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Accurate vessel detection and timely information extrac-
tion from optical remote sensing imagery are essential for
a wide range of maritime surveillance operations, both
civilian and defense-related. These operations include
vessel tracking, unauthorized fishing, illegal migration
monitoring, and search and rescue missions. Although ar-
tificial intelligence (AI) is a key component for achieving
reliable and accurate detection in satellite imagery, tra-
ditional AI-based remote sensing methodologies rely on
ground-based image processing. This dependence leads
to significant delays between data acquisition and the gen-
eration of actionable insights, which may hinder rapid
decision-making during critical maritime situations such
as sea disasters. To address this challenge, we propose a
novel hardware design based on the Microchip PolarFire
System-on-Chip for low-power and real-time vessel detec-
tion onboard spacecraft. Our design leverages Microchip’s
CoreVectorBlox, implemented on the programmable logic,
to accelerate the inference process of SR-YOLOv5s, an en-
hanced YOLOv5s-based object detection framework. This
detector incorporates a super-resolution backbone that al-
lows the extraction of fine details and features of small
targets of interest, thus improving detection accuracy. The
results confirm the effectiveness of our approach, show-
casing its potential as a solution to enable real-time alerts
in the maritime surveillance domain through Earth Ob-
servation (EO) image processing at the edge.

1 Introduction

Maritime monitoring and timely detection of signifi-
cant hazards, both natural and man-made, are crucial
for emergency management and the prevention of fur-
ther incidents at sea. Rapid and reliable information
empowers civil protection organizations and authori-
ties to promptly organize effective rescue operations,
potentially saving lives and reducing damages [1].
Maritime surveillance also plays a critical role in de-
tecting illegal activities like unregulated fishing or il-
legal immigration, allowing security forces to quickly
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respond and enforce justice [2]. Satellite remote sens-
ing (RS) through Earth Observation (EO) is invaluable
for efficiently monitoring global oceans, with sensors
on satellites capturing large areas with high spatial
and temporal resolution [3]. With the rapid advance-
ment in EO technology, a massive number of remote
sensing optical images are now available.

Recent advances in Deep Learning (DL) have signifi-
cantly boosted object detection (OD) in electro-optical
satellite imagery, outperforming traditional methods
and making it a key research area [4]. This technology
has achieved notable results in detecting ships and
vessels [5]. However, detecting small objects may be a
complex task due to the small size of targets and lim-
ited spatial resolution of the imagery, often leading to
minimal object pixelation and consequently poor fea-
ture extraction, unsatisfactory detection performance,
and frequent misidentifications. To address this is-
sue, researchers are exploring various strategies [6],
including super-resolution techniques that enhance
imagery beyond its native resolution to improve the
detection accuracy [7].

Despite the recent advancements in OD, generating
rapid alerts remains challenging due to traditional re-
mote sensing methods that depend on ground-based
image processing, resulting in delays between data ac-
quisition and the delivery of actionable insights. Lim-
ited down-link bandwidth and ground station avail-
ability impede rapid analytics. Consequently, there is
increasing interest in processing operations directly
onboard spacecraft to reduce latency and data band-
width needs, enabling near-real-time downlinks that
focus solely on critical actionable data, such as alerts
for vessel positions [8]. However, DL-based processing
often demands significant power consumption and ex-
tensive memory due to model complexity, presenting
challenges for space systems with strict resource con-
straints [9].

For ground applications, the advancement of AI
was enabled by the availability of high-performance
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GPUs. Due to their high power consumption, the use
of GPUs is limited in energy-sensitive applications
[10]. Newer power-efficient AI engines, like Embed-
ded GPUs and ASIC-based platforms, allow for low-
power inference at the edge with remarkable perfor-
mance [11]. Commercial off-the-shelf (COTS) devices
are cost-effective and significantly reduce develop-
ment costs for missions. However, they are built with
commercial silicon technology, which does not meet
the stringent radiation-tolerant requirements of more
demanding space missions [12]. FPGAs, instead, have
been adopted in space for several decades; moreover,
although in a very limited number, rad-hard space-
grade FPGAs are now available on the market and
are able to tolerate the space environment even in de-
manding missions, such as long-duration in GEO and
above.

Microchip recently presented the Radiation Toler-
ant (RT) PolarFire SoC [13], an innovative device that
integrates a real-time, Linux-capable, RISC-V based
microprocessor with RT PolarFire FPGA fabric. It
features a non-volatile flash-based technology that
makes this device more tolerant to radiation-induced
upset than SRAM-based devices [14]. The FPGA con-
tains a matrix of configurable blocks that can be cus-
tomized to perform specific computing tasks with
high flexibility, including inference. Compared to
other standalone AI solutions, the FPGA can be de-
signed to simultaneously host VHDL modules for sen-
sor interfacing and data handling functionalities, mak-
ing it particularly suitable for low-power remote sens-
ing applications. For deploying NNs on its devices, Mi-
crochip provides the CoreVectorBlox, an FPGA-based
hardware accelerator, tailored to speed up convolu-
tional layers. It is designed with an overlay architec-
ture that allows the deployment of different neural
networks onboard without the need to reconfigure the
programmable logic resources [14]. Techniques such
as pruning and quantization enable the efficient run-
ning of very deep NNs with high power efficiency and
no significant loss of accuracy [14] [15]. In addition,
the FPGA can be reprogrammed even in-flight, provid-
ing satellite operators with the ability to change pro-
cessing algorithms after a satellite has been launched.

In this paper, we first explore the application of
super-resolution (SR) techniques in the vessel detec-
tion task to improve detection accuracy on satellite
imagery. We introduce SR-YOLOv5s, an enhanced
YOLOv5s network [16] that incorporates a SR back-
bone, facilitating the extraction of fine details and
small objects. Subsequently, we explore the Microchip
VectorBlox SDK flow [17], a software development kit
provided by Microchip to deploy neural networks on
its FPGAs, through the CoreVectorBlox engine.

Finally, we deploy our model into Microchip’s Po-

Figure 1: SR-YOLOv5 Architecture.

larFire SoC device to evaluate its inference perfor-
mance, providing a benchmark with the embedded
NVIDIA Jetson Orin Nano GPU and NVIDIA A100
GPU, in terms of inference accuracy, speed, and power
consumption.

2 Methods

2.1 SR-YOLOv5s

OD enables the identification and localization of ob-
jects within an image by recognizing them from var-
ious classes and determining their boundaries with
bounding boxes. Since its introduction in 2015, the
YOLO (You Only Look Once) versions [18] have
rapidly grown, with YOLOv5 being one of the most
recent and widely used [19]. This detector allows solv-
ing classification and regression in a single pass, sig-
nificantly reduces the computational demand. The
model is available in a flexible range of sizes, and its
smaller variant (YOLOv5s), with 7.5 million parame-
ters, delivers impressive results thanks to its efficiency
and accuracy [20].

SR techniques aim to enhance the resolution and
visual quality of low-resolution (LR) images by recon-
structing fine spatial details. DL has shown remark-
able performance in SR tasks, surpassing traditional
fixed kernel-based methods [21]. The SRCNN [22]
is a pioneering deep learning model designed to en-
hance LR images by employing a fully convolutional
network that reconstructs high-resolution details us-
ing bicubic interpolated input. The Fast SRCNN [23]
improves the processing speed and enhances image
restoration quality. This model directly takes an LR
image as input and performs up-scaling at the final
stage using a deconvolutional layer.

We introduce SR-YOLOv5s, an advanced version of
the YOLOv5s object detector that integrates a super-
resolution (SR) backbone into its architecture. The
model reconstructs input image spatial details, sig-
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nificantly improving its object detection capabilities
without excessively increasing the inference time. The
SR backbone is based on the Fast SRCNN architec-
ture, but adopts the Rectified Linear Unit (ReLU) acti-
vation function and performs additional convolution
and pixel-shuffle operations for maps aggregation and
SR image reconstruction.

2.2 Dataset and Training Details

We developed a custom dataset from ShipRSImageNet
[24], designed for ship detection in high-resolution
(HR) optical remote sensing imagery. It consists of
3,435 RGB images from various sensors, satellite plat-
forms, locations, and seasons. To create HR ground
truth images for the SR backbone’s training and eval-
uation, we resized the original images to 416x416x3
while preserving the aspect ratio. We generated low-
resolution (LR) inputs (208x208x3) by applying a
downsampling operation, which involved convolving
the HR images with a Gaussian Filter [25]. Focusing
exclusively on the ’ship’ class, we adjusted the bound-
ing boxes to accommodate the new dimensions. The
dataset is allocated as follows: 80% for training, 15 %
for validation, and 5% for testing.

Training, validation, and testing were conducted us-
ing the NVIDIA A100 GPU, available on the cloud-
computing platform Google Colab. In more detail, we
first tuned the SR Backbone’s weights for a total of
150 epochs, following no observed improvement in
the Mean Square Error (MSE) loss function. Finally,
by applying transfer learning to the backbone, we sub-
sequently trained the entire SR-YOLOv5s model for a
total of 150 epochs, following the training specifica-
tions described by the authors of YOLOv5.

2.3 PolarFire SoC Deployment

The CoreVectorBlox is an FPGA coprocessor featuring
a soft RISC-V microcontroller, VectorBloxMXP vector
processor, and a 2D processing element grid for con-
volutional layers [26]. It offers various size configura-
tions to balance FPGA utilization and performance.
Our design utilizes the V1000 configuration for opti-
mal parallel computation. The VectorBlox SDK trans-
lates neural network frameworks into a Binary Large
Object (BLOB) [27], which is loaded into flash mem-
ory accessible by the core memory-mapped master.
This core reads the BLOB and network inputs from
memory, transfers them to DDR memory, processes
the network, and outputs the results to a buffer. The
inference process is managed by the hard-core RISC-
V processor within the SoC, under the supervision of
a Linux-based OS that controls, through application
software, the data flow and manages the AI engine.

Figure 2: CoreVectorBlox-based Hardware Design

Figure 3: VectorBloxSDK Flow

Figure 2 illustrates the overall hardware design. Hard-
ware validation is conducted using the Microchip Po-
larFire SoC Video Kit, a development board designed
for vision-based applications and equipped with the
PolarFire MPFS250TS. The entire design requires a
total of 72% of the available logical elements (LEs),
of which about 70% is allocated to implementing the
functionalities of the CoreVectorBlox.

The architecture of YOLOv5s, which forms the SR-
YOLOv5s network, has been modified by replacing the
SiLU activation function with ReLU to make it com-
patible with VectorBlox SDK. Figure 3 shows the tool
flow for generating a BLOB from a neural network
model description. Initially, the SR-YOLOv5 model de-
scribed in Pytorch is converted to ONNX format. The
VectorBlox SDK optimizer then transforms the ONNX
model into an intermediate representation (IR), re-
moving layers like batch normalization and dropout,
which are used only during training. The model is
further optimized by converting from 32-bit floating-
point (FP32) to 8-bit integer (INT8) precision. This
quantization utilizes dynamic fixed-point quantiza-
tion, which achieves memory efficiency with minimal
precision loss.

3 Results

We evaluate the super-resolution capabilities of the
SR Backbone on a test set using two prevalent SR
metrics: Peak Signal to Noise Ratio (PSNR) and Struc-
tural Similarity Index (SSIM) [28]. Despite having sig-
nificantly fewer parameters (98% less than the En-
hanced Deep Residual Network (EDRN) [29]), the
SR Backbone exhibits marginally lower performance
compared to other models such as SRCNN, Fast SR-
CNN, and EDRN, the latter representing a state-of-
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the-art model for the single image super-resolution
task. Designed for compactness and computational ef-
ficiency, the SR Backbone minimally impacts the over-
all computational load of the SR-YOLOv5s algorithm.
Table 1 details the performance comparison between
the models.

Model Param. PSNR SSIM

SRCNN 20.099 31.668 0.880
Fast SRCNN 24.683 31.978 0.889

EDRN 1.395.788 32.79 0.898
SR BackBone 16.960 30.64 0.884

Table 1: Super Resolution Results

Table 2 compares the detection performance of orig-
inal YOLOv5s on low-resolution and high-resolution
datasets using COCO metrics, including mAP 50
and mAP 50:95. It also presents the accuracy val-
ues achieved by the YOLOv5s architecture with ReLU
activation, and the performance obtained by our SR-
YOLOv5s network.

Model Input Size Param. mAP50 mAP50:95

YOLOv5s
Original

208 7.012.822 0.836 0.590

YOLOv5s
Original

416 7.012.822 0.935 0.792

YOLOv5s
ReLU

416 7.012.822 0.920 0.761

SR-YOLOv5s 208 7.029.782 0.909 0.746

Table 2: Vessel Detection Accuracy

The original YOLOv5s demonstrates superior ob-
ject detection capability, but its performance de-
clines with decreasing input resolution, specifically
at high IoU thresholds. This result confirms that de-
tecting small objects is more challenging at lower
spatial resolutions. However, integrating the super-
resolution backbone enhances YOLOv5s’ detection
performance on low-resolution images by 26.4%.
Using SR-YOLOv5s, the detection accuracy for low-
resolution images closely matches that of the original
model, with only a slight decrease in mAP. Modify-
ing the SiLU activation function in ReLU results in a
minimal mAP reduction.

Table 3 compares the performance of SR-YOLOv5s
deployed on the Embedded GPU Jetson Orin Nano,
NVIDIA GPU A100, and SoC PolarFire. The table

Device Precision mAP50
Inference

Speed
Avg. Power

Consumption
Avg. Energy

Consumption

A100 FP32 0.909 10.92 ms ~ 53.04 W
~ 579.2

mJ/frame
Jetson

Orin Nano
FP32 0.909 31.84 ms ~ 9.6 W

~ 305.7
mJ/frame

PolarFire
SoC

INT-8 0.810 85 ms ~ 2.46 W
~ 209.1

mJ/frame

Table 3: AI Engines Comparative Performance Analysis

Figure 4: SR-YOLOv5 vessel detection

focuses on accuracy, inference speed, and estimated
power and energy consumption.

Despite the quantization process, detection results
on the test set closely match those with full preci-
sion with a slight drop in accuracy. The quantized
network operates at approximately 12 fps but with sig-
nificantly lower power consumption compared to the
A100 GPU and the embedded Jetson Orin Nano GPU.
GPUs typically operate at very high clock frequencies,
1-2 GHz or higher, enabling several operations per
second. They are optimized for floating-point opera-
tions, with many parallel processing units and high-
bandwidth memory, though at the cost of increased
power consumption. In contrast, FPGAs operate at
lower clock frequencies. Our FPGA design includes
two clocks for the CoreVectorBlox: a system clock and
a double-frequency clock for the internal math blocks
and LSRAM of 125 MHz and 250 MHz, respectively.
Despite reducing model complexity through quanti-
zation and configuring the programmable logic to ac-
celerate neural networks, the lower clock frequency
limits the number of operations per timeframe, result-
ing in longer inference times. However, the PolarFire
SoC’s low power consumption still ensures lower en-
ergy use per frame compared to the GPUs.

Figure 4 shows the vessel detection performed by
SR-YOLOv5s on the PolarFire SoC.

4 Discussion

In this paper, we introduce the SR-YOLOv5s object de-
tection algorithm, enhancing YOLOv5s’ accuracy for

Proceedings of the 1st SPAICE Conference on AI in and for Space | Pages 156 - 161 DOI: 10.5281/zenodo.13885547

© 2024 Authors of this article as listed on page 156.
This work is openly licensed via CC BY 4.0.

159



detecting small vessels in remote sensing images. The
original model exhibits different detection results for
two images with the same objects and features but
different sizes. Integrating an SR backbone into the
YOLOv5s architecture, we improve feature extraction,
and small vessel detection with minimal impact on de-
tection speed. Additionally, we evaluated the benefits
of an FPGA-based architecture for accelerating CNN
inference, offering a balanced trade-off between in-
ference time, accuracy, and power consumption, suit-
able for edge computing. The VectorBlox SDK and
CoreVectorBlox IP offer a user-friendly and flexible
method for deploying neural networks on the pro-
grammable logic of PolarFire SoCs. Furthermore, the
latest RT SoC PolarFire provides a valuable solution
for deploying AI applications in space, even for mis-
sions requiring high reliability in the space environ-
ment, making these devices efficient processors for AI
deployment onboard spacecraft.
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