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Abstract: Multi-class geospatial object detection in high-resolution remote sensing images has sig-
nificant potential in various domains such as industrial production, military warning, disaster
monitoring, and urban planning. However, the traditional process of remote sensing object detec-
tion involves several time-consuming steps, including image acquisition, image download, ground
processing, and object detection. These steps may not be suitable for tasks with shorter timeliness
requirements, such as military warning and disaster monitoring. Additionally, the transmission of
massive data from satellites to the ground is limited by bandwidth, resulting in time delays and
redundant information, such as cloud coverage images. To address these challenges and achieve effi-
cient utilization of information, this paper proposes a comprehensive on-board multi-class geospatial
object detection scheme. The proposed scheme consists of several steps. Firstly, the satellite imagery
is sliced, and the PID-Net (Proportional-Integral-Derivative Network) method is employed to detect

flr;’e;:tfgsr and filter out cloud-covered tiles. Subsequently, our Manhattan Intersection over Union (MIOU)
Citation: Shen, Y,; Liu, D.; Chen, J.; loss-based YOLO (You Only Look Once) v7-Tiny method is used to detect remote-sensing objects
Wang, Z.; Wang, Z.; Zhang, Q. in the remaining tiles. Finally, the detection results are mapped back to the original image, and the
On-Board Multi-Class Geospatial truncated NMS (Non-Maximum Suppression) method is utilized to filter out repeated and noisy

Object Detection Based on boxes. To validate the reliability of the scheme, this paper creates a new dataset called DOTA-CD

Convolutional Neural Network for (Dataset for Object Detection in Aerial Images-Cloud Detection). Experiments were conducted on
both ground and on-board equipment using the AIR-CD dataset, DOTA dataset, and DOTA-CD

dataset. The results demonstrate the effectiveness of our method.
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High-resolution remote sensing images are valuable resources that contain detailed
ground information, making them highly relevant in disaster monitoring, industrial pro-
- duction, agricultural production, military surveillance, and other fields. Within remote
sensing image processing, multi-class geospatial object detection plays a vital role by auto-
matically extracting information about various ground objects. However, the traditional
remote sensing object detection process involves several time-consuming steps, including
image acquisition, image download, ground image processing, and remote sensing object
detection. This entire process consists of multiple tedious processing steps, which can
creativecommons.org, licenses /by / undermine the timeliness of tasks requiring fast processing, such as disaster monitoring
10/). and military warning. To address this issue, deploying object detection methods directly

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://

Remote Sens. 2023, 15, 3963. https:/ /doi.org/10.3390/1s15163963 https://www.mdpi.com/journal /remotesensing


https://doi.org/10.3390/rs15163963
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0003-0731-8401
https://orcid.org/0000-0002-7510-5646
https://doi.org/10.3390/rs15163963
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs15163963?type=check_update&version=1

Remote Sens. 2023, 15, 3963

2 of 25

on satellites for on-board detection would significantly enhance the effective utilization of
high-resolution remote sensing image data for such tasks. By only downloading the specific
information of interest rather than all captured images, the burden of data transmission
can be effectively alleviated.

Earlier satellites like Earth Observation-1, QuickBird, and NEMO were limited by the
hardware capabilities available at the time. They relied on FPGA (Field Programmable
Gate Array) and DSP (Digital Signal Processor) technology, which allowed for basic on-
board processing tasks but could not handle computationally complex algorithms like
object detection. However, hardware advancements have led to the development of small
edge computing devices with high computational performance. These devices, such as
NVIDIA Jetson AGX Orin, HUAWEI Ascend 310, Raspberry Pi, and others, are now capable
of processing artificial intelligence algorithms effectively. This development provides a
solid hardware foundation for the development of on-board remote sensing object detec-
tion algorithms.

The advancement of deep learning object detection technology has laid the foundation
for on-board remote sensing object detection. Deep learning object detection technology
originated from the computer vision community and is mainly applied to natural images.
Based on whether to choose region proposals [1] or not, deep learning object detection
techniques are divided into two categories: two-stage and one-stage. A two-stage network
requires the selection of a specific number of region proposal boxes beforehand. These boxes
are then utilized in the feature extraction stage to enhance the accuracy of classification
and positioning in object detection. Examples include R-CNN (Region Convolutional
Neural Network), Fast R-CNN, Faster R-CNN, R-FCN (Region-based Fully Convolutional
Network), Mask R-CNN [1-5], etc. The one-stage network, in contrast, operates based on
the concept of regression, which directly generates detection boxes through the network
without the need for a separate region proposal step. Examples include the YOLO series,
SSD (Single Shot multibox Detector), RetinaNet [6-13], and so on.

Researchers in the Earth observation community have successfully applied deep learn-
ing object detection technology to improve remote sensing object detection accuracy. For
accuracy enhancement, some two-stage remote sensing object detection methods have
been proposed, such as Small, Cluttered, and Rotated Object Detector (SCRDet++), Adap-
tive Feature Fusion towards highly accurate oriented object Detection (AFF-Det), and
Phase-Shifting Coder (PSC) [14-17]. SCRDet++ improves detection accuracy by adding
denoising modules to Faster R-CNN and addressing rotation variation issues. AFF-Det
introduces a multi-scale feature fusion module (MSFF) built on the top layer to mitigate
the semantic information loss in small-scale features, and it also proposes a weighted Rol
feature aggregation (WRFA) module to enhance the feature representations at different
stages of the network based on an attention mechanism. PSC provides a unified framework
for handling variable periodic fuzzy problems that arise due to rotational symmetry in
oriented object detection. Considering practical applications, to improve the speed of
remote sensing object detection, researchers have proposed one-stage methods like You
Only Look Twice (YOLT), Hyper-Light deep learning network (HyperLi-Net), and Aligned
Single-Shot Detector (ASSD) [18-20]. YOLT has proven that due to the size of remote sens-
ing images being too large, scaling them to the appropriate size will result in a significant
loss of image details. Based on YOLO v2, it is the first to propose a complete detection
process that conforms to industrial production, including image slicing, tiles detection, and
result mapping. HyperLi-Net combines various network techniques to create a lightweight
network for high-speed and accurate ship detection from SAR (Synthetic Aperture Radar)
imagery. ASSD addresses feature misalignment in one-stage detectors in remote sensing
scenes, achieving a balance between speed and accuracy on the DOTA dataset [21].

In response to the pressing demand for on-board remote sensing object detection,
numerous researchers have put forth methods based on existing research. Currently, on-
board remote sensing object detection methods are primarily categorized into two scenarios:
SAR image-oriented and optical image-oriented. Pan et al. [22] proposed on-board ship
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detection in HISEA-1 SAR images, which first used the Constant False Alarm Rate (CFAR)
method to coarsely identify ships, and then used the YOLO v4 [9] method to obtain more
accurate final results. Xu et al. [23] introduced a lightweight on-board ship detection
model for SAR (Synthetic Aperture Radar) imagery, known as Lite-YOLOVS5. This model
incorporates several innovative modules to reduce computational complexity and enhance
detection performance. One of the key advantages of SAR imagery is its ability to acquire
data effectively regardless of weather conditions. Unlike optical imagery, which can be
hindered by clouds, fog, or darkness, SAR can penetrate through such obstacles and capture
data consistently. However, SAR imagery does have some inherent limitations. Firstly, the
resolution of SAR imagery is generally lower compared to optical imagery. This means that
the level of detail captured in SAR images may be coarser, making it challenging to discern
fine-scale features or objects. Additionally, SAR imagery tends to exhibit a lower signal-to-
noise ratio. The presence of noise in SAR images can stem from various sources, such as
speckle noise caused by interference patterns in the radar signal. This noise can obscure the
desired information and impact the quality of the image. It is very necessary to carry out on-
board object detection for optical images. Del Rosso et al. [24] proposed on-board volcanic
eruption detection through CNN (convolutional neural network) in satellite multispectral
imagery, which is the first prototype that applies deep learning models to on-board optical
remote sensing detection. Pang et al. introduced a fast and lightweight intelligent Satellite
On-orbit Computing Network (SOCNet) [25] that aimed to accelerate model inference and
reduce the number of parameters. They achieved this by implementing various techniques,
including flat multibranch and coupled fine-coarse-grained feature extraction, exchanging
a larger receptive field for network depth, depthwise separable convolution, and global
average pooling. Li et al. [26] introduced a new intelligent optical remote sensing satellite
Luojia-3 01, which is equipped with various on-board intelligent processing technologies,
such as on-board object detection, change detection, and so on.

The mentioned on-board optical object detection methods have indeed made signifi-
cant contributions in terms of algorithm advancements and practical applications. However,
they have often overlooked a crucial factor: the influence of cloud coverage on optical
images. According to data from the International Satellite Cloud Climate Project-Flux Data
(ISCCP-FD) [27], it is estimated that the global average cloud coverage is approximately
two-thirds. If object detection is performed directly on these images without considering
the presence of clouds, it can lead to ineffective detection, wasted computing resources,
and reduced detection efficiency. In response to the mentioned issue, this paper proposes
a comprehensive on-board multi-class geospatial object detection scheme. Firstly, the
satellite-captured remote sensing images are sliced into smaller tiles for efficient processing.
Next, cloud detection is performed on all the tiles. The detection results are then evaluated,
and any tiles identified as cloud images are filtered out. The third step involves conducting
object detection on the remaining tiles that passed the cloud detection stage. In the fourth
step, the detection results from the tiles are mapped back to the original remote-sensing
image. This mapping process helps align the object detection results with their correspond-
ing locations in the original image. Additionally, noise boxes are removed to enhance the
accuracy. Finally, the object detection results are transmitted to the ground workstation
for further analysis and utilization. In accordance with specific requirements, it is also
possible to selectively download the tiles that have been filtered by the cloud detection step.
This approach helps alleviate the pressure of data transmission. In the proposed process,
this paper needs to take into account both the speed and accuracy of cloud detection,
considering the limitations of hardware devices. To address these concerns, numerous
previous studies have been dedicated to enhancing the performance of cloud detection
methods. Jeppesen et al. [28] introduced a deep learning cloud detection model called the
Remote Sensing Network (RS-Net) which utilizes the U-net architecture. The performance
of this model, when using only the RGB bands, shows significant improvement in cloud
detection accuracy. Li et al. [29] propose the global context-dense block U-Net (GCDB-
UNet), a robust cloud detection network that integrates the global context-dense block
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(GCDB) into the U-Net framework, enabling effective detection of thin clouds. Pu et al. [30]
introduced a high-precision cloud detection network that combines a self-attention module
and spatial pyramidal pooling, excelling in detecting cloud edges. While these algorithms
offer accuracy advantages, they may lack sufficient speed for on-board computing scenar-
ios. In this paper, a cloud detection model based on the state-of-the-art (SOTA) real-time
semantic segmentation network PID-Net [31] is utilized. This model is applied to the task
of cloud detection through transfer learning. The reliability of the on-board cloud detection
tasks is validated through experiments. To improve the performance of on-board object
detection, this paper embeds the MIOU loss [32] into YOLO v7-Tiny [11], which improved
the detection accuracy without losing inference speed. Due to a large number of truncated
objects generated at the edge of tiles during remote sensing image slicing, many truncated
boxes will be obtained after object detection. These truncated boxes are not easily removed
when mapping the detection results of tiles back to the original image. Therefore, this paper
uses the Truncated NMS algorithm to remove noise boxes, which has been proven effective
by Shen et al. [33] in removing truncation boxes and duplicate detection boxes.
The main contributions of this paper are as follows:

(1) This paper proposes a comprehensive on-board multi-class geospatial object detection
scheme, including image slicing, cloud detection, tile filtering, object detection, coor-
dinate mapping, and noise box removal. This scheme effectively avoids the waste of
computing resources caused by performing object detection tasks on a large number
of cloud images, significantly improving detection efficiency.

(2) This paper implements fast on-board cloud detection based on real-time semantic
segmentation network PID-Net, which combines efficiency and accuracy in cloud
detection results, providing a guarantee for effectively removing cloud images.

(38) To achieve fast on-board remote sensing object detection, this paper proposes MIOU
loss-based YOLO v7-Tiny, which enhances the accuracy of the network while main-
taining fast inference speed. And in the post-processing process, the Truncated NMS
algorithm was effectively used to eliminate duplicate detection boxes and the trun-
cated boxes generated by truncated targets near the tile edges.

(4) This paper creates a new dataset called DOTA-CD to verify whether the on-board
cloud detection process is effective in improving detection efficiency. To validate the
performance of the PID-Net model in on-board cloud detection tasks, this paper com-
pares its results with those of state-of-the-art (SOTA) deep learning cloud detection
algorithms using the AIR-CD dataset [34]. Furthermore, to evaluate the effectiveness
of the MIOU loss-based YOLO v7-Tiny in remote sensing object detection, this paper
compares its performance with that of SOTA deep learning remote sensing object
detection algorithms on the DOTA dataset. The scheme was conducted on the on-
board equipment NVIDIA Jetson AGX Orin. All experimental results have verified
the feasibility of our scheme.

2. Methodology

This paper proposes a comprehensive multi-class geospatial object detection scheme
from ground to satellite. The proposed scheme consists of two main parts: the ground
training part and the on-board inference part, as illustrated in Figure 1. The ground training
part involves training the cloud detection model and object detection model on the ground
training equipment using the transfer learning strategy. After training, the models are
converted into the on-board format and uploaded to the on-board equipment. In the
on-board inference part, the process begins with the large-sized remote sensing image
being sliced into tiles of suitable size for network input. These tiles are then fed into the
cloud detection model for cloud detection, determining whether each tile represents a
cloud image. If a tile is identified as a cloud image, it is filtered out and excluded from
further processing. If a tile is not classified as a cloud image, it proceeds to the next step.
The remaining tiles, which are less affected by cloud coverage, are then input into the object
detection model for multi-class geospatial object detection. The object detection model
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identifies and localizes various objects of interest within each tile. Finally, Truncated NMS
is used to filter out duplicate object boxes and object boxes that may have been generated
due to truncation of the tiles and the coordinates are mapped back to the original large
image. Due to possible differences in data distribution between satellite-captured data and
the existing sample library, newly captured data can be annotated and added to the sample
library for fine-tuning the network. The new model can then be uploaded to the satellite to
improve detection accuracy. This chapter will introduce cloud detection, object detection,
Truncated NMS, and architecture of on-board multi-class geospatial object detection in four
parts in sequence.
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Figure 1. The overview of multi-class geospatial object detection framework from ground to on-board.

2.1. Cloud Detection
2.1.1. Architecture of the PID-Net

The architecture of PID-Net is shown in Figure 2, which includes three branches:
professional (P) branch, integral (I) branch, and derivative (D) branch. The P-branch retains
the detailed information of high-resolution feature maps without further down-sampling
operations and utilizes the Pixel-attention-guided fusion (Pag) module to parse these details.
The Pag module is shown in Figure 3. Due to the small number of channels and network
layers contained in the P-branch, rich semantic information provided by the I-branch is
crucial for the Pag module to parse the P-branch. First, to make the feature maps of the
two branches keep the same channel number and size, Conv 1 x 1 and up-sampling are
performed on the feature maps of the I-branch and Conv 1 x 1 is performed on the feature
maps of the P-branch. Then, two branches are merged by pixel-wise multiplication, and
the merged results are performed channel-wise sum and the sigmoid activation function to
get the attention map ¢. Then, the P-branch is multiplied the by attention map ¢ and the
I-branch is multiplied the by attention map 1 — ¢. Finally, the output of Pag is obtained
through the sum of the two results and the ReLU Activation function. Here, when o > 0.5,
the network pays more attention to the detailed information of the P-branch, when o < 0.5,
the network pays more attention to the contextual information of the I-branch. This allows
for the exchange of information between the two branches and better parsing of P-branches.
I-branch continuously down-sampling feature maps to obtain long-distance contextual
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information, which is used to provide global dependencies for P-branch and D-branch
branches. PPM (Pyramid Pooling Module) in I-branch for quickly aggregating contextual
information at different scales. As shown in Figure 4, the four feature maps are obtained by
performing four different kernel size and stride average pooling operations and Conv 1 x 1
separately on the input feature maps. Then four new feature maps are obtained by up-
sampling these four feature maps and adding them to the input feature maps respectively.
PPM output is obtained by fusing the concatenation results of four feature maps and the
input feature maps. D-branch extracts high-frequency features to predict boundary regions,
and like P-branch, due to the lack of channel numbers and fewer network layers, it needs
to fuse information from I-branch.

S/B-Head | & Q g o
~-» S-head % S-lossl E S % S
3 >3 P > 5 P+ >
1/8 | 1/8 1/8 o) @ © 2
1 = w C —
—» Pag L —» Pag — P
1/4
1/8 S—LOASS I,
/16 1/32 ‘
a4 1/64 v |
> — > % » PPM — » Bag — » S-head —
A '
1/8 1/8 1/8
—> Add > —> Add —» D v
! prmemmem s » BAS-Loss I3
' » B-head Ly B-Loss 1

Figure 2. PID-Net network architecture. BN means batch normalization. Conv 3 X 3 means convolu-
tion of kernel size = 3, stride = 2. Up means up sample. S-head means semantic head. B-head means
Boundary head. Pag (Pixel-Attention-Guided fusion) module is shown in Figure 3. PPM (Pyramid
Pooling Module) is shown in Figure 4. Bag (Boundary-Attention-Guided fusion) module is shown in
Figure 5.

e p

Conv 1x1 + BN

P-Branch > > V—
/A

Conv 1x1 + BN Conv 1x1 + BN + Up

Channel-wise sum Sigmoid o RelLU
———>

|-Branch —»)
1 4

Figure 3. Pag module. The multiplication and sum signs in the figure represent pixel-wise multiplica-
tion and pixel-wise sum, respectively.
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Figure 4. PPM module. Avg (17,8) represents the average pooling of kernel size = 17, stride = 8.
Global means global average pooling.
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Figure 5. Bag module. P. I and D refer to the three branches of P-branch, I-branch, and D-branch,
respectively.

N

The network finally integrates the information of three branches through the Boundary-
attention-guided fusion (Bag) module, as shown in Figure 5. The Bag module uses D-branch
to guide the fusion of P-branch and I-branch. The I-branch is capable of providing rich
semantic information. However, it tends to sacrifice a significant amount of spatial and
geometric details, particularly in boundary areas and small objects. In contrast, the P-
branch excels at preserving spatial detail information, making it better suited for accurately
representing fine-grained details and capturing subtle geometric variations. The Bag
module makes the model trust spatial details more in the boundary region, and contextual
features more in the internal region of an object.

2.1.2. Loss Function

As illustrated in Figure 2, Following [35-37], PID-Net incorporates a semantic head in
the P-branch to further enhance the optimization of the entire network. This semantic head
introduces an additional semantic loss, denoted as ly. To emphasize the importance of the
boundary area, PID-Net incorporates a boundary head in the D-branch and introduces a
weighted binary cross-entropy loss based on dice loss [38], denoted as 1;. For the semantic
head output, PID-Net utilizes two cross-entropy (CE) losses [39], namely l; and 13. The 1,
loss is associated with semantic information and aids in optimizing the network’s semantic
understanding of the objects. The I3 loss combines both the boundary information from
the B-head and the semantic information from the S-head. This combined loss aims to
reinforce the role of the Bag module in effectively utilizing both boundary and semantic
details. Based on the above, the loss of PID-Net is:

Loss-P = Aglp 4+ A1l 4+ Azlp + Asls. (1)
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This paper keeps the loss parameters at their default settings, that is, Ag = 0.4, A; = 20,
AN=1A=1

2.2. MIOU Loss-Based YOLO v7-Tiny for Multi-Class Geospatial Object Detection
2.2.1. Architecture of the YOLOvV7-Tiny Network

The network structure of YOLO v7-Tiny is shown in Figure 6, which consists of three
parts: backbone, neck, and head. Backbone consists of two Conv 3 x 3 operators, three
Max Pooling operators, and four ELAN (Efficient Layer Aggregation Network) blocks,
in which Conv 3 x 3 operators and Max Pooling operators are responsible for down-
sampling and ELAN blocks are responsible for feature extraction. The input with the size
of 1024 x 1024 is down-sampled by 8, 16, and 32 times to obtain feature maps with sizes
of 128 x 128, 64 x 64, and 32 x 32, respectively. ELAN is an improved block based on
VoVNet (Variety of View Network) [40] and CSPNet (Cross Stage Partial Network) [41],
which optimizes the gradient length of the overall network. VoVNet is a concatenation-
based model that preserves the information of intermediate feature layers by aggregating
different receptive field feature layers while considering the efficiency of the network. Its
speed and accuracy performance are better than previous plain structures and residual
structures. CSPNet believes that the problem of high inference complexity is caused by the
repetition of gradient information in network optimization. Therefore, the CSP module is
used to first divide the feature mapping of the basic layer into two parts, and then merge
them through a cross-stage hierarchical structure, reducing computational complexity while
ensuring accuracy. ELAN retains the idea of VoVNet aggregating different receptive field
feature layers, while also considering the inference calculation problem caused by repeated
gradient information. The left two routes in Figure 7 reflect the concept of CSP (Cross Stage
Partial), while the overall four routes reflect the concept of concatenation based, preserving
the information of the middle layer. The neck of YOLO v7-Tiny adopts a classic PAN (Path
Aggregation Network) structure [42], which consists of a top-down FPN (Feature Pyramid
Network) [43] structure and a bottom-up FPN structure. The first FPN communicates the
semantic information of the upper layer by concatenating the up-sampling results of the
upper layer with the lower layer, while the second FPN concatenates the down-sampling
results of the lower layer with the upper layer to convey the positioning information of
the lower layer. The feature fusion of PAN effectively improves the effectiveness of the
network. The internal blocks of the neck include an SPP block [44] and four ELAN blocks.
The SPP block is shown in Figure 8. By executing Max Pooling with different kernels on
the input, the feature maps of different receptive fields are obtained, and then these feature
maps are concatenated to achieve multi-scale feature fusion. The head of YOLO v7-Tiny has
three outputs, corresponding with sizes of 128 x 128 x 60, 64 x 64 x 60, and 32 x 32 X 60,
60 indicates that each location of the output feature map has three predicted boxes, each
predicted box includes 15 categories, 4 coordinates, and 1 score.
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Figure 6. YOLO v7-Tiny network architecture. The backbone is composed of stacked ELAN (Efficient
Layer Aggregation Network) blocks, which output C3-C5 feature maps to the neck. The neck is
PAN, which inputs three feature maps from backbone and outputs three feature maps to head. The
head has three output branches. 60 indicates that each location of the output feature map has three
predicted boxes, each predicted box includes 15 categories, 4 coordinates, and 1 score. Max pooling
(2, 2) means max-pooling of kernel size = 2, stride = 2. Conv 3 X 3 (s = 2) means convolution of
kernel size = 3, stride = 2. Conv 1 x 1 means convolution of kernel size = 1, stride = 1. Concat means
concatenate. ELAN block is shown in Figure 7. SPP (Spatial Pyramid Pooling) block is shown in

Figure 8.
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Figure 7. ELAN block. Conv 1 x 1, ¢, c means the input channel number is ¢ and the output channel
number is c.
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2.2.2. Loss Function

The loss of YOLO v7-Tiny consists of three parts: regression loss, classification loss,
and confidence loss. The BCE (Binary Cross Entropy) loss is used for classification loss
and confidence loss, while the CIOU (complete intersection of union) loss [45] is used for
regression loss. The regression loss has a significant impact on the regression speed and
positioning accuracy of the predicted boxes. Considering Euclidean distance contained
in the CIOU is very unstable in the early stage of network training and the denominator
term of normalized Euclidean distance is verified to have a negative effect on the decline
of loss, this paper use the MIOU-C loss [32], which adds Manhattan distance on the
basis of the CIOU loss to compensate for the shortcomings of Euclidean distance, while
setting the denominator terms of normalized Euclidean distance and Manhattan distance
as coefficients to eliminating negative effect. the MIOU-C loss is defined as follows:

Luviou-c= 1 —IOU + av + Bp? (b, b8") +v5(b,b8"), @)

where IOU is Intersection over Union between a ground-truth and the associated predicted
box, o is a positive trade-off parameter, 3 and y are normalization parameters, and v mea-
sures the consistency of aspect ratio, p (-) is the Euclidean distance, §(-) is the Manhattan
distance, b and b8' denote center points of B and B8'. IOU is defined as follows:

_ [BNB8|

) ®)

where B8t= (xgt, y8t, wet, hgt> is the ground-truth and B = (x, y, w, h) is the predicted
box. v is defined as follows:

4 w8t w.’
V= (arctan s —arctanF) 4)
parameters «, (3, and y are defined as
A

*=a-100)+v ©)
=1/, 6)

1/cw, & =084
Y= , @)

1/en, 8=23y

where ¢, ¢y, and cy,, respectively, are the diagonal length, width, and height of the smallest
enclosing box covering the two boxes B and B!,
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2.3. Truncated NMS Algorithm for Post-Processing of Geospatial Object Detection

In the process of slicing the original image into tiles, target truncation at the tile
boundaries is an inevitable phenomenon. This truncation can lead to incomplete detection
of targets, as shown in Figure 9. To address this issue, a 20% overlap rate is set during
slicing to preserve complete target information in some tiles, such as image2. However,
even with the overlap, the truncated parts of targets can still be detected, as seen in image
1. These detections create noise that cannot be effectively removed by the traditional NMS
algorithm. The reason is that the overlap between the truncated detection box (red box in
imagel) and the complete detection box (blue box in image2) is insufficient, resulting in a
low IOU score. To address this problem, the Truncated NMS algorithm [33] is introduced
in the process of mapping the object detection results from the tiles back to the original
image. Truncated NMS builds upon the effectiveness of traditional NMS [46] in removing
duplicate detection boxes but specifically targets the suppression of truncated boxes at the
image boundaries. It effectively suppresses these truncated boxes that have a small IOU
with the correct detection boxes but cannot be removed by the regular NMS algorithm.
By applying Truncated NMS, the noise caused by truncated detections can be reduced,
improving the accuracy of the object detection results.

Figure 9. The predicted box filtering in remote sensing images splicing. The red box indicates the
predicted box in imagel. The blue box is the predicted box in image2.

2.4. Architecture of On-Board Multi-Class Geospatial Object Detection

Figure 10 illustrates the process of on-board multi-class geospatial object detection.
The steps involved are as follows: (1) Image Slicing: The input large image is divided into
1024 x 1024 tiles. (2) Cloud Detection: Cloud detection is performed on each tile, generating
binary cloud detection images. If the cloud area exceeds 75% of the entire tile, the tile is
considered a cloud image and filtered out. The process then moves on to the next tile. If
the cloud area is below the threshold, the tile is considered to contain valid information
and proceeds to the next step. (3) Object Detection: Object detection is performed on
the retained tiles, aiming to detect and classify various objects of interest within the tile.
(4) Truncated NMS: Truncated NMS is applied to the object detection results. This step
filters out duplicate detection boxes and incomplete boxes caused by image slicing. The
coordinates of the remaining detection boxes are mapped back to the input image.
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Figure 10. The process of on-board multi-class geospatial object detection.

Throughout the entire process, the time consumption of post-processing steps, such
as object detection deduplication and generating target boxes, is significantly higher than
the time required for cloud detection. The combination of cloud detection and object
detection enables the removal of cloud images, reducing the burden of satellite data
transmission. It also avoids performing unnecessary operations, such as object detection
and post-processing, on cloud images. The threshold for identifying cloud images is
determined through ablation experiments in Section 3.3.4. For verification of the speed of
cloud detection and object detection on on-board devices, please refer to Section 3.4.3.

3. Experiments
3.1. Data Description and Experiment Settings
3.1.1. Data Description

This paper utilizes three datasets: the large-scale remote sensing cloud detection
dataset AIR-CD, the large-scale remote sensing object detection dataset DOTA, and our cus-
tom cloud detection and cloud image recognition dataset DOTA-CD. The AIR-CD dataset
is generated using Gaofen-2 PMS data and is divided into 1024 x 1024 tiles, with a total of
1904 samples. Only the RGB visible bands of the AIR-CD dataset are retained for spectral
band selection. The DOTA dataset comprises 2806 remote sensing images with varying
sizes ranging from 800 to 13,000. It consists of 15 object categories, including baseball
diamond (BD), bridge (BR), basketball court (BC), ground track field (GTF), helicopter (HC),
harbor (HA), large vehicle (LV), plane (PL), roundabout (RA), small vehicle (SV), storage
tank (ST), soccer ball field (SBF), swimming pool (SP), ship (SH), and tennis court (TC). In
the DOTA dataset, the original images are sliced into 1024 x 1024 tiles with 50% overlap in
the train subset and 20% overlap in the validation and test subsets. For parts smaller than
1024 x 1024, complete tiles are selected from back to front. DOTA dataset contains rotation
detection (task1) and horizontal detection (task2), this paper selects the task2 track. Due
to the differences in data distribution between the cloud detection dataset AIR-CD and
the object detection dataset DOTA, the cloud detection model trained on AIR-CD cannot
be effectively applied to DOTA for cloud image removal during object detection tasks. To
address this, this paper creates the DOTA-CD dataset. This paper selects 15 cloud images
from the DOTA dataset, ranging in size from 3500 to 5500, and sliced them into 264 tiles.
The dataset includes two forms of annotation: the cloud binary map and the determination
of whether the tile is a cloud map. For the cloud detection model, we initially train it on
AIR-CD and then fine-tune it on DOTA-CD for improved performance.

3.1.2. Experiment Settings

All ground training tasks are implemented using PyTorch on four Nvidia RTX 3090
GPUs. All ground evaluation tasks using PyTorch on a Nvidia RTX 3090 GPU. All on-board
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evaluation tasks are using PyTorch and TensorRT on a NVIDIA Jetson AGX Orin. For
the cloud detection training process, all experiments trained no more than 484 epochs
and adopt the stochastic gradient descent (SGD) optimizer and step decay learning rate
scheduling strategy with an initial learning rate of 0.01. The momentum and weight decay
are respectively set as 0.9 and 0.0005. The training process on AIR-CD used pretrained
model trained on CityScapes [47]. For the object detection training process, all experiments
trained no more than 300 epochs and adopt the stochastic gradient descent (SGD) optimizer
and cosine decay learning rate scheduling strategy with an initial learning rate of 0.1. The
warm-up steps are a maximum of 3 epochs and 1000 iterations. The momentum and weight
decay are respectively set as 0.937 and 0.005.

3.2. Evaluation Metrics

This section may be divided into subheadings. It should provide a concise and precise
description of the experimental results, their interpretation, as well as the experimental
conclusions that can be drawn.

To evaluate remote sensing cloud detection results, this paper uses five metrics:
Accuracyp, Recallp, Precisionp, Fl-score, and IOU (Intersection over Union), whose formu-
las are:

TP,+TN
A — P P , 8
Y T TP, F TN, +FPp + N, ®)
Recall, = &, )
P TP, +FNp
Precisi P (10)
recisionp = m———o—,
TP, +FPp
2 X Recallp x Precisiony,
Fl-score = — (11)
Recallp +Precisionp
oU—— p (12)
TP, +FPp,+FNp

where TP, TN, FPp, and FNp indicates True Positive, True Negative, False Positive, and
False Negative respectively in pixel level.

To evaluate cloud image identification results in DOTA-CD, this paper uses three
metrics: False Alarm, Miss Rate, and Accuracy;, whose formulas are:

FP;

False Al = 1
alse Alarm TN, 1 FP,’ (13)
FNj
Miss Rate = ———+— 14
1ss Rate TP, 1 FN;’ (14)
TP;+TN;
Accuracy; = i (15)

TP1+TN1+ + FPl—l—Fl\I1 ’

where TP;, TN;, FP;, and FN; indicates True Positive, True Negative, False Positive, and
False Negative, respectively, in image level.

To evaluate remote sensing object detection results, this paper uses the VOC metric [48],
which is adopted as the official verification metric of the DOTA dataset. The VOC metric
includes Precision,, Recall,, AP, and mAP:

.. TP,
Precision, = TP, 1 FP,’ (16)
Recall, = _ TP (17)

~ TPo+FN,’
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where TP,, FP,, and FN, indicates True Positive, False Positive, and False Negative, re-
spectively, in object level. When the IOU of a predicted box and its associated target box
exceeds 0.5, the predicted box is called positive, otherwise negative.

1
AP:/O p(r)d,, (18)

where p is Precision,, r is Recall,, and AP is average precision, which represents the area
under the precision-recall curve in the coordinate system with recall as the horizontal axis
and precision as the vertical axis.

mAP = (19)

c=1APc
n 7
where c represents category, n represents the total number of categories, and mAP (mean
average precision) represents the average value of AP in multiple categories.
To evaluate the speed and performance of the network, this paper uses two metrics:
FPS or Latency, where FPS means frames per second and Latency means inference time.

3.3. Experimental Results on Ground Development Environment
3.3.1. Cloud Detection Results of PID-Net in AIR-CD

To evaluate the superior speed and accuracy of PID-Net in remote sensing cloud
detection tasks, this paper compares it with SOTA cloud detection methods using the
large-scale remote sensing cloud detection dataset, AIR-CD. Table 1 demonstrates the
comparison results, showing that PID-Net achieves a slight improvement in IOU compared
to the method proposed by Pu et al., with a lead of 0.3%. Moreover, PID-Net achieves
an impressive FPS of 163 on 1024 x 1024 tiles, which is approximately five times faster
than the previous method [30]. This significant increase in speed opens up possibilities for
on-board cloud detection. Additionally, PID-Net outperforms other methods in Accuracy,,,
Precision p, and F1-Score, confirming its reliability in terms of accuracy. While the Recall |,
of PID-Net lags behind the methods CDNet, GCDB-Unet, and Pu et al., achieving 94.9% is
still a reliable indicator for on-board cloud detection. Figure 11 presents the cloud detection
results of PID-Net on the AIR-CD dataset. It can be observed that the algorithm achieves
high accuracy in the first two columns with minimal false detections, while in the third
column, there are some false detections, and in the fourth column, some small clouds are
missed. This indicates that the algorithm performs well in dense cloud areas, but there may
be some errors in sparse cloud areas.

Table 1. Comparison with State-of-the-Art cloud detection methods in AIR-CD.

Methods Accuracy, (%) Recally, (%) Precisionp (%) F1-Score (%) I0U (%) FPS
DeeplabV3 [49] 90.4 87.5 85.4 86.5 76.1 8
MT-Unet [50] 88.6 93.1 78.4 85.1 74.1 8
MSCEFF [51] 88.6 87.5 81.4 84.3 729 5
CDNet [52] 90.5 99.6 78.9 88.1 78.7 42
RS-net [28] 82.8 77.2 74.6 75.6 61.1 8
GCDB-Unet [29] 89.2 99.7 76.5 86.6 76.3 109
Pu et al. [30] 93.8 98.7 85.7 91.7 84.7 36
PID-Net (ours) 98.6 94.9 89.1 91.9 85.0 163
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Figure 11. Cloud Detection Results of PID-Net in AIR-CD. The first row contains original images, the

second row contains ground truths, and the third row contains cloud detection results.

3.3.2. Cloud Detection Results of PID-Net in DOTA-CD

To demonstrate the effectiveness of the entire algorithm process for on-board multi-
class geospatial object detection, this paper introduces the DOTA-CD dataset. This dataset
contains various cloud thicknesses, and it is crucial to preserve areas with thin clouds as
they may contain useful information for subsequent object detection tasks. Therefore, this
paper considers thin clouds as non-cloud regions to retain these areas. In Section 3.3.1, this
paper demonstrates the superior speed and accuracy of PID-Net in cloud detection tasks
using the AIR-CD dataset. However, there are some differences in data distribution between
AIR-CD and DOTA-CD. To ensure reliable cloud detection results on the DOTA-CD dataset,
this paper fine-tunes the models specifically for DOTA-CD. This paper compares this result
with other SOTA methods, as shown in Table 2. For a fair comparison, this paper uses
the weights of all models trained on AIR-CD as pretrained models. The accuracy and
IOU of PID-Net on DOTA-CD reached 94.4% and 78.9%, respectively, which is highly
accurate for subsequent cloud image discrimination. At the same time, this paper finds
that Pu et al. also exhibit similar accuracy as PID-Net, but its lower speed is not suitable for
on-board object detection. Figure 12 illustrates the performance of PID-Net on DOTA-CD.
This paper observes that PID-Net is robust in recognizing thick clouds, but there may be
some omissions in identifying thin cloud areas, as evident in the fourth column. Although
this error has minimal impact on subsequent cloud image discrimination, it is crucial to
enhance the algorithm’s robustness for on-board detection. One way to achieve this is by
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expanding the sample database with actual data obtained from satellites, which will further
reduce such errors and improve algorithm performance.

Table 2. Pixel-based fine-tuning results of PID-Net in DOTA-CD.

Methods Accuracy,, (%) Recally, (%) Precisionp (%) F1-Score (%) 10U (%) FPS
CDNet 97.9 84.0 90.8 87.2 774 42
GCDB-Unet 97.1 81.6 84.6 83.1 71.0 109
Pu et al. 98.1 844 92.7 88.3 79.0 36
PID-Net (ours) 94.4 84.7 92.0 88.2 78.9 163

.’
 d

Figure 12. Cloud Detection Results of PID-Net in DOTA-CD. The first row contains original images,
the second row contains ground truths, and the third row contains cloud detection results.

d

3.3.3. Multi-Class Geospatial Object Detection Results in DOTA

To validate the effectiveness and reliability of our proposed MIOU loss-based YOLO
v7-Tiny with Truncated NMS for multi-class geospatial object detection, this paper conducts
comparisons with previous SOTA methods. The results are presented in Table 3. This
paper observes that two-stage object detection networks achieve high detection accuracy,
but their slow speed makes them unsuitable for deployment. Therefore, our focus was
on exploring one-stage object detection methods. The method proposed by Shen et al.
achieves a good balance between accuracy and speed. However, this paper notices that its
backbone network, CSPParkNet53, has a large model size and computational complexity.
According to Table 4, this paper finds that the parameters and FLOPs of Shen et al. are
about 8 and 10 times that of our method, respectively. Considering the hardware limitations
of inference devices and the time-consuming post-processing of object detection in practical
deployment scenarios, this paper aims to develop smaller and faster models.
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Table 3. Comparison with State-of-the-Arts in DOTA dataset for task2. Penultimate row means MIOU loss-based YOLO v7-Tiny with NMS. Last row means MIOU
loss-based YOLO v7-Tiny with TNMS. TNMS means Truncated NMS. Specifically, SCRNet++ comes in two versions, a two-stage method based on R3Det [53] and a
one-stage method based on RetinaNet [13]. There are 15 object categories: plane (PL), baseball diamond (BD), bridge (BR), ground track field (GTF), small vehicle
(SV), large vehicle (LV), ship (SH), tennis court (TC), basketball court (BC), storage tank (ST), soccer ball field (SBF), roundabout (RA), harbor (HA), swimming pool
(SP), and helicopter (HC). Except for FPS, all other measures are %.

Method Backbone PL BD BR GTF SAY LV SH TC BC ST SBF RA HA SP HC mAP FPS
Two-stage methods
FR-H [21] ResNet101 80.3 776 329 681 537 525 500 904 751 596 570 498 617 565 419 605 7
ICN [54] ResNet101 90.0 777 534 733 735 650 782 908 79.1 848 572 621 73.5 702 581 72.5 -
Yan et al. [55] ResNet101 886 802 532 670 763 726 841 90.7  81.0 762 571 66.7  84.1 664 569 72.7 1
SCRDet [56] ResNet101 90.2 81.9 55.3 73.3 72.1 77.7 78.1 90.9 82.4 86.4 64.5 63.5 75.8 78.2 60.1 754 -
FADet [57] ResNet101 902 786 519 752 736 713 814 909 839 848 589 657 769 794 682 75.4 -
SCRDet++ [14] ResNet101 900 823 619 686 696 812 788 909 863 851 65.1 61.1 777 807 643 76.2 -
AFF-Det [15] ResNet101 889 819 567 728 806 824 876 908 863 840 571 640 753 788 588 76.5 -
One-stage methods

YOLO v3 [8] DarkNet53 79.0 77.1 339 681 528 522 498 899 748 592 555 490 615 559 417  60.0 13
SBL [58] ResNet50 89.2 660 468 526 731 66.1 787 909 674 722 399 569 69.6 677 347 648 -
DSSD [59] Hour104 91.1 718 546 664 790 772 85 876 521 69.7 380 726 754 594 289 674 9
YOLO v4 [9] CSPDarkNet53 88.8 78.1 483 560 707 774 778 906 768  81.1 414 649 762 751 56.3 70.7 43
FMSSD [60] VGG16 89.1 815 482 679 692 736 769 907 87 733 527 675 724 806  60.2 724 16
EFR [61] VGG16 884 839 458 672 768 772 84 908  85.6 758 546 608 714 779 609 73.5 11
SCRDet++ ResNet152 879 846 569 680 747 788 785 908 8.6 8.0 536 568 767 751 62.8 74.4 -
ASSD [20] VGGI16 893 820 521 626 798 818 82 909 80 89 598 653 771 82.0 645 76.0 21
MIOU-based YOLO [32] CSPDarkNet53 889 825 571 60.0 812 8.2 80 905 842 870 502 638 812 806 641 76.3 55
Shen et al. [33] CSPDarkNet53 89.7 847 571 609 815 8.2 881 908 844 882 523 643 815 808 647 769 55

YOLO v7-Tiny [11] ELAN based 88.1 808 547 635 795 843 875 903 798 857 497 581 795 826 552 74.6 180

Our methods (YOLO v7 tiny based)
MIOUC ELAN based 88.1 813 543 651 798 843 877 903 787 856 491 630 803 804 594 752 180
MIOUC+TNMS ELAN based 89.3 821 547 656  80.1 844 877 908 790 871 504 644 803 805 60.1 75.8 180
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Table 4. Comparison of model sizes between Shen et al. based on CSPParkNet53 and MIOUC+TNMS
based YOLO v7-Tiny. Parameters represent number of parameters for the network. FLOPs represent
floating point operations of the network when input image size is 1024.

Methods Backbone Image Size Parameters (Mb) FLOPs (GFLOPS) mAP FPS
Shen et al. [33] CSPDarkNet53 1024 52.5 305.5 76.9 55
MIOUC+TNMS ELAN based 1024 6.0 33.7 75.8 180

Hence, this paper experiments with the leading object detection network, YOLO v7-
Tiny, and finds that it achieves an impressive FPS of 180, surpassing the 55 FPS achieved
by Shen et al. However, its mAP is only 74.6%. To bridge the accuracy gap, this paper
introduces the MIOU loss to YOLO v7-Tiny, which significantly improved the network’s
training effectiveness. Experimental results showed that the MIOU loss increased the mAP
by 0.6% without sacrificing inference speed. Furthermore, this paper applies Truncated
NMS to the coordinate mapping process after object detection to eliminate duplicate
detection boxes and noise boxes generated due to truncated targets on tile edges. Through
experiments, this paper observes a 0.6% improvement in mAP, validating the effectiveness
of this approach.

In conclusion, our proposed MIOU loss-based YOLO v7-Tiny with Truncated NMS
achieved a mAP of 75.8% and a speed of 180 FPS. Compared to previous SOTA methods,
it achieved a speed improvement of over three times while maintaining a negligible 1.1%
accuracy gap. This demonstrates our method’s superiority in satellite deployment scenarios.
Figure 13 showcases the detection results of our method on 1024 x 1024 tiles, demonstrating
effective detection across different object categories. Figure 14 presents the performance of
our method on large-scale remote sensing images. Thanks to Truncated NMS, the algorithm
effectively removes truncated object detection boxes caused by slicing. However, this paper
also observes some missed detections of small vehicles, indicating the need for further
improvement in the algorithm’s performance for small targets, especially when significant
scale differences exist in remote sensing targets.

3.3.4. Cloud Image Identification Results in DOTA-CD

Optical remote sensing satellites often face the challenge of dealing with a high pro-
portion of cloud data, which contains limited useful information. This issue has been a
persistent challenge for cloud image recognition and removal in optical remote sensing
satellites. However, in the context of on-board object detection, it is crucial to obtain images
that predominantly contain valuable ground information. To address this challenge, this
paper incorporates cloud image detection as a step in the on-board multi-class geospatial
object detection process, as outlined in Figure 10. Traditional methods such as the threshold
method [62] and ASM (angular second component) of gray level co-occurrence matrix [63],
have been commonly used to recognize cloud images based on grayscale and texture
information from the cloud layer. However, experimental results on the DOTA-CD dataset
have shown that these methods exhibit high miss rates. To overcome these limitations,
this paper validates the effectiveness of the deep learning algorithm PID-Net in pixel-level
cloud detection, as described in Section 3.3.2 of the paper. Leveraging the algorithm’s
high classification accuracy at the pixel level, this paper directly distinguishes the binary
image of cloud detection results. By determining the proportion of pixels classified as a
cloud within a tile, this paper can identify whether the tile represents a cloud image. The
experimental results presented in Table 5 demonstrate the effectiveness of our approach.
Specifically, our method achieved a False Alarm rate of 0, reduced the Miss Rate to 17.6%,
and increased the Accuracy; to 97.8%. This highlights the reliability and accuracy of our
pixel-level cloud detection technique, which successfully identifies and removes cloud
images during the on-board multi-class geospatial object detection process.
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Figure 13. Multi-class geospatial object detection results of MIOU loss-based YOLO v7-Tiny in image
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tiles of the DOTA dataset. The last three rows represent the colors of the boxes corresponding to
different classes.

Figure 14. Multi-class geospatial object detection results of MIOU loss-based YOLO v7-Tiny with
Truncated NMS in large scenarios on DOTA dataset. The colors of the boxes are the same as Figure 13.
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Table 5. Comparison of cloud image identification results with traditional methods in DOTA-CD.

Methods False Alarm (%) Miss Rate (%) Accuracy; (%)
Threshold 9.3 64.7 83.7
Threshold + ASM 7.6 64.7 85.2
PID-Net (ours) 0.0 17.6 97.8

To investigate the impact of different threshold ranges on the process of filtering cloud
images, this paper conducts ablation experiments, the results of which are presented in
Table 6. The purpose of these experiments was to determine the optimal threshold setting
that balances accuracy and false alarms. This paper observes that as this paper varies the
threshold, the Accuracy; metric reached its highest value when the threshold was set to
0.7. However, this setting resulted in a False Alarm rate of 1.7%, indicating that some tiles
containing valuable information were mistakenly identified as cloud images and excluded
from subsequent object detection tasks. On the other hand, a slight increase in the Miss Rate
only leads to a marginal increase in the time required for ineffective detections. Considering
practical applications, it is clear that the occurrence of false alarms is undesirable, as it
may result in the loss of valuable data. Therefore, this paper makes the decision to set the
threshold to 0.75, which strikes a balance between minimizing false alarms and maintaining
an acceptable Miss Rate. By setting the threshold at this level, this paper aims to ensure that
the majority of tiles containing useful information are included in the subsequent object
detection process, while still achieving a high level of accuracy in cloud image filtering.

Table 6. The effect of changes in the ranges of threshold on the process of filtering cloud images.

Threshold False Alarm (%) Miss Rate (%) Accuracy; (%)
0.65 2.5 0.0 97.8
0.70 1.7 0.0 98.5
0.75 0.0 17.6 97.8
0.80 0.0 35.3 95.6
0.85 0.0 76.5 90.4

3.4. Experimental Results on On-Board Operational Environment
3.4.1. Cloud Detection Results of PID-Net in AIR-CD

Upon deploying the trained cloud detection model to the on-board device, this pa-
per performes an evaluation of its performance, as presented in Table 7. Initially, when
utilizing the PyTorch library, the model exhibited comparable accuracy to the ground
device. However, due to hardware limitations on the deployed device, the inference speed
experienced a significant decrease. To address this issue, this paper proceeds to convert
the model to TensorRT, a framework specifically optimized for deployment on NVIDIA
devices. During the model conversion process, this paper explores different quantization
levels and observed their impact on both accuracy and speed. While INT8 quantization
achieved the highest level of quantization, it resulted in a substantial loss of accuracy.

Table 7. On-board cloud detection results of PID-Net in AIR-CD. The first line represents the inference
results on the PyTorch framework, while the second to fourth lines represent the inference results
after converting the Pytorch model into TensorRT models with different quantization levels.

Library Accuracy, (%) Recally, (%) Precisiony (%) F1-Score (%) I0U (%) FPS
PyTorch 98.6 94.9 89.1 91.9 85.0 44
TensorRT-FP32 98.6 94.7 89.4 91.9 85.1 43
TensorRT-FP16 98.6 94.7 89.3 91.9 85.1 121
TensorRT-INT8 914 91.5 50.1 64.8 47.9 188
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After careful consideration, this paper ultimately opts for the FP16 quantization model,
which strikes a balance between speed and accuracy. This choice allows us to leverage the
accelerated processing capabilities of the on-board device while maintaining a satisfactory
level of detection accuracy.

3.4.2. Multi-Class Geospatial Object Detection Results

As shown in Table 8, after deploying the trained object detection model to the on-board
equipment, this paper observes that utilizing TensorRT-FP16 optimization helped achieve a
balance between accuracy and speed. With a frame rate of 160 FPS, the on-board object
detection process operates at a reliable and efficient speed.

Table 8. On-board remote sensing object detection results of MIOU loss-based YOLO v7-Tiny
with TNMS in DOTA validation set. The first line represents the inference results on the PyTorch
framework, while the second to fourth lines represent the inference results after converting the
Pytorch model into TensorRT models with different quantization levels.

Library PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP FPS

PyTorch 963 781 528 663 689 863 922 958 71.0 920 626 680 806 729 678 76.8 60
TensorRT-FP32 963 779 536 654 690 861 923 964 703 920 622 680 806 725 699 768 615
TensorRT-FP16 963 779 534 656 689 861 923 964 707 920 624 680 806 724 698 769 160
TensorRT-INT8 698 461 320 206 380 506 678 8.0 461 769 455 541 383 18 79 456 212

3.4.3. Multi-Class Geospatial Object Detection Efficiency Analysis with Cloud
Detection Preprocessing

To investigate the impact of cloud detection preprocessing on on-board multi-class
geospatial object detection, this paper conducts calculations to determine the average
delay of cloud detection, object detection, and post-processing of object detection for
a single 1024 x 1024 tile. The results are summarized in Table 9. The post-processing
for object detection mainly includes generating target boxes, removing duplicates, and
saving detection results. The total delay for object detection, including post-processing, is
approximately five times longer than that of cloud detection. If a tile is determined to be free
from cloud coverage, an additional 1/5 of the time is required to perform cloud detection.
On the other hand, if a tile is identified as a cloud image, it only undergoes cloud detection,
resulting in a time savings of five times. Based on the International Satellite Cloud Climate
Project’s Flux Data (ISCCP-FD) dataset, the global average cloud coverage is estimated
to be around 2/3. Using this information, this paper can estimate that, compared to the
benchmark time for cloud detection, approximately 1/3 of the effective data will require an
additional round of cloud detection, taking one unit of time. Meanwhile, the remaining
2/3 of the data can be spared from object detection, resulting in a time savings of five units.
This significant reduction in on-board object detection time can be achieved. Additionally,
by avoiding the processing of 2/3 of redundant data, the need for downloading and
transmitting such data is eliminated, leading to cost savings in data transmission.

Table 9. On-Board Multi-Class Geospatial Object Detection Time consumption analysis.

Step Latency (ms)
Cloud detection 8.3
Object detection 6.3
Post processing 31.6

4. Discussion

This paper presents a comprehensive architecture for on-board multi-class geospatial
object detection, and its reliability has been thoroughly validated through both ground and
on-board experiments. Our future plan involves the application of this scheme to optical
remote sensing satellites to enable on-board object detection capabilities. At present, this
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paper successfully validates our algorithm framework in an on-board simulation system.
In the upcoming months, optical remote sensing satellites equipped with RGB cameras
and Al high computing power modules, incorporating our proposed algorithm, will be
launched. Figure 15 illustrates the on-board simulation system. In this system, the ground
station controls the satellite computer by sending commands. The satellite computer,
in turn, manages the data transmission module and Command Receiving and Sending
System (CRSS) through a Controller Area Network (CAN) protocol, based on the received
commands. The data transmission module transmits the captured camera data to the Field
Programmable Gate Array (FPGA) according to the satellite computer’s instructions. The
FPGA then transfers the data to the memory, where it awaits reading by the Al module. The
CRSS communicates with the Al module through a serial port, following the commands
issued by the satellite computer. Upon receiving the commands, the AI module reads
camera data from the memory via Peripheral Component Interconnect Express (PCIE). It
performs on-board object detection tasks on the acquired data and subsequently transmits
both the image data and detection results. Considering the differences between the actual
data captured by the satellite and the training samples, the satellite also incorporates an
upload function. Satellite-transmitted images are used to expand the sample library, and
the model is fine-tuned accordingly. The refined model is then uploaded to the satellite to
enhance the accuracy of on-board object detection.

Camera
A
l GTX
Data : .
e CAN Satellite
transmission > .
module P
3 1
l GTX CAN
FPGA CRSS
'Y
I PCIE
Serial port

Al module =

Figure 15. On-board simulation system. GTX means Gigabit Transceiver, CAN means Controller Area
Network, and FPGA means Field Programmable Gate Array. PCIE means Peripheral Component
Interconnect Express. CRSS means Command Receiving and Sending System. AI module means
Artificial Intelligence module.

5. Conclusions

In this paper, our main focus has been on addressing the practical challenges associated
with on-board object detection. This paper recognizes that on-board object detection
requires more than just efficient algorithms; it also necessitates careful consideration of
computing resource utilization and efficiency in handling large volumes of data, particularly
when a significant portion of that data may be irrelevant or contain no useful information.
To address these challenges, this paper puts forth a comprehensive on-board multi-class
geospatial object detection scheme, including image slicing, cloud detection, tile filtering,
object detection, noise box removal, and coordinate mapping. Among them, this paper
uses the deep convolutional neural network PID-Net with both accuracy and efficiency
to perform cloud detection and specifically judged the cloud detection results to remove
the cloud image, which saved a lot of computing resources for subsequent object detection
and also reduced the pressure of satellite data download. For object detection, coordinate
mapping, and noise box removal, this paper uses MIOU loss-based YOLO v7-Tiny with
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Truncated NMS, in which the MIOU loss improved accuracy without losing speed, and
Truncated NMS effectively removed duplicate boxes and truncated target boxes at tile
edges in the post-processing of detection results. This paper demonstrates the effectiveness
of the above scheme through experiments. Next, we will deploy the proposed algorithm to
the satellite and evaluate its performance based on the actual operation of the satellite. We
hope to further improve the efficiency and accuracy of the algorithm in the future.
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