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Our research introduces a novel method to identifying floating garbage debris using deep learning and High
Performance Edge Computing (HPEC). We utilize a convolutional neural network (CNN) to classify debris from
images captured by an RGB camera on a vessel, aiming for high accuracy and efficiency on low-power devices.

Energy efficiency
Floating garbage debris recognition

We conducted a comparative analysis of various models, implementing optimization techniques like transfer
learning and pruning. Each model was evaluated for accuracy, inference time, and energy consumption, leading

us to develop a multi-objective function to determine the best approach.

Our findings show that the proposed method effectively detects and classifies floating debris on desktop
GPUs and low-power devices such as the Jetson Nano. Furthermore, it maintains accuracy by optimizing
memory and computational power requirements while adapting to different energy needs.

These advancements can enhance the capacity to combat marine plastic pollution and promote intelligent
systems integration within environmental initiatives. They facilitate precise, real-time detection of floating
debris on energy-constrained edge platforms, thereby effectively addressing deployment challenges in marine

environments.

1. Introduction

The issue of marine litter represents a significant environmental
challenge that inflicts severe damage on marine ecosystems. Nearly 8
million tons of plastic waste are deposited annually into the ocean,
and this figure continues to rise [1]. The sources of marine litter
are diverse, encompassing land runoff, maritime activities, and fishing
practices, all of which have detrimental effects on marine life. Marine
organisms can become entangled in debris, ingest, or suffer from toxic
exposure. Furthermore, coral reefs and other marine habitats also face
degradation due to marine debris.

Several methods exist for monitoring marine litter, including remote
sensing. This technique utilizes satellites, aircraft, or drones to gather
data about the Earth’s surface and identify ocean debris, even in remote
areas [2]. By employing specialized sensors like Synthetic Aperture
Radar (SAR), it can effectively track large volumes of plastic in the
oceans [3]. However, it is unsuited for detecting individual float-
ing debris and poses specific computational challenges [4]. Tracking
individual objects aids in understanding the sources and pathways
of marine pollution, identifying and mitigating associated hazards to
coastal ecosystems, such as the transfer of harmful chemicals and
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pollutants, and enhancing the quality of coastal recreational activ-
ities. Indeed, remote sensing monitoring of oceanic litter does not
significantly impact the health of coastal regions, home to a substan-
tial portion of the global population and essential to the worldwide
economy.

Thanks to data crowdsourcing [5] efforts, now citizens on their boats
can implement an automatic tool to identify and track single pieces of
floating garbage debris using an Edge Computing platform [6].

Recent advancements in computing technology have led to the
development of devices that integrate multi-core CPUs, GPU-based
parallel architectures, and microcontrollers for sensor management,
all on a single board. These devices can serve as High-Performance
Edge Computing (HPEC) platforms, enabling the implementation of
remote Machine Learning (ML) and Deep Learning (DL) algorithms to
process images from sea cameras, even aboard vessels without network
connectivity in navigation. However, creating applications for these
devices is challenging, as it requires finding the right balance between
high performance and low power consumption [7,8].

In recent years, advanced DL techniques have profoundly trans-
formed the fields of image processing and classification. Among these
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methods, Convolutional Neural Networks (CNNs) have demonstrated
particular effectiveness in analyzing standard optical, RGB, and infrared
(IR) images. These networks adeptly perform various tasks, including
object detection, classification, and semantic segmentation [9-11]. By
training a CNN on a labeled image dataset, we can accurately distin-
guish between sea camera images containing litter and those that do
not. This capability can be effectively employed on an HPEC device
on board a vessel, offering valuable insights into the prevalence of
floating debris and aiding the development of more effective strategies
for locating and removing it. However, recent deep learning-based
studies for marine waste detection rely on high-power GPU platforms
and seldom address the constraints of real-time edge deployment, such
as power consumption, memory footprint, and processing latency.

This work addresses these limitations. More precisely, innovative
contributions in this paper are:

we introduce a novel approach that directly combines High-
Performance Edge Computing with lightweight Convolutional
Neural Networks optimized for inference speed and energy ef-
ficiency. Our method enables real-time floating debris classifi-
cation using RGB imagery from vessel-mounted cameras during
navigation;

we select an appropriate HPEC platform and leverage its features
by applying transfer learning and pruning techniques;

we tailor the CNN model through a newly defined multi-objective
selection metric to balance accuracy, speed, and energy use—
three critical constraints for autonomous, field-deployable sys-
tems;

we present through experimental evaluation of the effectiveness
of our approach concerning the state of the art.

Section 2 explores related work, explaining the diverse sources of
marine debris, their spectral and thermal properties, remote sensing
techniques, and deep learning-based methods for detecting and clas-
sifying floating waste. It also mentions the limitations of such works
and how our approach aims to address them.

Section 3 presents the dataset employed for training and testing
the CNN, the choices made for dataset optimization, the definition
of the CNN architecture, how we divided the dataset into training,
validation, and test sets, and the utilization of transfer learning and
pruning techniques to enhance CNN performance.

Section 4 describes the computational environment chosen for the
project and introduces the methodology we used to identify the best
models in an Edge Computing environment.

Section 5 delves into the results of the experiments. It shows and
discusses the inference times of the models on the hardware platforms,
including an RTX3060Ti GPU and the Jetson Nano at two power levels
(10 W and 5 W).

Finally, Section 6 summarizes the project’s objectives, original con-
tributions, encountered limitations and challenges, and potential future
development prospects. It emphasizes the critical role of innovative
solutions based on deep learning and edge computing in tackling
marine plastic pollution.

2. Related work

The identification of plastics in the ocean is possible through the
utilization of spectral reflectance [12]. The remote sensing process
involves measuring the environment and objects through electromag-
netic radiation. To characterize terrestrial surfaces, one can rely on
the Visible, Shortwave Infrared (SWIR), and Thermal Infrared (TIR)
spectra. These spectra derive from a combination of energy emitted by
the Earth, energy reflected by the sun, and energy from devices like
microwave generators.

Research has delved into the spectral reflectance of marine
macroplastics using visible and SWIR ranges to enhance remote sens-
ing technologies in detecting plastic waste [13]. Spectral bands in
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the visible and SWIR range are essential in recognizing wet plastic,
representing a typical situation in natural aquatic environments. By
examining spectral signatures of water-borne garbage debris [14],
various materials in marine waste can be distinguished and identified,
thus streamlining the classification of plastic waste. Nonetheless, the
hurdles to overcome include developing algorithms to differentiate
plastic waste from other materials and obtaining a high-resolution
dataset.

Remote sensing using thermal infrared radiation (TIR) has the po-
tential to detect marine plastic waste, but it has received less attention
than visible and shortwave infrared wavelengths. In [15], the authors
point out that TIR signals are highly responsive to temperature dif-
ferences between the water surface and its surroundings. Mapping
techniques that utilize sea surface temperatures (SSTs) and 2-m air
temperatures (t2m) demonstrate TIR’s efficacy in regions with no-
table temperature disparities. However, certain obstacles exist, such
as temperature fluctuations due to wind and waves, and the need to
incorporate TIR with other technologies to improve accuracy.

Recent scientific studies have demonstrated the potential of deep
learning-based techniques in detecting plastic pollution in water bodies
such as rivers [16] and oceans [17]. These techniques exhibit the ability
to differentiate between various categories of waste and enhance the
precision of monitoring marine plastic waste floating on the surface.
Nonetheless, there is a need to further augment the datasets employed
in such research, fine-tune algorithms, and select models that align
with hardware architecture. In addition to the cited works, a recent
review article collects a comprehensive list of over 100 contributions on
the topic [18]. In all these cases, the authors give particular emphasis
to the aspects of accuracy and efficiency. They give little or scarce
attention to energy consumption issues, particularly challenging for
low-power devices often powered by a battery. As already mentioned in
the introduction, in this contribution, we intend to address this aspect
that, in our opinion, has been poorly addressed in other works.

3. DL models for edge computing

After opting to employ Convolutional Neural Networks to detect
floating garbage debris, the main challenge was identifying suitable
models that function effectively within the constraints of a low-power
and limited-resources edge computing device. Three key requirements
emerged:

* Reduced number of parameters: The models needed to be
lightweight, with a limited number of parameters, to ensure
optimal performance on a low-power device.

+ Accuracy preservation: Maintaining satisfactory accuracy in the
analysis was essential, even with the reduced number of parame-
ters.

» Computational efficiency: The models had to be efficient and
capable of quick inference on edge computing device, thereby
minimizing processing times.

Our strategy involved selecting efficient CNN architectures, utilizing
transfer learning from CNN models pre-trained on image datasets sim-
ilar to ours, analyzing and augmenting the training dataset to enhance
accuracy, and tentatively pruning the model to reduce the number of
parameters.

To identify the most effective resolution strategy for our recognition
problem, we systematically evaluated each identified model using a
range of parameters and methods.

Initially, we established a reliable dataset partition to minimize
biases in the randomization process. Subsequently, we evaluated the
effectiveness of transfer learning by measuring the reduction in pa-
rameters, early stopping training by assessing the training loss and the
number of epochs, and pruning strategies by measuring the energy
consumption and inference time.
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3.1. Choice of CNN architectures

Following the approach of evaluating various pre-trained models
for transfer learning [19], we began by focusing on the deep learning
platform. We aimed to select a programming language with a clear and
concise syntax, facilitating rapid development and experimentation. It
was also essential for the language to be optimized for GPU utilization,
as this significantly enhances both the training and inference phases of
complex deep learning models. Additionally, we sought a language sup-
ported by a large and active community of developers and researchers.
Consequently, we opted for the PyTorch open-source library for deep
learning, built on Python and the Torch library [20]. Compared to
other open source environments for deep learning such as Keras and
Tensorflow, for our application we have chosen the PyTorch library for
its flexibility features that allow rapid development of prototypes, for
its wide diffusion in the scientific community and because it represents
a good compromise between efficiency and resource consumption, a
key aspect in edge computing applications [21].

In the initial phase, we selected the following CNN models for
evaluation:

» MobileNetV2 [22] is a lightweight and efficient CNN architecture
designed for mobile and embedded devices. It is known for its
balance of accuracy and computational efficiency, making it a
popular choice for applications where resource constraints are a
concern.

MobileNetV3 (Small and Large) [23] is an improved version of
MobileNetV2, available in two variants: Small and Large. Both
variants offer enhanced performance compared to MobileNetV2
while maintaining their focus on resource efficiency. The Small
variant is particularly suitable for devices with limited resources,
while the Large variant provides higher accuracy at the cost of
increased complexity.

ShuffleNetV2 [24] utilizes the “shuffle” concept to reduce com-
putational cost without sacrificing significant accuracy, making it
suitable for resource-constrained environments.

SqueezeNetl.1 [25] is a highly compact architecture that mini-
mizes the number of parameters without sacrificing performance.
Version 1.1 represents an even more efficient iteration compared
to the original version.

EfficientNet (BO and B1) [26] is a family of CNN models that
balances computational efficiency and performance. BO and Bl
are two available sizes, with BO being the lightest and B1 offering
slightly better performance.

ResNet (18, 34, 50) [27] is a family of CNN models known for
using residual blocks, which help alleviate the vanishing gradient
problem during the training of deep neural networks. ResNet-18
is the most lightweight variant, while ResNet-50 offers the highest
accuracy but with increased complexity.

VGG (11, 16, 19) [28] is a family that has a very deep and uniform
architecture. While offering high accuracy, VGG models can be
computationally expensive. The variants listed here represent
different depths within the VGG family.

We chose these models based on their reputation for accuracy,
efficiency, and suitability for resource-constrained devices. Later, we
will evaluate them to identify the best balance between performance
and computational requirements.

Given the limited computational power of edge computing devices,
we opted to decouple the more computationally intensive model train-
ing from the inference process. For optimal efficiency in the first step
(described in this section), we utilized a workstation featuring an AMD
Ryzen 7 3700X CPU, 32 GB of RAM, and an RTX 3060 Ti GPU. In addi-
tion, this setup included CUDA 11.7, Python 3.10.6, PyTorch 2.0.0, and
TorchVision 0.15.1 for initial optimization, training, and evaluation of
the models. Following this, we assessed the most promising solutions
for the low-power device used in our study, described in the following
Section 5.
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Fig. 1. A tin can image before and after augmentation.

3.2. Training dataset construction

We focused on the dataset produced by The Ocean Cleanup, an
organization committed to developing technologies for removing plas-
tic pollution from the oceans, in collaboration with Kili Technology, a
data labeling platform [29]. The dataset focuses on images of floating
debris on rivers and contains 4000 images with an average resolution
of 1280 x 720 pixels. Each image depicts objects protruding from
the background, each labeled with a bounding box. Subsequently, we
extracted these pre-selected objects from the original image and saved
them at a resolution of 200 x 200 pixels. This cropping process con-
centrates on the objects of interest, improving the quality and clarity
of the images.

The original dataset comprised four categories: plastic bottles, plas-
tic bags, other plastic waste, and non-plastic waste. To improve classi-
fication precision and reduce noise within these categories, we refined
the dataset into five distinct classes to more effectively differentiate
between various types of waste: (a) Containers, (b) Plastic bags, (c)
Plastic bottles, (d) Tin cans, and (e) Unknown.

We initially applied random affine transformations to the dataset to
enhance the CNN’s performance. The transformations included rotation
and shear, generating new data variations and increasing diversity in
fewer classes.

The dataset analysis revealed that water in the background signifi-
cantly hampers the recognition of transparent bags. We implemented
data augmentation techniques to tackle this issue and create new
synthetic data from the existing dataset. Specifically, we combined the
Unsharp Mask and Detail image filters from the Pillow Python library
to enhance image sharpness.

The first transformation applies a Gaussian blur to a duplicate of the
original image, which is then compared to the original. If the detected
difference between the two images exceeds a threshold value, the filter
effectively subtracts the images, enhancing the details. The second filter
employs a 2D convolution to highlight objects’ contours and details.

Fig. 1 illustrates the application of these transformations to a tin
can, demonstrating improved visibility and affine rotation.

To test the choice of the augmentation strategies described above,
we measured accuracy using the ResNet-50 model, the deepest and
most complex among the previously selected ones. In Fig. 2, we can
notice how the introduction of additional augmentation strategies im-
proved the accuracy of the prediction. We expected similar behavior
using other models, so we used the same augmented dataset for all the
following testing.

3.3. Dataset partitioning

We adopted a specific dataset partitioning strategy to optimize
classification performance and standardize the evaluation results of our
models. We provided each model with three distinct subsets of the
dataset: training, validation, and testing. To address this challenge, we
employed a random data-splitting approach.
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Fig. 2. Measured accuracy on ResNet-50 with four cases of augmentation strategies:
1 - Original classes, no augmentation; 2 - New five classes; 3 - Addition of affine
transformed images; 4 - Addition of contour highlighting.

Since we needed to conduct ten separate tests on models for later
analysis, we generated ten identical copies of the entire dataset, each
stored in its folder. Each folder was then randomly divided into three
subsets in the following proportions: 70% for training, 20% for valida-
tion, and 10% for testing.

This procedure yielded 30 unique folds of the dataset, each repre-
senting a portion designated for training, validation, or testing.

We monitored various evaluation metrics, including accuracy and
F1 score, during the training process. The F1 score is a metric that
considers both precision and recall, and it is beneficial for evaluating
the performance of a classification model in a balanced manner:

Fl— 2 - precision - recall
precision + recall

By analyzing the F1 score obtained across the ten tests performed for
each model, we could assess the performance of convolutional neural
networks on different data splits.

Next, we analyzed the model’s performance for individual classes
by calculating each class’s minimum, maximum, and mean F1 scores
across all data splits. After obtaining these values, we calculated the
average F1 score for each class across all models and datasets. This av-
erage score illustrates how a single data split affected the performance
of all models.

Finally, we compared the average F1 scores by class for each dataset
split (see Table 1) with the overall averages of the individual classes.
We aimed to identify the dataset split that produced the most reliable
performance across all classes. Conversely, if we selected the dataset
split closest to the maximum F1 score of the individual classes, it could
result in a split with fewer representative images in the testing dataset.

3.4. Transfer learning with pre-trained CNNs

Our study used various strategies to optimize the models for our
HPEC context. One of the primary strategies we adopted was us-
ing pre-trained networks, which helped us improve our performance
results.

After identifying suitable CNN models, we implemented transfer
learning [30] to leverage pre-trained weights for image classification.
This approach offers several advantages. Firstly, it eliminates the need
for extensive training from scratch, saving significant computational
resources and time. Training a complex CNN model on a large dataset
like ImageNet [31], which we used in this study, can be resource-
intensive. Transfer learning allows us to bypass this initial training
phase and utilize the knowledge encoded in the pre-trained weights.

Secondly, pre-trained models have already learned to recognize
general image features such as edges, shapes, and textures, enabling

Future Generation Computer Systems 174 (2026) 108000

them to accurately classify all categories in the ImageNet dataset. This
foundational knowledge can be effectively transferred to our case study,
even if our dataset is smaller, enhancing the model’s ability to learn and
generalize, especially when working with limited data.

Furthermore, reducing the number of parameters in a machine
learning model can lead to several advantages, particularly regarding
performance and efficiency. Fewer parameters occupy less memory and
reduce the computational burden, which, in turn, lowers the energy
consumption of the models. A model with too many parameters may
overfit the training data, making it difficult to generalize to new data.
By concentrating on essential parameters, the model can focus on the
most relevant features, becoming less susceptible to noise and varia-
tions in the input data. This reduction in model complexity enhances
generalization abilities, helps prevent overfitting, and maintains high
performance even on new or slightly different data.

A lower parameter count reduces computational complexity, min-
imizing resource requirements during model inference. This results in
faster inference times and lower resource demands, which is crucial in
our HPEC context.

We utilized transfer learning techniques to harness the knowledge
acquired from pre-trained models and adapt it to the specific classes
and data relevant to our problem. This process involves fine-tuning
the pre-trained model to suit our needs, emphasizing the final layer,
primarily responsible for assigning class probabilities to input images.

To align with our dataset, we modified this final layer, as our case
requires the classification of five distinct categories. Consequently, we
adjusted the final layer to generate a five-dimensional output. The pre-
trained weights in the earlier layers of the model were frozen, meaning
their values remained unchanged during training. This strategy helps
preserve the valuable general image features learned from the extensive
pre-training dataset. Ultimately, the modified final layer effectively
classified our specific task.

Table 2 displays the results obtained after implementing transfer
learning. The models exhibited a notable reduction in the number of
parameters and the corresponding memory usage compared to those
that did not utilize transfer learning.

3.5. Early stopping in training

After implementing transfer learning on the selected dataset, we
retrained the networks for a maximum of 200 epochs. We utilized
an early stopping criterion during training to mitigate overfitting and
minimize unnecessary computational costs.

Early stopping is a monitoring technique that tracks the model’s
performance throughout training. A counter increments each time the
model’s performance fails to improve by at least 1% compared to the
previous epoch. This counter continues to increase for each successive
epoch without improvement, capped at a maximum of ten consecutive
increments.

When the counter reaches this limit, training halts. However, if
performance improves during the monitoring phase, the counter resets,
and training continues. This cycle of monitoring and training persists
until the model has either completed the maximum of 200 training
epochs or training terminates otherwise.

This approach effectively curtails unnecessary overfitting by stop-
ping the training process once substantial performance gains diminish,
thereby saving computational resources.

As depicted in Fig. 3, some models, such as EfficientNetBl and
MobileNet v3 Large, took longer to satisfy our Early Stopping criterion,
even though they achieved a lower final validation loss with minimal
fluctuations. In contrast, other models, including ResNet34 and VGG19,
exhibited more significant oscillations and had a higher final loss.
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Table 1
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The upper rows show the average F1 scores by classes among the different models for each dataset
split. The last three rows show each class’s minimum, average, and maximum values of the above F1

scores.

CONTAINERS PLASTIC_BAG PLASTIC_BOTTLE TIN_CAN UNKNOWN
Dataset 1 0.9096857 0.8866810 0.9221571 0.8381000 0.8857762
Dataset 2 0.9149333 0.8838429 0.9211333 0.8400667 0.8878667
Dataset 3 0.9113000 0.8845048 0.9229095 0.8463952 0.8793571
Dataset 4 0.9122286 0.8899238 0.9248143 0.8568619 0.8911429
Dataset 5 0.9170952 0.8897571 0.9266762 0.8479952 0.8853619
Dataset 6 0.9073667 0.8818571 0.9216952 0.8426190 0.8807143
Dataset 7 0.9033190 0.8796905 0.9174762 0.8304571 0.8754524
Dataset 8 0.9023524 0.8748476 0.9201714 0.8337190 0.8720429
Dataset 9 0.9116524 0.8879381 0.9255190 0.8490333 0.8877095
Dataset 10 0.9036905 0.8796286 0.9171095 0.8284048 0.8775714
Min 0.9023524 0.8748476 0.9171095 0.8284048 0.8720429
Avg 0.9093624 0.8838671 0.9219662 0.8413652 0.8822995
Max 0.9170952 0.8899238 0.9266762 0.8568619 0.8911429

Table 2

Ordered list of models by reduction in parameters and memory footprint. For each model: number of parameters and its
corresponding size in memory in MB, with and without Transfer Learning (TL), with relative reduction percentage.

Model Total params Params size (MB)
Without TL With TL Reduc. Without TL With TL Reduc.

SqueezeNet1.1 1.235.496 725.061 —41,31% 4,71 2,77 —41,19%
MobileNet v3 Small 2.542.856 1.522.981 —40,11% 9,70 5,81 —40,10%
MobileNet v2 3.504.872 2.230.277 -36,37% 13,37 8,51 —-36,35%
ShuffleNet v2 x2.0 7.393.996 5.355.241 -27,57% 28,21 20,43 —27,58%
EfficientNet BO 5.288.548 4.013.953 —24,10% 20,17 15,31 —25,57%
MobileNet v3 Large 5.483.032 4.208.437 —23,25% 20,92 16,05 —23,28%
EfficientNet Bl 7.794.184 6.519.589 -16,35% 29,73 24,87 -16,35%
ResNet50 25.557.032 23.518.277 -7,97% 97,49 89,72 -7,97%
ResNet18 11.689.512 11.179.077 —4,37% 44,59 42,64 —4,37%
VGG11 132.863.336 128.786.821 -3,07% 506,83 491,28 -3,07%
VGG16 138.357.544 134.281.029 —2,95% 527,79 512,24 —2,95%
VGG19 143.667.240 139.590.725 —2,84% 548,05 532,5 —2,84%
ResNet34 21.797.672 21.287.237 -2,34% 83,15 81,2 -2,35%

3.6. Pruning optimization

We also examined model pruning [32] as an optimization technique.
Pruning involves the selective removal of the least significant weights
from a neural network, thereby reducing the overall number of pa-
rameters. This approach can substantially lower resource consumption
regarding memory and computational power. However, the effective-
ness of pruning may vary depending on the specific use case and the
hardware employed.

To identify the least significant weights, we utilized criteria such
as absolute value and sensitivity to changes in output. We employed
the prune.L1Unstructured utility in PyTorch, which prunes (un-
pruned) units in a tensor by zeroing out those with the lowest L1-norm.

In this analysis, we present the results of testing conducted on
the VGG16 model to assess its impact on inference time and energy
consumption. Our conclusions align with those drawn from the other
models we investigated.

Fig. 4 illustrates the differences in inference energy consumption
between the original and pruned models on the RTX 3060 Ti GPU
platform. The blue line depicts the power consumption of the original
model, while the orange line represents the pruned model. Notably,
the orange line consistently demonstrates a lower average power con-
sumption, approximately 20 W less than the original model’s blue line.
Specifically, the original model has an average power consumption of
130 W, whereas the pruned model consumes 110 W.

The inference process using the original VGG16 model terminated
in about 11 s. In contrast, the pruned model continued processing,
resulting in a longer execution time and higher energy consumption.
The original model’s inference consumed 1313.766 J, while the pruned
model consumed 2995.512 J.

We also applied random and structured pruning techniques
to the models wusing corresponding PyTorch utilities:
prune.RandomUnstructured, which prunes units in a tensor at
random, and prune .LnStructured with n = 2, which prunes entire
tensor channels based on their L,-norm.

However, the results were comparable to those achieved through
unstructured pruning. When the pruning percentage was below 50%,
we did not observe significant changes in the outcomes. Fig. 5 presents
a comparison of these three techniques. These findings made us recon-
sider the exploration of custom pruning techniques, as energy consump-
tion and execution time were equivalent across all three methods.

After thoroughly evaluating all the models using the three pruning
techniques, we ultimately concluded that their application did not
benefit our specific Edge Computing case. Although pruning techniques
could induce savings in terms of memory footprint and reduce the
power required to run the model, we noted a considerable increase in
overall inference time, resulting in greater total energy consumption
than the unpruned model. Therefore, we decided against implementing
them on our HPEC platform.

4. Methodology to identify the best model

The concept of bringing computing capabilities to the edge is in-
creasingly gaining traction due to its wide array of potential applica-
tions, including autonomous vehicles, robotics, industrial automation,
and smart cities. This approach uses sensor data like radar, lidar,
and cameras to control motors, navigate environments, interact with
objects, and make real-time decisions. Thanks to advancements in em-
bedded computing platforms, ML and DL algorithms can now perform
data inference at the network edge.
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Fig. 3. Loss of EfficientNetB1, MobileNet v3 Large, ResNet34, VGG19.
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Fig. 4. Inference time and energy absorption of VGG16 model with and without unstructured L1-norm pruning applied to weights, running on the RTX 3060 Ti GPU platform.

We used the Jetson Nano Developer Kit developed by NVIDIA for
our experiments. This kit features a quad-core CPU and a GPU with 128
CUDA cores, and it offers two power configurations: 10 W and 5 W.
The default configuration is 10 W, designed for applications requiring
higher processing power. This mode can execute TensorFlow Lite and
PyTorch models at up to 2.5 TOPS (tera operations per second). The
5 W configuration, on the other hand, is a lower-power option intended
for applications that prioritize energy efficiency. More specifications for
the platform are available in Table 3, while Fig. 6 maps the software
components on our testing hardware.

To identify the most effective and efficient resolution strategy
within this HPEC context, we assessed the frame-per-second (FPS)
inference speed, relative energy consumption, and accuracy of each
model with the two different power configurations of the Jetson Nano
board (Tables 4, 5).

We faced a significant challenge in selecting the optimal model
due to the differing scales of the parameters we analyzed, which
made direct comparisons difficult. Moreover, the measures reported
did not highlight a single best-performing model on all the reference
parameters. We aimed to maximize accuracy and FPS while minimizing
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Fig. 5. Inference time and energy absorption of VGG16 model with unstructured L1-norm, structure L2-norm, and random pruning applied to weights, running on the RTX 3060

Ti GPU platform.

Table 3
NVIDIA Jetson Nano developer kit specifications.

GPU: 128-core Maxwell GPU
(921.6 MHz on 10 W, 640 MHz on 5 W)

CPU:ARM Cortex-A57 CPU quad-core
1.43 GHZ on 10 W, two cores 918 MHz on 5 W

Memory:4 GB 64-bit LPDDR4

Storage:Micro SD card slot (min. 16 GB)

Power:

* Micro USB (5 V 2 A)
* DC jack (5 V 4 A)

Dimensions:
* Module: 69.6 mm x 45 mm
+ Complete Kit:100 mm x 80 mm x 29 mm

Video:

* Encode: 4K@30FPS (H.264/H.265)
* Decode: 4K@60FPS (H.264/H.265)

Interfaces:

¢ Ethernet: 10/100/1000Base-T auto-negotiation

* Camera: 12-ch (3x4 OR 4x2) MIPI CSI-2 DPHY 1.1
* Display: HDMI 2.0, DP (DisplayPort)

* USB: 4x USB 3.0, USB 2.0 (Micro USB)

¢ Other: GPIO pins, 12C, 12S, SPI, UART

Software:
¢ Jetson Linux version 32.7.1 (JetPack 4.6.1), including:
- Ubuntu 18.04.6 LTS (Kernel 4.9.253-tegra)
- CUDA 10.2 (Architecture 5.3)
* Python 3.6.9
¢ PyTorch 1.10.0
* TorchVision 0.11.0

Table 4

Accuracy, frames per second, average watts, and joules per image for
inference with all the DL models considered for the Jetson Nano 10 W
platform. Numbers highlighted in red indicate the worst performance,
while those in green indicate the best performance.

Model Accuracy FPS AVG Joules

Watts per IMG
efficientnet_bO 96.4654 12.5129 0.4557 0.0364
efficientnet_bl 96.1671 9.0880 0.5201 0.0572
mobilenetv2 94.2506 17.6321 0.3867 0.0219
mobilenetv3_large 97.6904 14.4485 0.3425 0.0237
mobilenetv3_small 93.9801 15.8339 0.1766 0.0111
resnetl8 91.8428 11.8949 0.8983 0.0755
resnet34 90.8600 9.1039 1.6539 0.1816
resnet50 96.3145 8.5394 1.9723 0.2309
shufflenetv2 95.2808 14.2592 0.4419 0.0309
squeezenetl_1 87.9658 17.3234 0.2923 0.0168
vggll 92.7273 7.5104 1.8249 0.2429
vggl6 93.5135 6.7022 2.3955 0.3574
vggl9o 91.2039 6.1815 2.7445 0.4439

the average watts and joules consumed per image. To tackle this
challenge, we utilized the z-score technique and a linear transformation
to normalize the values, bringing them within a range of 0 to 1.

The z-score, or the standardized score, is a statistical measure indi-
cating how much a particular value deviates from the mean, expressed
in terms of standard deviations. Suppose we have a data sample X =
X1, Xp,...,%,. We can calculate the z-score for an individual value x;
using the following formula:

_XiTH
! c

Table 5

Accuracy, frames per second, average watts, and joules per image for
inference with all the DL models considered for the Jetson Nano 5 W
platform. Numbers highlighted in red indicate the worst performance,
while those in green indicate the best performance.

Model Accuracy FPS AVG Joules

Watts per IMG
efficientnet_b0 96.5111 2.5116 0.2403 0.0957
efficientnet_b1 95.9386 2.1680 0.2567 0.1184
mobilenetv2 94.2998  6.7971 0.2317 0.0341
mobilenetv3_large 97.4447 5.6705 0.2433 0.0429
mobilenetv3_small 93.9558 6.0508 0.1559 0.0257
shufflenetv2 95.0369 3.4490 0.2512 0.0728
squeezenetl_1 88.8452 5.6832 0.1724 0.0303

where p represents the mean of the sample, and ¢ is the standard
deviation of the sample. After calculating the z-scores z; for each
value, we obtain a new data distribution with a mean of zero and
a standard deviation of one. We can then normalize these z-scores
to get new values z; in the interval [0, 1] through a canonical linear
transformation.

After normalizing the values of the four parameters — accuracy,
FPS, average watts, and joules per image — within the interval [0, 1],
we adopted a different approach by transforming the problem into a
maximization problem. We preserved the parameters z; that required
maximization and inverted those that needed minimization, resulting
in 1 - z}. This method allowed us to assign weights to the parameters
based on their significance.
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Fig. 6. Software architectural implementation chart of the proposed method.

We assigned heuristically the following weights to the parameters:

+ Accuracy: 0.1

« FPS: 0.4

» Average Watts: 0.1

+ Joules per image: 0.4

These weights reflect our evaluation of the relative importance of
each parameter in our application context. We aim to develop a tool
to continuously process a data stream on a vessel with limited energy
resources. Observing that no model exhibited an accuracy below 88%,
as seen in Tables 4 and 5, and considering the hardware’s constraints on
watt absorption, we chose to assign greater importance to the FPS and
Joules-per-image parameters, viewing them as more critical than the
other two. This approach ensures the application can process as many
images as possible while keeping energy consumption low.

We multiplied the normalized parameter values z; by their corre-
sponding assigned weights. Next, we summed the weighted results to
obtain an overall score for each model. This overall score reflects the
model’s performance, expressed as follows:

(DT = wacc(pacc + wfps¢fps + wasmq)asm + wenf(penf (1)

where:

@, : Total score

@, : Normalized accuracy score

@, - Normalized FPS score

®@,,,, - Normalized average power consumption score

@,,; : Normalized energy per frame score

Wge, - Accuracy weight

wy,, © FPS weight

Wgsm - Average power consumption weight

W, - Energy per frame weight

In the following, we will rank the models based on the calculated
scores and identify the model with the highest score as the best per-
former. This model maximizes accuracy and FPS while minimizing
watt consumption and joules per image, as specified by the chosen
weightings.
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Fig. 7. Energy absorption of inferencing with MobileNetV2 on the Jetson Nano 10 W
platform.

5. Experimental results and discussion
5.1. Identifying the best models on Jetson Nano (10 W)

We utilized the Jetson Nano in its 10 W absorption mode for
the initial testing phase and operated it without a cooling fan. This
limitation, which mirrors realistic conditions onboard vessels, resulted
in overheating, prompting a reduction in power to cool the device.

The overheating issue became particularly pronounced when using
neural networks with many parameters. Despite implementing the
aforementioned transfer learning strategies, models such as ResNet18,
ResNet34, ResNet50, VGG11, VGG16, and VGG19 exhibited signs of
overheating and excessive energy consumption, as detailed in Table 4.
In contrast, the Jetson Nano performed effectively with networks with
fewer parameters. The table highlights the trade-offs between speed,
energy consumption, and accuracy.

To estimate the energy in Joules for each inference test, we utilized
the following integral:

E,, = / P(ndt )

In this equation, the total energy E,, is expressed in Joules, while
the power P(¢) at a specific time 7 is indicated in Watts.

To compute the integral, we systematically recorded the absorbed
power in watts at regular intervals throughout the test, tracking the
time elapsed since the last sample and the power readings from the
Jetson Nano’s GPU internal meter. We then applied the trapezoidal
rule for numerical integration, as depicted in the graph in Fig. 7. The
numbers presented in the tables reflect averages derived from ten test
runs.

MobileNetV2 was the best performer when using the multi-objective
function in (1) (see Table 6). Due to the Jetson Nano’s hardware and
power limitations, the light-weight design of this model proved highly
efficient. Indeed, MobileNetV2 was designed by its authors to minimize
computational operations and reduce the load on the CPU and GPU,
allowing the device to perform effectively even with limited resources.

5.2. Identifying the best models on Jetson Nano (5 W)

We encountered thermal throttling issues with the ResNetl8,
ResNet34, ResNet50, VGG11, VGG16, and VGG19 networks when
operating under the 10 power configuration. Therefore, we decided to
exclude these models from further testing with the 5 W configuration.
This reduced power setting curtails energy consumption by turning off
two CPU cores and limiting GPU performance. Unfortunately, attempts
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Table 6
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Ordered list of models by total score obtained with our multi-objective function using results from inferencing

on the Jetson Nano 10 W platform.

Model Accur_Score FPS_Score Watts_Scores Joules_Score Total

mobilenetv2 0.64627 1 0.91818 0.97509 0.94648
mobilenetv3_small 0.61846 0.84296 1 1 0.89901
squeezenetl_1 0 0.97303 0.95491 0.98677 0.87941
mobilenetv3_large 1 0.72196 0.93536 0.97099 0.87071
shufflenetv2 0.75221 0.70544 0.89668 0.95416 0.82873
efficientnet_b0 0.87403 0.55292 0.89131 0.94163 0.77435
resnetl8 0.39868 0.49896 0.71893 0.85128 0.65185
efficientnet_bl 0.84335 0.25382 0.86622 0.89354 0.62990
resnet34 0.29761 0.25521 0.42470 0.60604 0.41673
resnet50 0.85851 0.20591 0.30071 0.49215 0.39515
vggll 0.48963 0.11606 0.35811 0.46439 0.31695
vggle 0.57048 0.04547 0.13592 0.20002 0.16884
vggl9o 0.33298 0 0 0 0.03329

Table 7

Ordered list of models by total score obtained with our multi-objective function using results from inferencing

on the Jetson Nano 5 W platform.

Model Accur_Score FPS_Score Watts_Scores Joules_Score Total

mobilenetv3_small 0.59429 0.83877 1 1 0.89493
mobilenetv2 0.63429 1 0.24780 0.91011 0.85225
squeezenetl_1 0 0.75935 0.83609 0.95062 0.76760
mobilenetv3_large 1 0.75661 0.13351 0.81506 0.74202
shufflenetv2 0.72001 0.27673 0.05510 0.49209 0.38504
efficientnet_b0 0.89143 0.07422 0.16256 0.24529 0.23320
efficientnet_b1 0.82486 0 0 0 0.08248

at inference with the overheating models resulted in system crashes. As Table 8

a result, we shifted our focus to the remaining networks (refer to Table
5).

The Jetson Nano operating at a 5 W configuration produced un-
expected results, as we anticipated its performance would align more
closely with that of the 10 W configuration. However, after imple-
menting the multi-objective function (1) (refer to Table 7), the find-
ings indicated that MobileNetV3_small emerged as the top-performing
model for this particular scenario. Contrary to our initial expecta-
tions, MobileNetV2 secured the second position among the evaluated
solutions.

If we had to select a single model suitable for both 5 W and
10 W modes, MobileNetV2 would be a commendable option due to its
consistently solid performance. However, in this instance, the objective
was to pinpoint the optimal solution, and MobileNetV3_small delivered
the best results in the 5-W modality.

5.3. Comparison on Jetson Nano - 10 Wvs. 5 W

We conducted a comprehensive final test to determine which of
the two optimal models is better suited for our application on a ves-
sel. We specifically evaluated overall energy consumption along with
CPU and GPU power usage. The models under comparison were Mo-
bileNetV3_small in the 5 W configuration and MobileNetV2 in the 10 W
configuration. We aimed to identify the optimal combination of settings
and models for enhanced performance and energy efficiency.

The results indicated that MobileNetV3_small exhibits lower average
energy consumption in the 5 W configuration than MobileNetV2 in the
10 W configuration. Nevertheless, our primary aim was to identify an
optimal solution by considering various evaluation parameters.

Table 8 demonstrates a significant disparity in performance be-
tween the models, particularly in terms of images processed per second
and energy consumption measured in joules per image. MobileNetV2,
operating at the 10 W configuration, is considerably more efficient,
consuming nearly half the energy of MobileNetV3_small at the 5 W
configuration. Even when we do not consider accuracy as an evaluative
parameter, MobileNetV2 remains the superior choice.

We can better circumstantiate our findings by introducing the En-
ergy Efficiency parameter, which we define as the ratio of performance

Accuracy, frames-per-second, average watts, joules per, and corresponding energy
efficiency for image inferencing on Jetson Nano with MobileNetV2 using 10 W mode
and MobileNetV3_small using 5 W mode.

Model Accuracy  FPS AVG Joules H
Watts per IMG

mobilenetv2 (10 W) 94.2506 17.696  4.89614  0.27867  63.5014

mobilenetv3_small (5 W)  93.9558 6.0633  3.26589  0.53862 11.2571

achieved to the energy consumed. The following equation can represent

this ratio:

H= frames per second 3)
Joules per frame

As shown in Table 8, MobileNetV2 operating in 10 W mode exhibits
significantly greater energy efficiency than MobileNetV3_small in 5 W
mode.

Following our thorough energy consumption and performance eval-
uation, MobileNetV2 configured at 10 W emerges as the optimal choice
for our deep learning tool. It offers an ideal balance between per-
formance and energy efficiency, making it well-suited for resource-
constrained environments.

5.4. Identifying the best models on RTX 3060 Ti platform

As an ancillary result (see Table 9), we present the measures ob-
tained on the RTX 3060 Ti platform, as described at the end of Sec-
tion 3.1. We calculated (2) using a procedure similar to the one used
on the Jetson Nano. At first sight, we notice that even if efficientnet_b1
is the least absorbing model, its inference is the slowest, causing the
highest energy consumption.

In this scenario (refer to Table 10), the application of the multi-
objective function (1) indicated that ResNet-18 was the optimal model
for the platform considered. This finding reinforces our conclusion that
while MobileNets are well-suited for the HPEC platform, they do not
perform as effectively in a workstation environment.

Upon comparing the energy efficiency (Eq. (3)) of the top-
performing network on Jetson Nano with that of the best model on
the RTX 3060 Ti platform, it is clear from Table 11 that both systems
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Table 9

Accuracy, frames-per-second, average watts, and joules per image for inference with
all the DL models on the RTX 3060 Ti platform, considering overall platform energy
consumption. Numbers highlighted in red indicate the worst performance, while those
in green indicate the best performance.

Model Accuracy FPS AVG Watts  Joules per IMG
efficientnet_b0 96.1671 112.655 69.0844125 0.613238736
efficientnet_b1 94.4472 90.171925 66.6786259 0.739461047
mobilenetv2 94.742 139.86254 70.2919005 0.502578454
mobilenetv3_large 98.0344 130.89342 72.0536678 0.550475859
mobilenetv3_small 94.2998 135.32385 70.1216271 0.518176427
resnetl8 92.285 270.50379 81.9444149 0.302932596
resnet34 92.0393 253.77229 95.1608659 0.37498525
resnet50 95.9214 119.30586 81.5743566 0.683741425
shufflenetv2 95.774 119.38285 72.7250236 0.609174817
squeezenetl_1 89.1892 193.18398 74.3604154 0.384920204
vggll 92.6781  311.87739 134.000196 0.429656648
vggle 93.3661 270.25232 144.19057 0.533540536
vggl9 91.3022 213.60344 137.899258 0.645585373
Table 10

Ordered list of models by total score obtained with our multi-objective function using
results from inferencing on the RTX 3060 Ti platform.

Model Accur_Score FPS_Score Watts_Scores Joules Score Total

resnet18 0.34999 0.81338  0.80305 1 0.84065
vggll 0.39440 1 0.13146 0.70970 0.73647
resnet34 0.32220 0.73791  0.63254 0.83494 0.72460
squeezenetl_1 0 0.46463 0.90089 0.81218 0.60081
vggl6 0.47222 0.81225 0 0.47172 0.56081
mobilenetv2 0.62777 0.22412  0.95338 0.54265 0.46482
mobilenetv3_large 1 0.18367 0.93065 0.43292 0.43970
mobilenetv3_small 0.57778 0.20365  0.95558 0.50691 0.43756
vgglo 0.23888 0.55673  0.08116 0.21505 0.34072
shufflenetv2 0.74444 0.13175 0.92199 0.29846 0.33873
efficientnet_bO 0.78889 0.10141  0.96896 0.28915 0.33200
resnet50 0.76111 0.13140  0.80782 0.12764 0.26051
efficientnet_bl 0.59444 0 1 0 0.15944

Table 11

Frames-per-second, joules per image, and corresponding energy efficiency for inferenc-
ing on the Jetson platform on 10 W and the RTX 3060 Ti platform, considering only
GPU energy consumption.

Model FPS Joules per IMG H
mobilenetv2 (10 W) 17.6322 0.021932 803.95
resnetl8 (RTX) 270.504 0.302933 892.95

exhibit comparable energy efficiency. They showcase similar perfor-
mance and energy consumption trade-offs, highlighting that selecting
an energy-efficient model for a deep learning task is closely linked to
the specific platform and characteristics of the application.

6. Conclusions

This study introduced a novel deep learning-based approach for
the real-time detection and classification of floating marine debris on
low-power, HPEC platforms. Unlike existing methods that depend on
satellite remote sensing with limited resolution or deep learning models
requiring high-power GPUs, our method enables efficient, in-situ debris
recognition directly onboard marine vessels using consumer-grade edge
devices by employing CNNs to classify various waste categories. To
assess the effectiveness of our approach, we compared different models
and optimization techniques, including transfer learning and pruning,
with accuracy and efficiency as key evaluation criteria.

We also formulated a multi-objective function to identify the op-
timal model for each hardware configuration, considering accuracy,
inference time, and energy consumption factors. Additionally, we es-
tablished an energy efficiency parameter tailored to our application
context and measured it across various hardware configurations to
determine the most suitable settings.
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Our results indicated that our approach can effectively detect and
accurately classify floating objects on a desktop GPU and a low-power
edge device, specifically the Jetson Nano. We observed that transfer
learning and pruning are effective strategies for reducing resource
consumption in terms of memory and computational power while
preserving accuracy. However, it is noteworthy that pruning may lead
to increased computation time. Furthermore, developing an appropriate
multi-objective function enables us to select the most fitting model for
diverse requirements and operating conditions.

Our research contributes to the scientific understanding of floating
waste pollution monitoring by providing a versatile approach applica-
ble to various areas, including selective waste collection, environmental
awareness initiatives, and the prevention of risks to marine life and hu-
man health. Additionally, our work paves the way for the development
of intelligent and autonomous systems to detect floating marine waste.
Potential research directions include:

Expanding the dataset to incorporate additional waste categories
and environmental factors, such as water turbidity and the pres-
ence of white foam.

Integrating diverse sensor modalities, including spectral
reflectance and thermal infrared, to enhance the discrimination
of waste materials.

Implementing advanced algorithms for localizing and segmenting
floating waste alongside classification.

Exploring innovative applications, such as employing drones or
aquatic robots to monitor and remove floating marine waste.
Applying the design approach for energy-efficient DL inference at
the edge in other application contexts.

The expansion of our dataset, the integration of various sensor
modalities, and the exploration of innovative applications present sig-
nificant opportunities and represent an exciting prospect for future
advancements in intelligent and autonomous systems within the envi-
ronmental sector and above.

We conclude this work by observing that new low-power edge com-
puting devices are continuously emerging. Despite their architectural
differences, they all share the need for a careful choice of energy-aware
models and algorithms. For such a reason, while we mainly aimed this
work at presenting a general and flexible method for choosing Al-based
models that are accurate and energy-efficient, we will address future
activities to validate and apply such an approach to additional edge
computing platforms, even with different characteristics.
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