom-up bidirectional feature fusion paths. The output features of the spectral-spatial feature pyramid are
fed to the subsequent network for prediction.

Mohan et al. [57] proposed a hybrid CNN method for HSI,
which consists of multi-scale spatial-spectral features extracted
based on 3D-2D CNN. Ahmad [58] proposed a fast 3D-CNN
method, which can use spatial and spectral features to improve
the classification accuracy in HSI. Roy et al. [59] introduced
a new multimodal fusion transformer network for HSI, which
also utilizes other multimodal data sources in addition to HSI.

In the field of semantic segmentation of HSI, its low spatial
resolution has always affected the effect of the segmentation
model. In order to overcome this problem, some works have
introduced expanded convolution [60], which will significantly
increase the size of the filter and prevent parameter explosion
by padding with zero. However, these models are susceptible
to data distortion and mixed pixels [61], and data processing
in the spectral band will also lead to high computational costs.
In order to solve this problem, Garcı́a et al. [62] proposed his
segmentation model based on adaptive rectangular convolution
(ARC). The model learns the size and offset of the kernel
of the adaptive layer through convolution, and uses average
operation to achieve smaller parameter quantities.

In addition, change detection is also an important appli-
cation field of HSI. Change detection refers to the process
of extracting the change region from multiple remote sensing
images of the same region acquired at different times [63]. Li
et al. [64] proposed an iterative method for detecting changes
in multispectral images at different spatial scales. On this
basis, Wang et al. also [65] proposed a change detection
framework based on sub-pixel convolution, which can utilize

HSI with different spatial resolutions, and the low resolution
feature map is merged into the high-resolution feature map,
solving the problem of resolution matching and making better
use of the context of pixels.

III. METHODS

A. Spectral-Spatial FPN

Since ordinary network models usually focus more on the
spatial information of images during feature extraction, for
HSI, the attention to their spectral dimension is missing
and the spectral characteristics are lost. In Feature extrac-
tion of images, Spatial information and Spectral information
can be regarded as complementary features. Therefore, we
comprehensively consider Spatial multi-scale information and
Spectral information and propose the Spectral-Spatial FPN.

The structure of the Spectral-Spatial FPN is shown in
Fig. 2. First we perform dual feature extraction of spectral
dimension and spatial dimension on the input HSI by the role
of the convolution module and attention module for feature
extraction, and obtain multi-scale spectral and spatial fusion
feature maps. We introduce the convolutional block attention
module (CBAM) [66] after each Resblock in Resnet. The
CBAM includes two parts, the channel attention module and
the spatial attention module, to perform the attention fusion
of spectral and spatial features, which is a very lightweight
module that does not creat excessive memory and computa-
tional overhead. We take out the multi-scale feature maps of
spectral information and spatial information fusion for feature
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Fig. 3. Overall structure of CBAM module: (a) Overall process of CBAM module, (b) Overview of channel attention module, (c) Overview of spatial attention
module.

pyramid structure construction for the next step of feature
multi-scale fusion. In addition, the shallow features of the
network are crucial for pixel-level classification tasks such
as instance segmentation. In constructing the feature pyramid
structure, we borrow the idea of PANet [22] and add a bottom-
up structure by down sampling and max pooling operations to
the top-down structure to build a bidirectional fusion pyramid
structure, which can effectively shorten the information path
and enhance the feature pyramid with the precise localization
signals present in the lower levels.

CBAM is a simple and effective module, and its structure
is shown in Fig. 3. The input features are sequentially passed
through the channel attention module and the spatial attention
module to enhance the useful information extracted in different
dimensions. Channel attention module focuses on what is
meaningful in the input image and which features on which
channel are meaningful. The spatial attention module focuses
on where is the most informative part, which complements the
channel attention.

The channel attention mechanism can be expressed as
follows:

Mc(F ) = σ(MLP(AvgPool(F )) +MLP(MaxPool(F )))
(1)

where σ represents the sigmoid function. During the compu-
tation of the channel attention module, we use both average
pooling and max pooling operations to aggregate spatial
information. The shared network is composed of a weight
sharing multilayer perception (MLP), and the core part of the
Shared MLP is completed with 1×1 convolution to extract
information.

Similarly, during the computation of the spatial attention
module, the average pooling and max pooling operations are
applied along the channel axis to obtain two feature maps,
which are then concatenated based on the channel. Then, a
7×7 convolution operation is performed to reduce the number
of channels to 1, and finally a sigmoid function is used to
generate the spatial attention feature map (Ms(F )). The above
process can be expressed as follows:

Ms (F
′) = σ

(
f (7×7) (AvgPool (F ′) ;MaxPool (F ′))

)
(2)

After passing through the channel attention module and
spatial attention module, the final feature map F ′′ with more
fusion characteristics will be obtained. The entire CBAM
process can be expressed as follows:{

F ′ =Mc(F )⊗ F

F ′′ =Ms (F
′)⊗ F ′

(3)

where Mc(F ) represents the channel attention map, Ms(F )
is the spatial attention map and ⊗ stands for element-wise
multiplication.

The input HSI size is assumed to be XH×W×B , where
H and W are the height and width in the spatial dimension
of the image, and B represents the number of channels in
the spectral dimension of the image. In the backbone feature
extraction network, multi-scale spectral-spatial feature maps
can be obtained by Resblock and CBAM. We take out the

results of the aspect compression twice (C2

H
4 ×

W
4 ×256), three

times (C3

H
8 ×

W
8 ×512), four times (C4

H
16×

W
16×1024), and five

times (C5

H
32×

W
32×2048) for the construction of the spectral-

spatial feature pyramid architecture.
In the top-down structure of the feature pyramid architec-

ture, the feature map obtained by upsampling operation on
Pi+1 is added to the feature map obtained by 1×1 convolution
operation on Ci to obtain Pi. In the bottom-up structure,
a shallower layer of Ni is fused with a deeper layer of
Pi+1 to get its next layer of Ni+1. Specifically, Ni is first
downsampled by a 3×3 convolution operation with stride
2, and then added to each element of Pi+1 through lateral
connection to achieve an effective fusion of spectral and spatial
features. Finally, a 3×3 convolution layer is used to operate
on the fused feature map to obtain Ni+1 and increase the
characterization ability of the fused features. Among all feature
maps fed to the prediction head, N2 is obtained by copying
the values of P2, N3, N4, and N5 are all obtained by the
above fusion operation, and N6 is obtained by max pooling
operation of N5.

Our proposed network module is loosely coupled and has
strong adaptation and migration capabilities. The Spectral-
Spatial FPN, which integrates spatial multiscale information
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and spectral information, is capable of dual feature extraction
for HSI, which is conducive to improving the learning ability
of the network model and better meets the need for instance
segmentation of HSI.

B. HSI Instance Segmentation

From the current research timeline, instance segmentation
techniques can currently be grouped into two main categories
based on the processing: two-stage instance segmentation
model and single-stage instance segmentation model. Two-
stage instance segmentation model generates candidate regions
through common region selection methods such as selective
search and bounding boxes, followed by feature extraction
and regression classification in the candidate regions in com-
bination with convolutional neural networks. The single-stage
instance segmentation model directly distinguishes different
instances for the image to be measured without adding the
assistance of suggestion box, and saves the location and
semantic information contained in different instances pixel by
pixel to directly predict the location and region of different
objects.

The framework of HSI segmentation using Spectral-Spatial
FPN is shown in Fig. 4. In the two-stage instance segmentation
task, the extracted [N2, N3, N4, N5, N6] can be used as the
effective feature layers of region proposal network (RPN), and
the suggestion boxes are obtained using RPN. The extracted
[N2, N3, N4, N5] can be used as the effective feature layers
of the classification head and the mask head. For the head
architecture of the network, we closely follow the architecture
proposed in mainstream instance segmentation work, which
has been verified to have good performance. The classification
head is used to perform the next step on the effective feature
layers to decode the proposed boxes to obtain the final
prediction boxes; the mask head is used to perform the next
step on the effective feature layers to obtain the semantic
segmentation results inside each prediction box. We define
fclass to represent the prediction result of the category, fbox to
represent the prediction result of the location of each instance
object in the HSI, and fmask to represent the prediction result
of the region division of each instance. The specific operation
process is as follows:

ypro = FRPN [N2, N3, N4, N5, N6]

yfeat = FROI [ypro, N2, N3, N4, N5]

fclass, fbox = FODH (yfeat)

fmask = FMGH (yfeat)

(4)

where ypro represents the suggestion boxes obtained from the
RPN network (FRPN ), yfeat represents the features used by
ROI Align (FROI ) output for result prediction, and finally the
result of the instance segmentation of the input HSI is obtained
after yfeat is applied to the Object Detection Head (FODH )
and Mask Generation Head (FMGH ).

The process of the single-stage instance segmentation model
is similar to that of the two-stage HSI instance segmentation
model, but it is much simpler. Although the two-stage instance
segmentation method has high accuracy, it is difficult to

Fig. 4. Overview of HSI instance segmentation: (a) two-stage network model,
(b) single-stage network model.

achieve the speed of real-time segmentation. Since the single-
stage instance segmentation framework has been proposed, its
advantages of simplicity, flexibility and speed have greatly
influenced the research of instance segmentation. Part of the
single-stage instance segmentation does not include Object
Detection Head, and fclass and fmask are directly output by
mask. The main process of single-stage instance segmentation
is as follows:{

fclass, fbox = FODH [N2, N3, N4, N5, N6]

fmask = FMGH [N2, N3, N4, N5, N6]
(5)

For the task of HSI instance segmentation, the multi-task
loss function is defined as follows during training:

L = Lcls + Lbox + Lmask (6)

where Lcls represents classification loss, Lbox represents
bounding-box loss, and Lmask represents segmentation mask
loss (part of single-stage instance segmentation methods do not
include Lbox ). The definition of Lmask allows the network to
generate masks for every class without competition among
classes. This decouples mask and class prediction and is
different from common practice when applying to semantic
segmentation. Several experimental results from previous work
have proved that loss function is the key for good instance
segmentation results [14]. Our subsequent experiments show
that this loss function is also applicable to HSI instance
segmentation.

IV. EXPERIMENT AND RESULTS

A. HS-ISD Dataset

The work on HSI classification based on deep learning [67]
is in a popular stage, but there is no existing research works
on HSI instance segmentation, which limits the development
of HSI research to some extent. Buildings are an important
part of urban functional zoning and the main carrier of
human social production and life. Building instances extraction
from remote sensing images has become a popular research
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Fig. 5. DFC2018 Houston dateaset. (a) False-color map. (b) The ground truth
for the training region released for the contest.

direction, which is of great significance for urban planning
and disaster assessment [68, 69]. In addition, compared with
other ground objects, the structure of buildings is simpler and
easier to label in the production of dataset. Based on the
above, the research object in this paper is the building. The
construction of the building-based HSI instance segmentation
benchmark dataset contributes to the intelligent interpretation
of HSI more directly and effectively applied to urban planning
and application. In order to effectively promote the research
of HSI instance segmentation, we construct the benchmark
dataset HS-ISD.

DFC2018 Houston is the dataset used for the 2018 IEEE
GRSS Data Fusion competition [70]. The data in this dataset
was acquired by NCALM on February 16, 2017 between 16:31
and 18:18 GMT from the National Center for Airborne Laser
Mapping, with data collected on and around the University of
Houston campus. The sensors used for data collection in this
competition include the OpTech TITAM M (14SEN/CON340),
a lidar sensor with 3 different bands, the Dimac ULTRA-
LIGHT+, a high resolution color imager with 70 mm focal
length, and the ITRES CASI 1500, a hyperspectral imager.
Multispectral lidar point cloud data in 1550 nm, 1064 nm,
and 532 nm bands. The hyperspectral data cover a range
of 380-1050 nm, with 48 bands and a spatial resolution of
1 m (in addition to the 48 bands containing hyperspectral
data, there are also NADIR Channel and DEM Channel). The
high-resolution RGB remote sensing images have a spatial
resolution of 5 cm and are segmented into several individual
images. The false-color and ground-truth maps are shown in
Fig. 5 (a) and (b), respectively.

We choose the DFC2018 Houston used in the 2018 IEEE
GRSS Data Fusion competition for the hyperspectral in-
stance segmentation dataset, which has a dimension size of
4172×1202 and contains 48 channels in total. In the annota-
tion, we take Google Map as an important reference basis and
use ENVI software to annotate the remote sensing building
instances provided in DFC2018 Houston that are segmented
into 14 individual high-resolution RGB remote sensing image
blocks. For the convenience of annotation and the feasibility
of subsequent experiments, we cut each RGB remote sensing
image into four pieces on average from the center, and the
number of images is increased to 56 pieces accordingly. The

corresponding HSIs are also cut into 56 hyperspectral mini-
images of the same size. In the annotation, each building
is marked as an individual structure, and a total of 1085
building examples are marked, including teaching buildings,
residential buildings, commercial buildings, factories, etc. We
generate a serial number label for each building instance, such
as building No. 1, building No. 2, etc. All annotations have
been repeatedly verified and corrected by multiple people to
ensure the quality of annotations.

The shape file obtained by ENVI software after labeling
holds the location and related properties of the building
instances, but it cannot be directly applied to the subsequent
experiments and operations, and needs to be transformed
into the JSON file in the form of coco through geographic
coordinate transformation and file format conversion. The
markup file mainly includes the image ID number, category ID
number and the coordinate position of the positioning border
of each building instance.

Our final dataset consists of HSIs cut into 56 small images,
each with a size of 298×301 and a number of 48 channels,
as well as remote sensing building example annotation files
corresponding to each image. According to the ratio of 7:3
we divide the dataset into a training set and a test set, i.e., 40
images for training and 16 images for testing, and HS-ISD will
be used for subsequent experiments and applications. Several
example diagrams of HS-ISD are shown in Fig. 6.

We classify HS-ISD in different dimensions, namely build-
ing area and building complexity in Fig. 7. In the division
of building area, we refer to the definition of object in
COCO dataset [71], and consider the building pixel area less
than 32×32 as small building, the building pixel area more
than 96×96 as large building, and the building pixel area
between them as medium building. In the division of building
complexity, we can consider buildings with more number of
edges as more complex structures according to the labeling
method of dotting and tracing edges in the labeling process.
We consider those with less than 15 edges as simple buildings,
and the rest as complex buildings.

In terms of the division schemes mentioned above, the vast
majority of HS-ISD are small buildings (78%), followed by
medium buildings (20%) and large buildings (2%). In terms
of building complexity, most of them are complex buildings
(60%) and relatively few are simple buildings (40%). HSI
instance segmentation task is very challenging in these cases.

B. Evaluation Metrics

In order to evaluate the performance of the proposed
method, we use the typical index mAP of instance segmen-
tation to reflect the accuracy of HSI instance segmentation,
including four indexes: Box mAP, Box mAP50, Mask mAP
and Mask mAP50. The larger the value of each index is, the
more accurate the result is and the better the segmentation
effect is. In addition, we choose the typical metrics Parameters
and GFLOPs to evaluate the model structure. Larger values of
both indicate a larger number of model parameters and a more
complex model, respectively.
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Fig. 6. Several example diagrams of the HS-ISD, where each building is covered by different color masks to represent individual building instances.

Fig. 7. The HS-ISD is divided according to different types of dimensions:
(a) building area, and (b) building complexity.

C. Comparative Methods and Implementation Details

In order to implement the instance segmentation of HSI
and verify the good performance of the proposed Spectral-
Spatial FPN, we combine the existing typical instance seg-
mentation methods on the brand-new HSI instance segmenta-
tion benchmark dataset HS-ISD. We choose the mainstream
instance segmentation network models in recent years for our
experiments, mainly including single-stage network models:
SOLO [72], SOLOv2 [73] and PointRend [16], and two-stage

Fig. 8. The influence of different training epochs on the accuracy of test
results.

network models: Mask R-CNN [14], Mask Scoring R-CNN
[15], Cascade Mask R-CNN [33] and Queryinst [34]. All our
experiments are done based on MMDetection [74], an open
source object detection toolbox based on PyTorch provided
by OpenMMLab platform.

Fig. 8 shows the effect of different training epochs on the
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TABLE I
RESULTS (%) OF DIFFERENT SINGLE-STAGE INSTANCE SEGMENTATION NETWORK MODELS ON THE HS-ISD

Method Backbone Box mAP Box mAP50 Mask mAP Mask mAP50 Parameters GFLOPs

SOLO Resnet50 - - 19.5 43.1 35.89 M 54.61
SOLOv2 Resnet50 - - 21.5 46.8 46.00 M 89.70
Pointrend Resnet50 26.5 49.5 23.2 49.4 55.48 M 39.00

SOLO + Spectral-Spatial FPN Resnet50 - - 20.5 48.2 39.43 M 57.09
SOLOv2 + Spectral-Spatial FPN Resnet50 - - 22.1 49.6 49.54 M 92.18
Pointrend + Spectral-Spatial FPN Resnet50 27.6 56.3 24.5 55.1 59.02 M 41.47

SOLOv2 + Spectral-Spatial FPN Resnet101 - - 26.9 56.5 68.54 M 99.79
Pointrend + Spectral-Spatial FPN Resnet101 30.1 59.3 27.7 57.1 77.96 M 49.08

TABLE II
RESULTS (%) OF DIFFERENT TWO-STAGE INSTANCE SEGMENTATION NETWORK MODELS ON THE HS-ISD

Method Backbone Box mAP Box mAP50 Mask mAP Mask mAP50 Parameters GFLOPs

Mask R-CNN Resnet50 29.0 54.7 25.2 53.3 43.75 M 88.27
Mask Scoring R-CNN Resnet50 31.1 56.4 24.7 50.8 60.01 M 88.27
Cascade Mask R-CNN Resnet50 31.6 58.5 27.5 57.1 76.80 M 219.04

Queryinst Resnet50 33.6 57.5 28.9 56.9 172.27 M 983.62

Mask R-CNN + Spectral-Spatial FPN Resnet50 30.8 57.8 27.3 56.6 47.29 M 90.75
Mask Scoring R-CNN + Spectral-Spatial FPN Resnet50 31.7 60.5 25.2 52.8 63.55 M 90.75
Cascade Mask R-CNN + Spectral-Spatial FPN Resnet50 33.6 60.4 28.1 58.2 80.34 M 221.51

Queryinst + Spectral-Spatial FPN Resnet50 35.8 62.3 31.3 62.1 175.81 M 986.09

Mask R-CNN + Spectral-Spatial FPN Resnet101 31.3 58.5 27.5 56.3 66.28 M 98.36
Mask Scoring R-CNN + Spectral-Spatial FPN Resnet101 32.4 60.7 28.4 58.6 82.54 M 98.36
Cascade Mask R-CNN + Spectral-Spatial FPN Resnet101 34.4 62.4 29.7 62.2 99.33 M 229.12

Queryinst + Spectral-Spatial FPN Resnet101 37.4 64.3 31.9 62.5 194.80 M 993.70

final performance. It is clear to see that setting the number
of training epochs to 300 achieves the best balance between
time and performance. In the training process, the batch size
of each GPU and the number of data reading threads of each
GPU are set to 4 in the training stage. We use SGD as the
optimizer and set the base learning rate to 0.01, weight decay
to 0.0001 and SGD momentum to 0.9. The total number of
training epochs is set as 300 epochs, and the learning rate is
decayed by step. The learning rate is reduced in the 240th
and 270th epochs, respectively (by default, it is reduced to
0.1 times of the original each time). The warmup strategy is
adopted to set a very small initial learning rate (0.001 times of
the base learning rate), and it increases linearly in the initial
iteration rounds of training. We use the two-stage and single-
stage network models based on resnet50 as the baseline on
the HS-ISD, and add the proposed Spectral-Spatial FPN to
each model separately for a comprehensive comparison of
the results with the baseline. The mmdetection version and
PyTorch version used are 2.25.0 and 1.7.0, respectively. In
order to accelerate the training of the network model, our
experiments are conducted on NVIDIA GeForce RTX 3090.

D. Main Results

We report our experimental results with different instance
segmentation network models on HS-ISD to prove that the
proposed Spectral-Spatial FPN can perform more effective
feature extraction and has better performance when performing
instance segmentation on HSI. The experimental results of the

Fig. 9. Effect of Spectral-Spatial FPN on the results of single-stage instance
segmentation methods.

two-stage network models and single-stage network models
are shown in Table I and Table II, respectively.

For the single-stage instance segmentation network models,
it can be seen from Table I that compared with the baseline
after addition of Spectral-Spatial FPN, the Mask mAP and
Mask mAP50 scores of SOLO increase by 1% and 5.1%,
respectively; the Mask mAP and Mask mAP50 scores of
SOLOv2 increase by 0.6% and 2.8%, respectively; and the
Box mAP, Box mAP50, Mask mAP and Mask mAP50 scores
of Pointrend increase by 1.1%, 6.8%, 1.3% and 5.7%, respec-
tively (the evaluation metrics for SOLO and SOLOv2 do not
include Box mAP and Box mAP50). Fig. 9 intuitively shows
the effect of spectral-Spatial FPN on improving the result
accuracy of the single-stage models. In addition, we modify
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Fig. 10. Effect of Spectral-Spatial FPN on the results of two-stage instance
segmentation methods.

the network models after adding Spectral-Spatial FPN and
then conduct experiments, including adjusting the backbone of
SOLOv2 and Pointrend to resnet101, the evaluation scores can
be significantly improved. Pointrend + Spectral-spatial FPN
with backbone of resnet101 achieves the single-stage optimal
performance with evaluation scores Box mAP, Box mAP50,
Mask mAP and Mask mAP50 of 30.1%, 59.3%, 27.7% and
57.1%, respectively.

Table II shows the results of the different two-stage instance
segmentation network models on the HS-ISD. Overall the
accuracy of the two-stage network model results is better than
the single-stage model results, but the model structure is more
complex. When the backbone is all set to Resnet50, after
adding Spectral-Spatial FPN, the Box mAP, Box mAP50, Mask
mAP and Mask mAP50 scores of Mask R-CNN increase by
1.8%, 3.1%, 2.1% and 3.3%,respectively; the Box mAP, Box
mAP50, Mask mAP and Mask mAP50 scores of Mask Scoring
R-CNN increase by 0.6%, 4.1%, 0.5%, and 2%, respectively;
and the Box mAP, Box mAP50, Mask mAP and Mask mAP50

scores of Cascade Mask R-CNN increase by 2%, 1.9%, 0.6%,
and 1.1%, respectively. The Box mAP, Box mAP50, Mask
mAP and Mask mAP50 scores of Queryinst + Spectral-Spatial
FPN increased by 2.2%, 4.8%, 2.4% and 5.2%, respectively.
Fig. 10 clearly shows that the result accuracy of different two-
stage models with the addition of Spectral Spatial FPN is sig-
nificantly improved. After modifying backbone to resnet101,
the performance of the network model can basically be ef-
fectively improved, where Queryinst + Spectral-Spatial FPN
with backbone of resnet101 achieves the two-stage optimal
performance with evaluation scores Box mAP, Box mAP50,
Mask mAP and Mask mAP50 of 37.4%, 64.3%, 31.9%, and
62.5%, respectively.

It can be seen from the above quantitative experimental
results that the integrated use of spectral information and
spatial information can more effectively reflect the ground
object information of HSI, distinguish buildings from other
objects, and achieve higher precision segmentation results. The
Spectral-Spatial FPN can significantly improve the instance
segmentation accuracy of existing models on HSI without
creating excessive memory and computing overhead.

The qualitative comparison results of the proposed Spectral-
Spatial FPN are shown in Fig. 11. Spectral-Spatial FPN
can reduce the omission of small buildings and achieve a

more complete area segmentation in most cases. In addition,
Spectral-Spatial FPN can achieve more detailed segmentation
of building edge details (Row 2 of Fig. 11), and for building
examples in close proximity, Spectral-Spatial FPN can also
distinguish them well (Row 3 of Fig. 11). These visualization
results validate the superiority of our Spectral-Spatial FPN in
the task of HSI instance segmentation.

In summary, the Spectral-Spatial FPN has good adaptabil-
ity and migration capability. Both the single-stage instance
segmentation model and the two-stage instance segmentation
model perform well on the HS-ISD with the addition of
Spectral-Spatial FPN, which can lead to effective improvement
of performance results.

E. Ablation Study

In the Spectral-Spatial FPN module, the CBAM module and
PAN module are used to extract multi-scale spectral-spatial
feature maps and fuse the utilization of multi-scale features
for more accurate HSI instance segmentation, respectively.
To verify the effectiveness of these two modules, we design
several ablation experiments on Spectral-Spatial FPN to verify
the effectiveness of CBAM module and PAN module. In the
following experiment, the “Base” represents the basic model
without CBAM and PAN. “Base + CBAM” and “Base + PAN”
represent models with CBAM and PAN modules, respectively.

As shown in Table III, the combined use of the CBAM
module and PAN module can significantly improve the model
performance. More specifically, the addition of the CBAM
module improves the Box mAP50 and Mask mAP50 scores
on the HS-ISD by 2.6% and 3.3%, respectively, and the PAN
module improves the Box mAP50 and Mask mAP50 scores
on the HS-ISD by 2.8% and 2.5%, respectively. In addition,
after combining the CBAM and PAN, we get 4.8% and 5.2%
improvement in Box mAP50 and Mask mAP50 scores on the
HS-ISD, respectively. These results prove the effectiveness
of the CBAM module and PAN module, and show that the
combination of CBAM module and PAN module can bring
significant gain effect to HSI instance segmentation.

In addition, since the CBAM module includes two sub-
modules, SAM and CAM, we also conduct several ablation
experiments on the CBAM module. “Base + SAM” and “Base
+ CAM” represent the models with SAM and CAM modules,
respectively. As can be seen from Table IV, the addition of
SAM module increased Box mAP50 and Mask mAP50 scores
by 0.6% and 1.8%, respectively, and the addition of CAM
module increased Box mAP50 and Mask mAP50 scores by
1.4% and 1.7%, respectively on the HS-ISD. This indicates
that both submodules of CBAM can enhance the ability of the
model to extract spectral-spatial feature maps. In Fig. 12, we
can clearly see that the model mask with CBAM module can
better cover the target building area, indicating that the CBAM
module can well utilize the information in the target building
area and extract the spectral and spatial features.

V. CONCLUSION

In this paper, we introduced instance segmentation into
the intelligent interpretation of HSI for the first time, and
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Fig. 11. Comparison of the visualization results of different methods on the HS-ISD, setting the fraction threshold for visualization to 0.3, and using different
mask colors in each image to indicate different building instances. (a) RGB image. (b) Ground truth. (c) Pointrend. (d) Pointrend + Spectral-Spatial FPN. (e)
Queryinst. (f) Queryinst + Spectral-Spatial FPN.

Fig. 12. Visual comparison of intermediate feature map between the CBAM
module and the baseline: (a) Baseline, (b) Baseline + CBAM.

TABLE III
ABLATION STUDY (%) FOR THE PROPOSED SPECTRAL-SPATIAL FPN ON

THE HS-ISD

Method Box mAP50 Mask mAP50

Base 57.5 56.9
Base + CBAM 60.1 60.2

Base + PAN 60.3 59.4
Base + Spectral-Spatial FPN 62.3 62.1

implemented end-to-end HSI instance segmentation on the
new benchmark dataset HS-ISD by using Spectral-Spatial
FPN. HS-ISD takes different building examples as annotation
objects, which can provide important support for the intelligent
interpretation of HSI and urban planning. In addition, we
proposed the Spectral-Spatial FPN, which first extracted the
multi-scale spectral-spatial feature maps using the attention
mechanism, and then performed a more effective feature fusion
of spectral and spatial information of HSI through a bidirec-

TABLE IV
ABLATION STUDY (%) FOR THE CBAM MODULE ON THE HS-ISD

Method Box mAP50 Mask mAP50

Base 57.5 56.9
Base + SAM 58.1 58.7
Base + CAM 58.9 58.6

Base + CBAM 60.1 60.2

tional fused feature pyramid structure to achieve end-to-end
instance segmentation of HSI. We conducted experiments on
HS-ISD based on the mainstream two-stage and single-stage
instance segmentation network models, and the experimental
results demonstrate that the proposed Spectral-Spatial FPN
can achieve state-of-the-art HSI instance segmentation results.
The Spectral-Spatial FPN can effectively distinguish individual
instances with similar structural information and achieve finer
segmentation of edge details. In the future, we will further
explore the field of instance segmentation of HSI and develop
more effective HSI instance segmentation network models to
meet the needs of more complex and diverse practical scenes.
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