
Hackathons: From Novel Ideas to Novel Deployable Solutions

Eslam A. Hussein1,2, 3, Christopher Thron4, Ezra Fielding5, Robert Purdy∗3, Emma Cochrane3,
Bakang Kgopolo6, Mpho Carol Jan7, Isaac Opio6, Karabo K. Ndebele6, Dihariniaina

RABEARIMANANA8, Nancy TOVOLAHY9, Tahinasoa Misandratra RAZAFINTSALAMA10,
Rojoniaina RASOAFARIHY9, Toky Sandratra Miharimamy RASAMOELINA11, Hery T.
Rakotondramiarana9, Rova Isaia Andriamamy9, Harena Ranaivoson12, Valdo Tsiaro Hasina
Ndimbisoa 12, Toavina LEONG POCK-TSY9, Tohavina RAOELINASIMBOLAMALALA 12,

RAHAJAHARIVONY ROJOTIANA FANDRESENA JESSICA12, LIANTSOA
RANDRIANASIMBOLARIVELO9, RAFANOMEZANTSOA PIERROT13, Marcia Jennifer

RAKOTOSON 14, Iriana Anthony Durandal Rasoanaivo15, i Ilo Mahomby
RANDRIANATOANDRO 11, Mirindra Randriamanantena17, Jeanny Fidelica TSARAMANGA12,

Fanomezana Sarobidy RAZAKAHASINA12, Tsantaniony RAZAIARIMIHAJASOA11, Rina
Ralijaona9, 12, Shain Mukungu18, Gregorio Marychen18, Landuleni Kashipulwa18, Max Haikali19,
Sigrid Shilunga18, Geno Gurirab 18, Eunice dos anjos20, Gilson G. Vicente21, Rogério Langa21,
Ezequias Miocha22, Francisco Ernesto Uqueio 23, Milton Paulo Mbalate22, UWAMAHORO
Leopord24, DUSENGE Mediatrice24, BAVUGAMENSHI Valens24, Silamlak Desye25, Jemila

Muhidin26, Melat Kebede27, Addisu Mengistu26, Chalie Lijalem28, Turemo Bedaso26, Josephin
Chamoun-Contreras29, Paula Silva30, 31, Maria Laura Oyarce32, Rubén José Carcamo29, C. E.
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5Centre National d’Études Spatiales, Toulouse, France

6Botswana International University of Science and Technology, Palapye, Botswana
7Botswana Accountancy College, Gaborone, Botswana
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Abstract

Data science hackathons, like most others, often end with novel ideas or early prototypes, with little effort to
explore what more they could achieve. The literature suggests that the main reason for this limitation is their
short timeframe, which is often seen as a barrier to achieving more mature outcomes. In this paper, we introduce
a new hackathon prototyping workflow that moves beyond idea generation toward producing deployable solutions.
We demonstrate it through the Hack4dev Data Science Cascade Hackathon Programme, which tackled a cubesat
data multi-classification problem with the goal of developing both accurate and efficient machine-learning models.
By examining 20 top solutions, comparing their performance, and exploring how key hackathon process elements
relate to solution quality, our study shows how this mechanism turned novel ideas into deployable solutions in
three days. The mechanism allowed participants to produce a machine-learning model that first matched and
then improved a published baseline by 166 times, in terms of model speed, by the end of a three-day hackathon
period. This is the same period in which many expect to generate, at best, early prototypes. This supports a new
concept we call time-change compression (TCC), where short time intervals are designed to deliberately produce
the most mature possible outcome, opening the possibility for hackathons to go beyond deployable solutions.

keywords: time, machine learning, hackathons, R&D, research, design, prototyping, flipped classroom, cascade
model, data science, compression

1 Introduction

“Changing the world” is a goal that many people seek to achieve in order to make the world a better place. This
change can either be forced, for example, due to the disruptive shifts brought by the Fourth Industrial Revolution [1],
or driven by a sense of duty to fight existing inequalities [2]. Both of which require fast and adaptive action for those
challenges to be addressed [3, 4].

Many believe that hackathons offer a way to bring about such change in a short time [5]. While hackathons have
many definitions, a common one is that they are collaborative events aimed at producing a solution to a problem
within a short period, typically lasting from one to three days [5,6]. Based on this idea, hackathon organisers generally
believe that something concrete can be achieved by the end of the event [7]. As for the agents of change themselves,
“the participants”, 38% say that their primary motivation is to “change the world” through hackathons [8].

Today, hackathons are witnessing growing popularity across many disciplines and fields, all driven by the motive of
accelerating change. These fields range from software engineering and medicine to education and data science [9–12].

However, because hackathons are usually carried out over a short time-scale/ a few days, they rarely produce fully
developed innovative solutions [13–15]. Instead, they are most useful for generating new ideas and early functional
prototypes [16,17]. Some researchers have even described hackathons as creative sessions, where people from different
backgrounds come together to address challenges within a short time frame [7]. As a result, several studies have
suggested newly designed frameworks that integrate hackathons into broader innovation cycles, positioning them
as open innovation platforms, where they act as starting points for ideas that can be further developed after the
event [16,18–23].

This creates a contradiction. People are drawn to hackathons because of their unique characteristics: the short
time frame (often scheduled over a weekend) that makes them easy to commit to [14, 20, 24, 25], and their intensity
that pushes them to learn and access new tools, solve new problems and win prizes [8]. Yet, most of these features do
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not continue after the hackathon ends. For instance, further development usually requires time, effort, and resources
that teams may no longer have access to [19]. Further development requires resources that teams may no longer
have access to as well as continued time and effort. As a result, participants generally lose interest, resulting in
many promising projects fading [19, 20, 26]. In fact, a recent study shows that only about 5% of hackathon projects
continue for more than five months [27].

Therefore, in their current form, hackathons do not seem to accelerate the innovation process [20], especially when
it takes many months for only a few tangible solutions to emerge after hackathons. This raises the questions: Do
hackathons have the potential to accelerate change by producing innovative and impactful solutions that go beyond
ideas and early prototypes? And if so, how can this be achieved within a short time scale when prior work argues
that it is unrealistic to expect teams to deliver mature solutions in just a few days [13,28–30].

In this paper, we address these questions in data science and show how hackathons can deliver solutions that
go beyond novel ideas by reaching deployable models within days. We did this through the development of a novel
prototyping workflow, which was implemented across 13 regional hackathons. The workflow produced 20 novel
machine-learning solutions, and the best solution matched the accuracy of a published baseline while running 166×
faster.

2 Literature Review

The Fourth Industrial Revolution has brought a rapid increase in both data variety and volume, creating many new
challenges [31]. In response, attention has fallen on the field of data science, a multidisciplinary area that applies
scientific methods and algorithms to extract knowledge and insights from data [32]. However, data science is still an
emerging field where the size and complexity of data are growing rapidly. In domains like astronomy, data rates can
reach ∼ 10 terabits per second (Tb/s) [33]. As a result, there is a pressing need to explore tools and approaches that
can respond to these challenges in an agile and scalable way.

Hackathons, as a tool for accelerating development [30], have found increasing use in the field of data science for
several reasons. With many new platforms emerging, hackathons act as fast feedback environments that accelerate
their improvement [34–37]. Additionally, as data science is still an emerging field, educators have recognised the
value of hackathons as a training tool to accelerate the teaching of data science skills [38–41]. And finally, there is
the use of hackathons themselves as a tool for innovation.

Given their short duration and ease of participation, researchers have viewed hackathons as opportunities to
foster multidisciplinary collaboration. For example, hackathons have been used to address challenges in solid-state
materials chemistry by bringing together chemists and data scientists [42]. Similarly, several studies have documented
hackathons that paired clinicians with data scientists to tackle problems in healthcare [43, 44]. The goals of these
events vary, from promoting reproducible research to generating new research ideas, with some resulting in the
production of paper abstracts and setting the stage for future collaboration and work [43–47].

Other hackathons have managed to produce early working data science solutions; however, further refinement is
often needed due to the limited time frame of these events [48–54]. An example of such post-hackathon refinement
was carried out by Navas-Olive et al [55] where they took a model developed during a hackathon and improved it
through hyperparameter tuning to produce a more mature solution for detecting hippocampal sharp-wave ripples.
In contrast, one datathon/hackathon that successfully achieved a fully working mature solution extended over 6
weeks [56].

While hackathons in data science have shown potential for innovation, the literature suggests that they rarely
result in fully mature, deployable novel solutions right after the event. In most cases, further development and
refinement are required [48–54]. In addition, post-hackathon collaboration also tends to be limited. One study found
that in data science–focused hackathons, only about 10% of projects led to publications within a few years [52].
These results align with the broader hackathon literature, which highlights the difficulty of sustaining work after the
event, both in continuing collaboration and in producing mature models.

However, to unlock the true potential of hackathons, attention should be directed to the design of the hackathon
and how it affects the event and potential outcomes. In the literature, hackathons are seen as speed-design events [57]
that are typically carried out through prototyping [58]. The design of prototypes can take many forms, such as paper-
based or software prototypes, serving different functions [58], and can follow various design processes, such as iterative
or parallel development [59].

Within hackathon environments, participants often follow a design process similar to the Double Diamond model
[6]. This model has four phases: Discover: understand the problem; Define: frame the problem and its requirements;
Develop: ideate and prototype; and Deliver: refine and converge to a final artefact.

This inherent design process within hackathons has been a recent topic of research, as changing the structure
of a hackathon directly influences how participants approach the design of their own prototypes. For instance,
Byrne et al [60] introduced the Bridge21 model into a 4-day hackathon to emphasise teamwork, hands-on activities,
and technology-driven projects. The model follows a linear/cyclic process consisting of seven stages and integrates
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elements of design thinking, namely inspiration, ideation, and implementation. Although the model appears linear,
its design thinking foundation allows for flexibility, enabling teams to revisit and revise earlier stages when needed.

Another study introduced debriefings into a typical hackathon structure, with the aim of fostering collabora-
tion and helping students perform better within teams [61]. The results showed that while debriefings improved
collaborative processes and supported team reflection, they had no measurable impact on overall team performance.

A further example is described by Ghost and Wu [62], who introduced iterative coordination into a one-day
hackathon. Here, teams had to check-ins every two hours to assess the progress of their software development. The
results showed that, while iterative coordination led to more functional early-stage prototypes, it came at the expense
of novelty. This was because teams had to continuously assess the level of novelty they could maintain throughout
the hackathon as a results of these coordination intervals. It is important to note that iterative coordination does
not necessarily result in more complete or functional prototypes overall; rather, it promotes the development of more
viable software solutions that prioritise value over novelty.

Another study introduced the Software Development Life Cycle (SDLC) framework, commonly used in industry,
into a hackathon environment in order to help participants design, test, discuss, and refine software. The authors
found that all stages of the SDLC were well-suited to engage participants, except for the final two stages; deployment
and maintenance. This was largely because the hackathon targeted youth participants, aiming to make the experience
fun while also demonstrating the potential of computing to impact communities [24].

3 Methodology

3.1 Hackathon process overview

On 18 June 2024, Hack4dev along with several partners launched the first cycle of the Data Science Hackathon
Cascade Programme (DSH-CP). The main objective of the programme is to “Use and Develop Data Science
Skills to Address Global Data Science Challenges.” It is designed to recruit participants to work on pressing
global issues that require data-driven solutions, giving them the opportunity to apply and strengthen their data
science capabilities.

The implementation of the DSH-CP follows two pivotal stages:

• Organisers’ Hackathon (OH): This stage equips regional organising teams with the knowledge and skills
to run hackathons independently. Hackathon organisers gain hands-on experience in both the technical and
logistical aspects of hackathon delivery, supported and guided by experienced Hack4dev team members.

• Regional Hackathons (RH): In this stage, the trained regional teams host hackathons at their own in-
stitutions, coordinated by Hack4dev. It is through these events that the core objective of the DSH-CP is
realised.

The Organisers’ Hackathon took place at the University of the Witwatersrand (WITS) in South Africa from 23 to
25 October 2024. Following this, 13 Regional Hackathons were organised between February and April 2025 across 12
different regions: Kenya, Ghana, Ethiopia, Botswana, South Africa, Madagascar, Rwanda, Namibia, Mozambique,
India, Brazil, and Chile. RH participants were selected based on their motivation, Python programming language
experience, and ability to work independently. An additional requirement was to be based near the event location
and able to commute daily to and from the venue.

The OH consisted of a 3-day programme. The first day featured introductory talks, including an overview of the
DSH-CP, an introduction to the cloud computing facility, team lead introductions, and a briefing on the challenge
itself. The second day was dedicated to hands-on work on the challenge, while the final day focused on team
presentations and general feedback, with a discussion on how to approach solving the challenge more effectively.

The RH followed a 3.5-day structure. The first half-day was dedicated to introductory talks and orientation,
followed by 2.5 days of focused work on the challenge. The final half-day was reserved for team presentations to a
panel of reviewers.

To support the computational needs of the hackathons, servers are provided by the Inter-University Institute
for Data Intensive Astronomy (IDIA). Each participant’s hackathon team is given access to its own server, with 16
CPUs and 123 GiB of RAM.

3.2 The CubeSat Hackathon Challenge

3.2.1 CubeSat Classification: Scientific Context and Motivation

A CubeSat is a class of nanosatellite providing small space experiment platforms which have low construction and
launch costs. [63]. They offer a compelling alternative to more traditional space missions with their increased acces-
sibility for researchers and institutions, as seen with the successful deployments of CubeSat-based space telescopes
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in various astronomical studies [64]. Thanks to the miniaturization of enabling technologies and improvements to
mission payloads, CubeSat mission complexity has increased over time, resulting in dramatic increases to the quan-
tity of data produced by nanosatellites in orbit [65]. In addition, due to the small form-factor imposed by the
CubeSat standard, major constraints and limitations are placed on the power generation, on-board computing and
data downlink capabilities of nanosatellites [66].

Of particular concern is the constraint on data downlink, which would limit the rate at which data from the
CubeSat can be retrieved. This impedes the generation of scientific value and delays the success of the full mission [65].
Therefore, a means to filter data so that the most useful data is sent to the ground first will prove beneficial for
scientific value generation. By autonomously classifying data onboard the nanosatellite, the satellite itself can
determine which data should be downlinked and which should be discarded or recaptured. To be truly valuable,
autonomous classification should be done efficiently, respecting the power and compute constraints imposed on
CubeSats.

3.2.2 Hackathon Challenge Description

Therefore, the goal of the CubeSat Challenge was to use machine learning to accurately and efficiently classify the
types of astronomy images captured by CubeSats. Participants were provided with an astronomical dataset and a
baseline solution from a published study [64] and were tasked with creating a lightweight solution that improves on
the accuracy and computational efficiency of the existing baseline.

The dataset used contained a total of 20,229 images, each with a size of 512×512×3, and labeled across five
classes: Blurry, Corrupt, Missing Data, Noisy, and Priority. The imagery was designed to mimic data captured by
VERTECS [67], a 6U astronomical nanosatellite, during operations. The dataset was initially divided using an 80:20
training-to-test split, resulting in 16,185 images for training and 4,044 for testing.

The test set from the original study was used as a completely blind ground truth dataset during the hackathon
and was not available to participants. As for the training data from the original study (16,185 images), it was further
split into 9,711 for training, 3,237 for validation, and 3,237 for internal testing.

In this paper, we only report model performance on the blind test set, which is identical to the one used in the
original study.

3.2.3 Baseline Model

The baseline method is an implementation of the CubeSatNet ultra-light CNN model [68] based on the approach
used in [64]. It is less than 100 KB in size and can be easily deployed on ARM Cortex-based MCUs such as the
Raspberry Pi CM4 included on the VERTECS Camera Control Board (CCB) [69]. From an accuracy perspective,
CubeSatNet achieved a higher F1 score compared to other machine learning methods such as SVM, DBN, and AE
trained to classify CubeSat images [68]. The ultimate goal of the model was to create a lightweight architecture
without compromising classification accuracy.

This baseline implementation of CubeSatNet uses an 11-layer architecture, including four convolutional layers for
feature extraction. The input layer is designed to handle standard 512×512 images. Max pooling layers are used to
reduce the number of trainable parameters, thus lowering the computational load. The final layers include global
average pooling and a dense layer with a SoftMax activation function for classification to one of the five classes.

3.3 Hackathon Structure Design

The nature of hackathons is that they are short in duration, which naturally leads to the development of early-stage
prototypes at best. However, if these outcomes are to shift from simple prototypes to mature, innovative solutions,
then it is necessary to rethink how hackathons themselves are designed and structured. However, this should not
involve changing their core structure, such as by drastically extending their duration, as was done by Cohen et el. [56].

Figure 1 summarises our novel prototyping workflow. The journey begins two weeks before the hackathon, when
participants are introduced to a well-defined challenge and its associated dataset, along with a research tips video that
allows them to start exploring possible approaches in advance. During this stage independent parallel prototyping
also takes place across participants from different regions. Once the hackathon begins, the process shifts into rapid
iterative prototyping, driven by the event’s time pressure and collaborative environment. At this point, both parallel
prototyping within teams and competitive prototyping across regions also take place. Additionally, mentors in each
regional hackathon play a key role in guiding participants through problem-solving and model refinement.

This novel prototyping workflow is introduced through three main criteria to increase solution maturity; First, as
well-defined, open-ended ML challenge that teams could work on throughout the event. Second, a flipped-classroom
approach that encouraged participants to engage with the hackathon materials, and even begin tackling the challenge,
before the event. Third, a cascade model tailored to hackathons that enabled parallel development across regions
and yielded more outputs.
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Figure 1: Schematic Representation of the Hackathon Prototyping Workflow
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3.3.1 A Well Defined Challenge

In many hackathons, teams follow a process of steps which usually starts with teams identifying a specific problem or
pain point within a general theme announced on the opening day [44,52,70]. These early activities consume time that
could otherwise be used to develop and refine solutions. In our case, we fully defined the CubeSat challenge before
the event. This allowed participants to focus on building more mature prototypes that exceeded the CubeSatNet
baseline model.

3.3.2 The Flipped Classroom Model

To increase participants’ skills and extend the time they spent tackling the problem, we drew inspiration from the
flipped-classroom model. The flipped classroom is a student-centered instructional approach that encourages active
learning [71,72]. It is a methodology in which traditional teaching and learning activities, such as watching lectures
or reading texts, are completed by students outside the classroom, while in-class time is reserved for interactive and
collaborative tasks [72,73].

In the context of our hackathons, tasks that could be automated or completed independently, such as reviewing
the dataset, understanding the challenge, and exploring baseline models or alternative solutions, were moved to the
pre-hackathon phase, allowing participants to complete them at their own pace. In contrast, activities that benefit
from human interaction, such as sharing insights, comparing solutions, and refining models collaboratively, were
reserved for the in-person regional hackathon.

In this cycle of the programme, the two most important shared materials were the introductory notebooks [74],
which presented the hackathon challenge, datasets, and baseline, and introductory video which outlined different
strategies [75]. A summary of these strategies is shown in Table 3 in Appendix A. All materials were intended to be
shared two weeks before the regional hackathons, so participants across regional events could engage with:

1. Challenge Familiarisation: Participants were introduced to the hackathon challenge, becoming familiar with
the dataset, baseline model, and evaluation metrics.

2. Early Iterative Design: Participants began refining their model design through individual experimentation,
leading to early improvements in both accuracy and efficiency.

3. Parallel Individual Prototyping: Participants explored multiple solution paths independently before team
formation. This broadened the design space and increased the potential for innovative approaches.

3.3.3 The Hackathon Cascade model

Increasing the number of independent teams competing to solve a challenge leads to an increase in the chances of
finding a viable solution. This process aligns with what is referred to as broadcast search, a method commonly used
by corporations to crowd-source solutions to R&D challenges that internal teams have been unable to resolve [76,77].

To adapt this approach for hackathons, we propose the development of a new mechanism aimed at increasing the
number of independent, competing models. We refer to this mechanism as the Hackathon Cascade Model.

The cascade model is a top-down, pyramidal approach used for knowledge transfer and human capacity develop-
ment [78]. The term “cascade” reflects the downward flow of information, much like a waterfall [79, 80]. Typically,
a small group of experts trains an initial cohort, who then go on to train others, multiplying the reach of the
intervention [79].

The cascade model is known for its ability to enable large-scale change in a short amount of time, while also
being highly cost-effective [81, 82]. As such, it has been widely adopted, especially in the education sector, where it
is used to train teachers in novel techniques.

Using the cascade, multiple design dynamics take place during the implementation of the regional hackathon:

1. Iterative prototyping of individuals within teams as they refine their solutions;

2. Parallel prototyping among individuals in the same team, each exploring different design options independently;

3. knowledge exchange between participants within the same team;

4. Competitive prototyping across teams from all regional hackathons, each aiming to design the most accurate
and efficient solution.
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3.4 Evaluating Model Performance

For the hackathon, a Jupyter notebook was used to evaluate the performance of each machine learning solution. The
notebook was designed to assess the full workflow, from data preprocessing to final predictions, ensuring that each
solution was efficient and accurate.

While the original study evaluated its model using a Raspberry Pi CM4 [64], which is the MCU included on the
VERTECS CCB [69], it was infeasible to provide each hackathon event with such hardware. Therefore, to emulate
the constrained compute environment on a CubeSat as well as to ensure fair comparisons, each evaluation was run on
a single CPU core. The notebook assessed the pipeline’s overall performance, not just the final model’s predictions.

The evaluation measured the following:

1. Accuracy: The percentage of correct predictions.

2. F1 Score: A balanced metric combining precision and recall, useful especially for imbalanced datasets.

3. Confusion Matrix: A detailed breakdown of predictions across the five classes.

4. Evaluation Time: The total time taken to preprocess the data and make predictions.

5. Memory Usage: The peak memory used during the pipeline execution.

6. Algorithm Code Size: The total size of the solution, including the serialized model and preprocessing
functions, measured in megabytes (MB).

In this study, we focus on accuracy, F1 score, runtime, memory usage, CPU usage, and model size, all measured
on the ground truth (blind test) data only.

3.5 Submission and Solution Evaluation Criteria

Alongside other submission materials, such as presentation slides, each team was required to submit one clear and
comprehensive notebook that included all the steps taken to reach their final results. The notebook had to be written
in a way that allowed anyone to run the code successfully. In addition, the trained model had to be included as
part of the submission. Submitting more than one notebook or pipeline would lead to disqualification. All required
materials (the notebook and the trained model) had to be submitted before the team’s presentation on the final day
of the hackathon.

The following list outlines the minimal requirements used to evaluate submitted models:

1. Complete Submissions: Only teams that submitted a working solution were considered.

2. Alignment with the Challenge: Submissions needed to directly address the original problem statement
(e.g., working with 5 classes as defined in the challenge).

3. Consistency Between Notebook and Slides: The methods described in the slides (e.g., data augmentation)
needed to match what was implemented in the notebook.

4. Executable and Error-Free Code: The code should run without errors that affect reproducibility. Example:
a model expecting 3-channel images should not be paired with 1-channel data.

5. Clean Data Handling: Submissions needed to follow good data science practices, such as keeping training
and testing data separate during preprocessing.

6. High-Performing Models: Due to the high number of submissions, only models with over 95% accuracy
and those that outperformed the baseline in total run time were considered for analysis.

Based on the above criteria, 20 out of the 48 submitted solutions passed the minimum selection threshold and are
presented in this paper. Additionally, many teams attempted to optimise their models through quantisation after
developing an initial working version. However, since our evaluation process did not account for quantised models,
only the original (pre-quantisation) versions were considered in the final analysis.

Among solutions that achieved at least 99% accuracy and used less than 13,000MB of memory, the winner was
selected based on the lowest total run time, as this corresponded to the amount of power that would be used. The
winning solution received a prize of 10,000 ZAR, funded by Development in Africa with Radio Astronomy (DARA).
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4 Results

4.1 Regional Hackathons top Solutions

In this section, we present the 20 successful solutions that emerged from the regional hackathons and met the
selection criteria outlined in Section 3.5. These criteria included the requirement that only methods achieving over
95% accuracy or outperforming the baseline in total run time were considered. We begin by presenting the teams
behind the submitted models, along with their preprocessing methods, which are summarised in table 1. This is
followed by a brief description of the models used, including architecture details for deep learning models where
applicable. Finally, we provide an overview of the performance and efficiency metrics for all qualifying submissions,
summarised in table 2 .

4.1.1 Pre-processing Techniques and Model Descriptions

Table 1 shows a variety of trained models accompanied by different pre-processing methods. Among the 20 submitted
solutions, seven used non-deep learning models, specifically teams 01, 03, 05, 13, 16, 18, and 19. Three of these models
were shallow neural networks, while the others used classical machine learning methods, including Random Forest
(RF), Logistic Regression (LR), Support Vector Machine (SVM), and Stochastic Gradient Descent (SGD).

The remaining 13 submissions used deep learning approaches, all based on convolutional neural networks (CNNs)
for image classification. Several teams (02, 10, 14, and 20) utilised MobileNetV2 as a feature extractor while frozen.

The rest used custom CNN architectures, often incorporating lightweight components such as separable convolu-
tions or depthwise convolutions to reduce computational load and model size. These include teams 04, 06, 07, 08,
09, 11, 12, 15, and 17. These models typically followed a standard CNN architecture, multiple convolutional layers
followed by pooling, global average pooling, and a dense output layer with a SoftMax activation function.

As for preprocessing, all solutions, except for the baseline method and team15, incorporated some form of pre-
processing in their pipelines. Notably, both of these exceptions used deep learning methods. In contrast, The table
clearly shows that the complexity of preprocessing increases in non-deep learning models. Among the remaining 18
solutions, the most common preprocessing steps included resizing , greyscaling and normalisation.

Non-deep learning methods often rely on feature extraction techniques. These included extracting features such as
mean, entropy, quantiles, histograms, edge descriptors, and other statistical or texture-based characteristics, which
were then used as direct inputs to the models. This design choice is reflected in the number of features, where
non-deep learning models consistently used far fewer features compared to deep learning models.

4.1.2 Performance and Efficiency Metrics

Table 2 shows the performance and efficiency of the 20 solutions, all of which have been evaluated on the blind test
set as described earlier.

The results in Table 2 show that five models achieved exceptional accuracy (≥ 0.999), with teams 20, 05, 04,
10, and 02 leading the results and slightly outperforming the baseline model (0.9985). Teams 20 and 05 reached
perfect accuracy (1.0000), corresponding to a +0.15% improvement over the baseline. We also note that, despite the
imbalance among the five data classes, the F1-score for all models closely matched their accuracy matrix, indicating
balanced performance across classes.

In terms of execution time, team07 stood out as the fastest model, running 166× faster than the baseline (2.68
sec vs. 445.48 sec), with only a 0.74% drop in accuracy (0.9911 vs. 0.9985). Team09 also achieved a 46× speed-up
while maintaining a high accuracy, just 0.25% below the baseline. Team03 performed nearly 33× faster, with a 0.12%
reduction in accuracy.

The results also show that all teams that outperformed the baseline in accuracy also ran faster than the baseline
model (445.48,sec). For instance, the two teams with perfect accuracy (teams 05 and 20), were substantially faster.
Team05 ran over 15× faster (28.06,sec vs. 445.48,sec), while team20 was nearly 5× faster (92.46,sec vs. 445.48,sec).

As for comparing the execution time between models, figure 2 shows a histogram of log10 execution times,
highlighting the difference between deep learning and non-deep learning models. The histogram reveals a wider spread
of execution times among deep learning models, reflecting the variation between shallow, lightweight CNNs and more
sophisticated architectures. In contrast, non-deep learning models exhibit a narrower distribution, indicating more
consistent behavior and shorter, more efficient execution times overall.

Further comparison of deep learning models versus non-deep learning models can be seen in Figure 3, which
shows a scatter plot of both approaches. A clear distinction can be observed between them.

Non-deep learning models, coloured in green, generally used far fewer features, often fewer than 2,000, and
achieved relatively low execution times, highlighting their efficiency. These models also exhibited a linear trend on
the y-axis, reflecting an efficient and predictable execution pattern, which corresponds to our earlier observations in
Figure 2.
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In contrast, deep learning models, coloured in blue, mostly operated on fixed-size image inputs (e.g., 128×128 or
224×224), resulting in feature counts clustering around 50,000 and higher. Their execution times varied more widely,
suggesting that model architecture has a greater impact on performance than feature count alone. Notably, team07
managed to achieve the lowest execution time among all submissions despite using over 5,000 features, indicating
strong architectural optimization.

The baseline model had the highest number of features and was among the slowest in execution time, reinforcing
the challenge of balancing complexity and speed.

Figure 4 explores the relationship between execution time and the number of model parameters, with point colour
representing accuracy. As expected, models with a larger number of parameters tend to have longer execution times.
However, this is not always the case. For instance, team10 achieves high accuracy with over 1 million parameters
but remains relatively efficient, while team15 shows high runtime despite having fewer parameters than the baseline.

A cluster of efficient models can be seen in the lower-left region, including team04, team08, team09, and team07,
which maintain relatively low parameter counts and execution times while still achieving strong accuracy (darker
yellow). Team07, in particular, stands out for combining a low parameter count and a very short runtime, while
achieving accuracy very close to the baseline, highlighting it as a well-optimized solution.

Overall, the figure suggests that while more parameters often lead to increased runtime, accuracy is not strictly
tied to model size, and careful architecture choices can yield compact, fast, and accurate models.

In terms of memory usage, several teams delivered solutions that consumed significantly less memory than the
baseline model (12976.80,MB). We have Team07 again stood out, using just 6245.40,MB, over 2× smaller than the
baseline. Other memory-efficient solutions included team01 (about 2× smaller), and team16 (about 1.6× smaller).
On the other hand, a few models, such as team02, team04, team06, team08, and team12, used more memory than
the baseline, all of which are deep learning methods.

When looking at code size, team01 achieved the smallest submission at just 0.0029,MB, which is over 400× smaller
than the baseline model (1.1632,MB). Other compact solutions included team05 (about 110× smaller) and team16
(about 30× smaller). However, some models had substantially larger footprints, particularly team02, team10, and
team14, whose models exceeded 7,MB, all of which used the frozen pre-trained layer MobileNetV2 in their model
architecture.

Table 1: Overview of Teams, Preprocessing Steps, and Models Used

Team# Contributors Preprocessing Model Name

Baseline Keenan A. A. Chatar, Ezra
Fielding, et al.

No preprocessing Conv2D(16→128, 3×3) + MaxPool ×4 →
GlobalAvgPool → Dense(5, softmax)

team01 Bakang Kgopolo, Mpho Carol
Jan, Isaac Opio, Karabo K
Ndebele

Greyscale → Crop → Resize
→ Extract 23 features (stats,
texture) → Standardizatoin

SGDClassifier

team02 Dihariniaina RABEARI-
MANANA, Nancy TO-
VOLAHY, Tahinasoa Misan-
dratra RAZAFINTSALAMA

Resize to (224×224) → Nor-
malize (/255) → Augment →
Class balance

Dual-branch: MobileNetV2 (frozen) + cus-
tom CNN → GlobalAvgPool → Concat →
Dense(128) → Dense(5, softmax)

team03 Rojoniaina RASOAFARIHY,
Toky Sandratra Miharimamy
RASAMOELINA, i Hery
Tiana RAKOTONDRAMI-
ARANA

Greyscale → Resize
(128×128) → Extract 8
features (stats, edges)

Random Forest

team04 Rova Isaia Andriamamy,
Harena Ranaivoson, Valdo
Tsiaro Hasina Ndimbisoa

Resize to (128×128) → Nor-
malize (/255)

SeparableConv2D(16→64, 3×3) + MaxPool
×2 → GlobalAvgPool → Dense(5, softmax)

team05 Toavina LEONG POCK-
TSY, Tohavina RAOELI-
NASIMBOLAMALALA

Greyscale → FeatExt (LBP
histogram, 256 bins)

Linear SVM

team06 RAHAJAHARIVONY
ROJOTIANA FAN-
DRESENA JESSICA,
LIANTSOA RANDRI-
ANASIMBOLARIVELO,
RAFANOMEZANTSOA
PIERROT

Normalize (/255) → Resize to
(128×128)

SeparableConv2D(16→128, 3×3) + BN +
ReLU + MaxPool ×4 → GlobalAvgPool →
Dropout → Dense(5, softmax)
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Team# Contributors Preprocessing Model Name

team07 Marcia Jennifer RAKOTO-
SON , Iriana Anthony Du-
randal Rasoanaivo, i Ilo Ma-
homby RANDRIANATOAN-
DRO

Downsample using slicing
(::12) → (42×42)

Conv2D(20) → DepthwiseConv2D(3×3,
s=3) → Conv2D(28, 1×1) → DepthwiseC-
onv2D(3×3, s=2) → Conv2D(36) → GAP →
Dense(5, softmax)

team08 Mirindra Randriamanantena,
Jeanny Fidelica TSARA-
MANGA, Fanomezana
Sarobidy RAZAKAHASINA

Resize to (128×128) → Nor-
malize (/255)

Conv2D(8, s=2) → DWConv → Conv2D(16)
→ MaxPool → DWConv → Conv2D(32) →
MaxPool → DWConv → Conv2D(64) → Max-
Pool → GAP → Dense(5, softmax)

team09 Tsantaniony RAZAIARIMI-
HAJASOA, Rina Ralijaona

Resize to (128×128) Conv2D(8, s=2) → 3× MobileNet-style bot-
tlenecks → GlobalAvgPool → Dense(5, soft-
max)

team10 Shain Mukungu, Gregorio
Marychen, Landuleni Kaship-
ulwa

Resize to (128×128) → Nor-
malize (/255)

MobileNetV2 (frozen, α=0.75) → GlobalAvg-
Pool → Dense(128, ReLU) → Dropout →
Dense(5, softmax)

team11 Max Haikali, Sigrid Shilunga,
Geno Gurirab

Resize (256×256) → CLAHE
(L-channel) → Edge overlay
→ Normalize (/255) → Data
Aug

Conv2D(16→128, 3×3) + MaxPool ×4 →
GlobalAvgPool → Dense(64) → Dense(5, soft-
max)

team12 Eunice dos anjos, Gilson G.
Vicente, Rogério Langa

Resize to (128×128) Conv2D(16, s=2) → 3× Bottleneck (expand
+ DWConv + project) → GlobalAvgPool →
Dense(5, softmax)

team13 Ezequias Miocha, Francisco
Ernesto Uqueio, Milton Paulo
Mbalate

Resize (128×128) → FeatExt:
HOG + Color Hist (896 fea-
tures)

Dense(64, ReLU) → Dense(5, softmax)

team14 UWAMAHORO Leopord,
DUSENGE Mediatrice,
BAVUGAMENSHI Valens

Resize (224×224) → Normal-
ize (/255)

MobileNetV2 (frozen) → GlobalAvgPool →
Dense(5, softmax)

team15 Silamlak Desye, Jemila
Muhidin, Melat Kebede

No preprocessing Conv2D(8→32, 3×3) + MaxPool ×3 → Sepa-
rableConv2D(64) + BN + MaxPool → Glob-
alAvgPool → Dense(5)

team16 Addisu Mengistu, Chalie Li-
jalem, Turemo Bedaso

Greyscale → Resize
(128×128) → Normalize
(/255) → FeatExt (Quan-
tiles, Sobel, Laplacian, HOG,
LBP) → SMOTE → FeatRed

Logistic Regression

team17 Paula Silva, Josephin
Chamoun-Contreras

Adjust contrast/brightness
→ Normalize (/255) →
Resize (95×95) → Greyscale
→ RGB

Conv2D(16→128, 3×3) + MaxPool ×4 →
GlobalAvgPool → Dense(5, softmax)

team18 Rubén José Carcamo, Maŕıa
Laura Oyarce

Greyscale → FeatExt
(Fourier: Energy, Stats,
Missing Ratio, Intensity
STD)

Random Forest

team19 C. E. Perez-Ramirez, Nous-
aba Nasrin Protiti

Greyscale → FeatExt (Lapla-
cian mean/std, entropy, %ze-
ros, mean)

ELM (5 input features → hidden layer → 5-
class output)

team20 Gabriel Christino, Marcela
Gouvêa, Matheus Poltronieri

Resize (224×224) → Normal-
ize to [-1, 1]

MobileNetV2 (frozen, α=0.35) → GlobalAvg-
Pool → Dense(5, softmax)
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Table 2: Performance and resource metrics of the top 20 solutions

Team# Total feat v time (sec) memory
(MB)

CPU accuracy f1 score Code Size

Baseline 786432 98085 445.48 12976.80 87.478 0.9985 0.9985 1.1632

team01 23 N/A 36.73 6728.65 99.670 0.9842 0.9841 0.0029

team02 150528 2450565 212.50 16426.17 95.750 0.9993 0.9993 11.3868

team03 8 N/A 13.43 8595.25 99.148 0.9973 0.9973 1.8158

team04 49152 3504 25.42 14687.11 71.740 0.9998 0.9998 0.0411

team05 256 N/A 28.06 8649.85 99.588 1.0000 1.0000 0.0105

team06 49152 13440 44.56 14859.14 76.853 0.9983 0.9983 0.2280

team07 5547 2857 2.68 6245.40 52.030 0.9911 0.9911 0.0695

team08 49152 4613 15.22 13718.76 76.288 0.9951 0.9951 0.1553

team09 49152 2797 9.61 12940.55 88.653 0.9960 0.9960 0.1362

team10 49152 1546677 46.30 9306.31 92.607 0.9995 0.9995 7.6959

team11 196608 106021 167.89 21357.07 66.470 0.9993 0.9993 1.2586

team12 49152 106981 24.81 14822.80 58.481 0.9751 0.9750 0.1528

team13 896 57733 18.95 8772.23 99.381 0.9948 0.9948 0.2303

team14 150528 2264389 214.10 14691.22 82.108 0.9985 0.9985 9.1702

team15 786432 9013 265.45 12596.30 88.569 0.9993 0.9993 0.1495

team16 1782 N/A 31.59 8289.06 99.721 0.9993 0.9993 0.0395

team17 27075 98085 26.95 8323.79 94.607 0.9943 0.9943 1.1632

team18 7 N/A 71.41 8325.00 99.834 0.9946 0.9946 2.2433

team19 5 N/A 44.75 8341.16 100.427 0.9990 0.9990 0.1263

team20 150528 416613 92.46 14575.18 79.206 1.0000 1.0000 2.1688

Figure 2: Histogram comparing the log execution time of deep learning and non-deep learning models.

4.2 Impact of Hackathon Design on Hackathon Solutions

In this section, we present results that show how the hackathon structure affected the solutions. The results came
from the participant survey administered on the final day of each regional hackathon. In total, we received 120 survey
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Figure 3: Scatter plot showing the relationship between execution time and the total number of features for deep
learning and non-deep learning models.

responses out of 189 participants (120/189).
For the pre-event material (the building blocks of the flipped classroom), Figure 5 shows that about 65% of

participants spent more than 4 hours on the materials, with 21%(25 participants) spending more than 9 hours. Not
all participants received the materials a full two weeks in advance: only about 50% reported receiving them at the
two-week mark, while others received them later due to late registrations or local logistics. Regarding perceived
usefulness, Figure 6 shows that more than 30 participants rated both the challenge notebook and the video as “very”
or “extremely” helpful.

For the hackathon environment overall, 80% of respondents reported that it encouraged them to think creatively
and analyse problems in new ways. To gain greater insight, we then asked which hackathon aspect helped the most in
solving the challenge. Three prominent answers emerged: mentor assistance, teamwork, and the pre-event materials.
Out of 122 respondents, 27 mentioned mentor guidance (e.g., “The mentor guidance provided invaluable insights,
clarified complex concepts, and helped refine our ideas.”). Teamwork was cited by 47 respondents, highlighting
diverse skills within teams and openness to each other’s ideas (e.g., “Dividing tasks and sharing ideas helped us test
approaches efficiently and find solutions faster.”). The highest category was the pre-event materials, mentioned by
57 respondents, often for clarity and time savings (e.g., “The detailed problem statement and suggested resources
helped us focus early and saved valuable time during the hackathon.”).

Another key factor behind achieving solutions that exceeded the baseline was the iterative trial-and-error process
that allowed teams to move quickly between approaches, as described by several teams in Appendix B. Many teams
followed this adaptive workflow. For instance, teams 02, 04, 06, 07, 08, and 10 reported iterative testing cycles
where models were continuously refined and compared based on early results. Team 07 (fastest running solution),
in particular, held review sessions every two hours to evaluate progress and adjust architectures, while team 09
alternated between CNNs and classical ML methods before ultimately selecting a CNN due to its more promising
performance

Several teams also combined background research with experimentation, using open-source notebooks, online
tutorials, and even the pre-hackathon videos to guide their design choices (e.g., teams 03, 04, 11, 15, and 16).
Some drew direct inspiration from the introductory video strategies, where images were represnted by a histogram.
Team15, for example, optimized the baseline by reducing filter sizes and applying SeparableConv2D, while team16
discovered that logistic regression could perform competitively with minimal features.

This iterative process of rapid testing, switching between methods, and refining architectures enabled participants
to explore a wide solution space in a short time. Further documentation of these processes can be found in Appendix
B, which includes the short summary reports submitted by the top 20 regional teams.
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Figure 4: Execution time vs total parameters for the deep learning models, colored by accuracy.

5 Discussion

5.1 Data Science Solutions

There is a long debate in the literature arguing that deep learning models adopted in research are often unnecessarily
complex, when in fact simpler models could perform just as well, and with greater efficiency [83]. The baseline
method used in this study reflects this issue where an overly complicated model was used for the task at hand. By
contrast, solutions from regional participants produced models that were simpler much more efficient while achieving
comparable (or better) accuracy.

Unlike tasks such as face recognition in humans or animals, which require sophisticated deep architectures, our
challenge involved identifying simple objects in the sky that fall into five categories: Priority, Blurry, Corrupt, Missing
Data, and Noisy. This relatively simple classification problem does not necessarily benefit from deep or large-scale
architectures. Furthermore, the nature of the CubeSat challenge requires models that are not only accurate but also
efficient [64]. This was the main motivation behind the baseline model, which the authors described as an ultra-light
CNN, featuring an 11-layer architecture, just 100 KB in size, and uses no preprocessing.

While two models from the regional hackathons achieved perfect accuracy (100%) with shorter runtimes than the
baseline, we chose to highlight a different model for its practical trade-off: a much faster runtime while maintaining
nearly the same accuracy. This was the solution submitted by team07, our winning model, which ran 166× faster
than the baseline. Compared to the baseline’s 11-layer architecture with 98,085 parameters, team07’s model used
only 2,857 parameters, representing a drastic reduction in complexity. It also consumed less than half the memory of
the baseline model, making it highly suitable for deployment in resource-constrained environments, such as CubeSats.

In just three days, regional participants submitted 48 models. Of these, 20 met our evaluation criteria, achieving
over 95% accuracy and running faster than the baseline. This shows that well-designed hackathons are not only for
novel ideas; they can deliver novel, deployable solutions in very short timeframes.

Among the 20 qualifying models, both deep and non-deep learning strategies were represented, with some teams
using classical methods like Random Forest and Logistic Regression, while others used CNNs, including pre-trained
architectures such as MobileNetV2.

The fact that the task involved five different classes did not seem to negatively affect model performance. Accuracy
and F1-scores were nearly identical, even though the dataset was imbalanced. For instance, the Priority class had
about 7,460 images ( 36%), while the Corrupt class had only 1,338 ( 7%).

Several of the strategies outlined in Table 3 were clearly reflected in the submitted solutions. For example, many
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Figure 5: Time spent on pre-event materials.

teams began with pre-trained or shallower CNNs, aligning with the recommendation that a simpler method might
be sufficient. As for the preprocessing teams used greyscaling, resizing, and intensity normalization, often avoiding
excessive downscaling, as was advised in the video. However, it’s worth noting that the winning solution actually
did apply excessive downscaling, a strategy that worked well in their case but was not recommended in the video.

Non-deep learning teams frequently applied feature extraction methods such as quantiles, histograms, or edge
descriptors, showing a clear link to the traditional ML strategies mentioned. That said, a few teams out of the 20
analysed solutions went in the opposite direction, using large frozen models that often led to much longer runtimes,
contradicting the advice for compact design. As for ensemble methods were also suggested in the video, very few
teams appeared to try them.

The video received close to 900 views on YouTube, and based on available insights such as survey responses,
most participants did watch it. However, hackathons tend to encourage total creativity and freedom, so suggesting
specific strategies might be perceived as limiting innovation [84]. Still, expert advice, often grounded in intuition
built through years of experience which can save lots of time and effort. That said, the connection between the video
and the participants was quite loose. Ultimately, it is the final testing on data that judged whether a strategy yields
good results or not.

So the success of a solution depends heavily on the testing procedure each team adopted. Fast, iterative testing
is what allows teams to converge toward better solutions in a short amount of time, a suggestion also emphasized in
the video. All of this aligns with principles from design science: building effective prototypes depends not only on
creative ideas but on the iterative refinement process behind them.

5.2 Time-Change Compression

Time is the most important defining feature of hackathons. Their short timeframe creates intensity and pressure,
which can result in accelerating innovation. However, most hackathon literature ends up producing novel ideas or
early prototypes. Our work shows that hackathons can go beyond this by generating deployable solutions, resulting
in the compression of change through the compression of time. This shifts the focus from just acceleration to the
introduction of the Time-Change Compression (TCC) concept.

In time–space compression, new technologies reduce the time it takes to overcome distance, allowing information,
goods, and people to move faster. However, In TCC, well-designed short temporal frames enable more mature
outcomes in less time, shortening the path to a specific desired change. In other words, it is the annihilation of time
in attaining the highest order of change.

Humanity faces many challenges that demand faster problem-solving, creaeing natural pressure and a need to
respond in an agile way. Technology is usually the default option because it can reduce time, for example by
enabling quicker experimentation [85]. But technology’s ability to compress time is only one part of the picture. In
many cases, current incentives push technology toward financial returns rather than the most urgent social needs.
Therefore, besides using or developing technology itself, we should explore other forms of time compression that
deliver immediate change. In fact, a fuller picture is where technology is one piece of the puzzle, which can only
make change more immediate and meaningful when guided by people. We can design compressed-time environments
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Figure 6: Perceived usefulness of pre-event materials.

where people with the right will, motivation, and skills work with the right advanced techniques and tools to compress
work that would take years into days or even hours, to improve human well-being.

In this study, we showed that outcomes more mature than those commonly reported in hackathon literature can
emerge from short, well-designed temporal structures. We achieved this by increasing the rate of iterative, parallel,
and competitive prototyping, all guided by shared resources such as the research video, the notebook challenges, and
other materials, and supported by computing power, and by selecting skilled young individuals.

It is hoped that further improvement to this new design structure will produce more mature outcomes in less time.
One practical step is to run all regional hackathons in the same week, allowing maximum parallel experimentation,
while also letting participants test prototypes in real or realistic contexts. For example, in this hackathon event,
each team could have tested their prototypes on a Raspberry Pi 4, which mimics the constrained environment of
CubeSats. Another step is to create a public board where team scores are posted so all teams can see them and
try to improve [86]. These examples push solutions toward higher maturity by increasing the rate of iterative and
parallel prototyping, moving from deployable to field-tested solutions.

Compared with existing literature, our approach follows a more structured design with the explicit aim of pro-
ducing a more mature solutions that outperform a published baseline. Many hackathons described in the literature
allow for a looser structure. For example, some hackathons pre-define multiple challenges and assign different teams
to work on different problems [46,47,87]. Others adopt an even more flexible format, allowing participants to define
their own challenges during the hackathon and then ideate possible solutions [25,42–44,50,52,60,88–91]. Some also
accept participants based only on interest, with no minimum skill requirement [86]. While these events are easier to
implement and scale, their impact is typically limited to novel ideas or early prototypes.

6 Conclusion

Time is the defining characteristic of hackathons; it is the art of compressing activities into a short period to achieve
ambitious outcomes for humanity. In this study, we show how hackathons can be advanced as a tool to deliver
more mature solutions, moving from novel ideas to deployable solutions. Our novel prototyping mechanism through
hackathons produced 20 deployable solutions, with the best running 166× faster than the baseline while maintaining
the same accuracy. The solutions also reveal current trends and trajectories in machine learning and data science, as
well as demonstrating how participants from different parts of the world apply these methods to solve challenges. For
future studies, we suggest testing different short-time structures, together with techniques and tools that compress
time, to achieve even higher-quality solutions in less time, resulting in even greater impact.
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mation analysis and tracking dashboard. In 2023 International Conference on Military Communications and
Information Systems (ICMCIS), pages 1–6. IEEE, 2023.

[52] Siqi Liu, Qianwen Stephanie Ko, Kun Qiang Amos Heng, Kee Yuan Ngiam, and Mengling Feng. Healthcare
transformation in Singapore with artificial intelligence. Frontiers in Digital Health, 2:592121, 2020.

[53] William K Jones, Redouane Lguensat, Anastase Charantonis, and Duncan Watson-Parris. The 2020 climate
informatics hackathon: Generating nighttime satellite imagery from infrared observations. In Proceedings of the
10th International Conference on Climate Informatics, pages 134–138, 2020.

19



[54] James J Morrison, Jason M Hostetter, Abhi Aggarwal, and Ross W Filice. Constructing a computer-aided
differential diagnosis engine from open-source APIs. Journal of digital imaging, 29(6):654–657, 2016.

[55] Andrea Navas-Olive, Adrian Rubio, Saman Abbaspoor, Kari L Hoffman, and Liset M de la Prida. A ma-
chine learning toolbox for the analysis of sharp-wave ripples reveals common waveform features across species.
Communications Biology, 7(1):211, 2024.

[56] Seffi Cohen, Noa Dagan, Nurit Cohen-Inger, Dan Ofer, and Lior Rokach. ICU survival prediction incorporating
test-time augmentation to improve the accuracy of ensemble-based models. IEEE Access, 9:91584–91592, 2021.

[57] Meagan Flus and Ada Hurst. Design at hackathons: new opportunities for design research. Design Science,
7:e4, 2021.
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A Appendix: Table

Category Strategy

General
• Start with simple (underperforming) or complex (overdesigned) models and adjust accord-
ingly.

• Always make choices based on reasoning, not randomness.
• Use preliminary calculations to guide design decisions (e.g., complexity, MACs).
• Streamline test procedures for fast iteration and comparison.

– UseChatGPT with specific queries to generate and adapt useful exploratory/test code.

• Look at data (visuals, class imbalance, labeling issues) before designing solutions.
• Evaluate trade-offs (speed vs. accuracy, complexity vs. interpretability).

Pre-processing
• Downscale images moderately (e.g., 512→256 instead of 512→64).
• Try cropping image sections (e.g., 4 corners) to preserve resolution.
• Consider using only 1 channel instead of RGB or grayscale.
• Explore intensity histograms / quantiles as compressed representations.
• Use edge detection (Sobel, Canny) or OpenCV to extract features like star boundaries.

Machine Learn-
ing • Use flattened inputs like quantiles or histograms for non-spatial models.

• Include zero intensities to help detect missing data.
• Try faster models like Logistic Regression or SGDClassifier.
• Explore combining models: ensembles, sequential, or voting-based methods.
• Balance classes in the training set to reduce bias (especially for weak models).

Deep Learning
• Use CNNs (not RNNs/LSTMs) for image tasks.
• Reduce number of convolutional layers if too deep.
• Reduce number of feature maps when using small kernels (e.g., 3×3).
• Consider larger pooling (e.g., 3×3), or adding/replacing with stride.
• Use ReLU for activation (fast and effective).
• Use Global Average Pooling to summarize spatial features.

Training and
Testing • Use balanced, reduced datasets for fast experimentation.

• Track training and validation accuracy/loss trends to spot issues.
• Repeat training multiple times to account for random variation.
• Investigate misclassifications using the confusion matrix.
• Use final test notebook to evaluate accuracy, F1 score, and evaluation time.

Table 3: Summary of strategies mentioned in the video for designing efficient and accurate models
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B Appendix: Successfully Submitted Models Descriptions

In this appendix, we share the regional teams’ solutions, including the motivation behind their chosen model, how
they developed it, the preprocessing steps they applied, and a description of the selected machine learning model.

B.1 Team01(4/4)

Our team evolved from a basic pixel-based approach to an advanced feature engineering solution for astronomical
image classification. We initially chose the SGDClassifier for its computational efficiency and scalability with large
datasets. However, after observing poor performance, particularly significant confusion between the Priority, Noisy,
and Blurry classes, we pivoted to feature engineering while maintaining the same efficient classifier. This preserved
speed and interpretability while dramatically improving accuracy.

We began with standard image preprocessing but quickly identified that raw pixel values were insufficient for
subtle astronomical distinctions. Through iterative testing, we discovered that domain-specific features extracted
from the images provided much better class separation than raw pixels. The t-SNE visualizations confirmed improved
feature space clustering after our enhancements.

In the original preprocessing pipeline, we used grayscale conversion, normalization to [0,1], resizing to 64×64, and
flattening to 4,096 pixel features. In the improved pipeline, we applied central cropping (70% of the original image
to focus on key regions), grayscale conversion, resizing to 64×64, and then comprehensive feature extraction yielding
23 engineered features.

We maintained the SGDClassifier but enhanced its effectiveness through feature engineering and optimization.
The 23 features included basic statistics (mean, standard deviation, quantiles), edge density via Sobel filters, texture
analysis using Laplacian variance, Shannon entropy for complexity measurement, bright pixel detection, Local Binary
Pattern histograms, and HOG feature summaries. Model optimization involved balanced class weighting to address
imbalanced data, early stopping for convergence efficiency, and parallel processing across four cores. We also applied
StandardScaler to normalize the 23 features.

This transformation from 4,096 raw pixel features to 23 engineered features achieved 99.7% accuracy, with per-
fect classification of critical Priority class images while maintaining computational efficiency suitable for CubeSat
deployment.

B.2 Team02(3/3)

The training competition provided both a challenge and an opportunity to address a real-world problem under
realistic constraints. Our participation was driven by two main factors: the immediate prize and, more importantly,
the opportunity to contribute as co-authors to the forthcoming CubeSat paper, where the outcomes of the competition
would have direct scientific relevance.

We adopted a lightweight and well-documented deep learning model, chosen for its practicality, accessibility,
and suitability to the competition’s evaluation criteria. While the architecture achieved short evaluation times and
required minimal memory, our primary objective was not efficiency alone but reliable classification performance. On
the evaluation dataset, the model achieved 100% accuracy and F1 score, a result of particular importance in the
astronomical context, where every pixel in an image may contain scientifically valuable information. By eliminating
misclassification, we ensured that high-quality images were preserved without discarding data that might later prove
scientifically meaningful.

Our methodology combined background research with systematic experimentation, informed by available docu-
mentation, tutorials, and shared notebooks. Starting from a base CNN, we refined its performance through careful
hyperparameter tuning and architectural modifications. To reduce computational cost while maintaining accuracy,
we simplified the design and implemented fine-tuning using MobileNetV2 as a lightweight backbone. This approach
offered a strong balance between efficiency and accuracy, aligning with the competition’s constraints while retaining
scientific reliability.

We also employed an iterative strategy in which alternative model variants were regularly tested and compared,
enabling continuous monitoring of improvements. Preprocessing steps were an essential component of this workflow:
we balanced the dataset to correct for class representation and applied input size reduction to decrease computational
demands. These modifications were systematically validated to confirm their negligible impact on classification
performance.

B.3 Team03(2/3)

We chose Random Forest as ML approach because our task involved image classification. Also, this model relatively
has low training time and is easy to implement, which was ideal given the limited computational resources and time
constraints of the hackathon. Our priority was maximizing accuracy under time constraints and simplicity of the
model architecture understanding.
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Our team began by exploring similar problems on Kaggle and GitHub to understand common modeling strategies.
We also reviewed tutorials and papers related to image classification. Especially the tutorials given during the few
days of pre-hackathon were helpful. Initially, we built a simple baseline model to evaluate feasibility, and then
iteratively refined it by tuning hyperparameters and testing different classical model like Support Vector Machine
(SVM).

Before feeding the data into our model, we performed several preprocessing steps that provide a big impact into
satellite image classification, as known as features extractions. Images were resized to 128x128 pixels to standardize
input dimensions and reduce computational load. We also applied grayscale conversion to reduce complexity because
color did not provide additional discriminative power in our problems. The most important approaches that we
also applied to all images are Laplacian Variance (blur detection), Black Pixel Ratio, Canny (edge feature), Edge
Pixel Ratio, Entropy, the image intensity statistics as Mean (brightness), Standard Deviation (contrast), Skewness
(brightness asymmetry) and Kurtosis Peakedness (distribution sharpness). Finally, we got feature vector of 8 values
per images.

We designed the Random Forest classifier with 50 estimators to limit the number of trees in the forest to 50 and
reduce training time and resource usage, -1 jobs allows the model to use all available CPU cores during the training
which helps speed up the model fitting process and 42 random state to ensure that the results are reproductible which
is crucial for debugging, iterative improvements and comparing results across different experiments. This approach
provided a good balance between performance and interpretability.

B.4 Team04 (3/3)

Our team selected a lightweight Convolutional Neural Network (CNN) architecture to balance performance, speed,
and memory efficiency. The use of SeparableConv2D layers was motivated by their computational efficiency, as they
reduce parameters while maintaining strong feature extraction capabilities. This design prioritized scalability for
resource-constrained environments such as edge devices or cloud platforms with limited memory. Additionally, the
model’s simplicity enabled faster training and inference times—approximately 12 minutes with 20 epochs and a batch
size of 8.

We began by testing various architectures, including pretrained models like MobileNet and EfficientNet, using
128×128 input images. However, these models were slower during training, achieved lower accuracy compared to
our SeparableConv2D-based model, and had significantly larger sizes. We also experimented with DepthwiseConv2D
but found it less effective in terms of accuracy.

To refine our approach, we conducted extensive research on lightweight CNNs, leveraging online tutorials and
open-source notebooks provided by the Hackathon organizers. Through iterative experimentation, we optimized the
model by reducing layer complexity, fine-tuning hyperparameters, and adjusting preprocessing steps.

Data preparation included:

• Resizing: Images were resized to 128×128 pixels to standardize dimensions and reduce memory usage.

• Normalization: Pixel values were scaled to [0, 1] to stabilize training and improve convergence.

• One-hot Encoding: Labels were converted into one-hot vectors to align with the categorical cross-entropy loss
function.

• These steps ensured consistency across the dataset and enhanced the model’s ability to learn meaningful
patterns.

The final model architecture included:

• SeparableConv2D Layers: Lightweight convolutional layers that efficiently extracted features while minimizing
computational costs.

• Pooling Layers: MaxPooling2D layers progressively reduced spatial dimensions, focusing on high-level features
while keeping the parameter count low.

• GlobalAveragePooling2D: Replaced fully connected layers, reducing model size and mitigating overfitting.

• Output Layer: A dense layer with softmax activation to produce probability distributions over the five classes.

The model was compiled with the Adam optimizer and categorical cross-entropy loss, chosen for their robustness
in multi-class classification tasks.
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B.5 Team05(2/2)

Our team opted for this model due to its low resource usage and interpretability. The texture-based feature extraction
we used, however, had to be implemented from scratch, and although we tried to optimise it using NumPy vectori-
sation, it still is not fully optimised and compromises slightly in speed compared to most CNN models. However,
the model performance and explanability make it reliable for the task, which led to its choice.

We came up with our solution after researching through literature on computer vision ranging from old methods
relying on manual feature extraction techniques to modern CNN and transformer-based computer vision models. We
evaluated the advantages and disadvantages of each technique and made our decision regarding the solution after
conducting tests on several options.

The model relies on an SVM classifier after extracting features from the data using local binary patterns. We
selected local binary patterns because, through the visualisation of the transformed images, we can identify similar
traits among images belonging to the same class. Additionally, further visualisation of the features through techniques
like t-SNE revealed that they were highly discriminative. The selection of the classifier was based on evaluations of
various models, including logistic regression, random forest, and gradient boosting, across multiple hyperparameter
configurations. For SVM we tuned the kernel by testing linear, poly and RBF kernels. The SVM classifier with a
linear kernel turned out to yield the best accuracy and F1 score among the tested classifiers.

B.6 Team06(3/3)

Our team addressed the CubeSat Image Classification challenge, where the main limitation is the extremely restricted
computational power, storage, and downlink capacity of CubeSats. Transmitting all raw images to Earth is impracti-
cal, so we designed a lightweight and accurate onboard model to prioritize the most valuable images for transmission.
Our goal was to balance efficiency, accuracy, and minimal resource usage, which is essential for embedded space
applications.

We chose a compact CNN with SeparableConv2D layers to reduce computation and memory while maintaining
high accuracy. Separable convolutions decompose standard convolutions into depthwise and pointwise operations,
cutting parameters and operations, and making the model suitable for real-time, resource-constrained deployment.
This approach prioritizes speed and deployability over very deep conventional CNNs.

Our approach combined a literature review on mobile-friendly CNNs with iterative testing. Standard convolutions
were replaced by separable ones after comparing accuracy and inference speed. Class weights were applied to mitigate
data imbalance, and hyperparameters such as batch size and learning rate were tuned for better generalization.

Images were resized from 512×512 to 128×128 and normalized to [0,1] to reduce computation. Light augmenta-
tion, including rotations and flips, improved robustness without distorting essential features. Aggressive denoising
was avoided to preserve texture details crucial for class separation.

The final model includes four feature extraction blocks consisting of SeparableConv2D, BatchNormalization,
ReLU, and MaxPooling2D, followed by GlobalAveragePooling2D, Dropout, and a Dense Softmax output. Training
used the Adam optimizer, categorical crossentropy, a batch size of 32, and 15 epochs. Replacing fully connected
layers with global pooling reduced parameters while maintaining discriminative power.

This lightweight CNN achieves an effective balance of accuracy, speed, and efficiency, supporting onboard CubeSat
image triage under strict hardware constraints.

B.7 Team07 (3/3)

We chose deep learning over traditional machine learning because CNNs are specifically designed for image processing
and avoid the need for manual feature extraction. For this hackathon, we used a custom, lightweight CNN architecture
inspired by the base CNN model that was already efficient and easy to interpret. We simplified the architecture to
improve computational efficiency while ensuring that priority images could still be accurately classified.

We relied on the provided resources as well as external ones such as videos and research papers. We started with
the base CNN architecture and focused on improving its performance by experimenting with different hyperparam-
eters and architectural variations. To reduce computational cost, we simplified the existing architecture as much
as possible while maintaining accuracy. We followed an iterative and empirical approach, regularly comparing the
results of different models. Every two hours, we held discussions to evaluate which architecture was most likely to
produce the best results.

For preprocessing, we downsampled the input images from 512×512 to 42×42 by slicing, which reduced com-
putations by 99% with minimal impact on accuracy. While this reduction is unconventional, since downsampling
is usually done by powers of two, it was justified in our case, as the star images are relatively simple and contain
limited visual complexity, which helped preserve the essential features despite the drastic size reduction. We used a
7 layers Sequential CNN model with:

• One Convolution layer with ReLU activation and (3,3) kernels and 20 filters
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• One Depthwise convolution layer with ReLU activation and (3,3) kernels and strides(3,3)

• One Convolution layer with ReLU activation and (1,1) kernels and 28 filters

• One Depthwise convolution layer with ReLU activation and kernels (3,3) and strides (2,2)

• One Convolution layer with ReLU activation and kernels (1,1) and 36 filters

• Global Average Pooling 2D to minimize parameters

• A dense layer with softmax output layer for 5-class classification

B.8 Team08(3/3)

Our team’s goal was to design a lightweight yet accurate image classification solution suited for resource-constrained
environments like CubeSats. We explored several approaches to balance accuracy, model size, and inference speed.

We evaluated different CNN architectures and machine learning pipelines. MobileNetV3-like CNN provided
strong accuracy by using Squeeze-and-Excitation and inverted residual blocks. SqueezeNet offered a very compact
architecture with accuracy close to AlexNet but with 50× fewer parameters, matching our aim for deployment on
limited hardware. Classical pipelines combining CNN features or handcrafted features, such as HOG with SVM,
performed reasonably well but required more complex preprocessing and had slower inference.

We carried out extensive background research, consulted tutorials and papers, and iteratively built and tested
prototypes. Models were compared by accuracy, size, and computational load. After several experiments, MobileNet-
like models emerged as the best trade-off between accuracy and efficiency.

Preprocessing included resizing images to fit model input, normalization to stabilize learning, and using the
imblearn framework to address class imbalance. For the handcrafted pipeline, we extracted HOG features and tested
CNN-based feature extraction combined with dimensionality reduction.

The final model, based on a MobileNet-like architecture, uses inverted residual blocks and Squeeze-and-Excitation
modules to emphasize important features while keeping the model lightweight. It was trained from scratch with tuned
hyperparameters to maximize accuracy without adding unnecessary complexity. Alternative pipelines using CNN
feature extractors followed by SVM classifiers achieved decent accuracy but were slower and less suited for real-time
deployment.

Throughout the project, we focused on creating a model that is both efficient and robust for deployment on small
satellites. After comparing different strategies, we concluded that the MobileNet-like architecture best balanced size,
speed, and accuracy, aligning with our initial goal of a lightweight yet effective solution.

B.9 Team09 (2/2)

We aimed to build an image classification pipeline that runs efficiently in the limited environment of a CubeSat.
Given limited memory and compute, our priority was to build a lightweight yet accurate model .We adopted a
CNN architecture based on MobileNet-style bottleneck blocks, inspired by MobileNetV2 to address strict resource
constraints. Our priority was to design a model that offered a trade-off between efficiency and accuracy.

We initially experimented with standard architectures such as MobileNetV2, but found them too large and slow
for our use case. So we simplified it by reducing the number of layers and channels, while still retaining its core
efficiency mechanisms.

To come up with the solution, we divided the work: one focused on CNN design and optimization, while the other
explored traditional machine learning methods to compare. Early testing showed that the CNN approach was more
promising, so we shifted our efforts toward refining and compressing it for deployment. We consulted the research
paper MobileNetV2: Inverted Residuals and Linear Bottlenecks as well as the Keras documentation on depthwise
separable convolutions to guide our design decisions for building an efficient CNN. Through multiple iterations, we
removed redundant components and tested various configurations until we found one that was both compact and
accurate.

For preprocessing, we kept things minimal. We only resized all input images to 128×128 pixels using a Resizing
layer embedded in the model itself. This helped reduce memory load and simplified the pipeline. We didn’t normalize
pixel values because we found that the model performed well without it.

The final model architecture begins with a 3×3 convolutional stem, followed by several bottleneck blocks with
different configurations (including downsampling and channel expansion), and ends with a global average pooling
layer, dropout, and a dense softmax output layer. We trained the model for 8 epochs using the Adam optimizer and
categorical cross-entropy loss. And this model achieved 99.9% accuracy and a 0.999 F1 score, while being over 10×
smaller and more than 200× faster than the baseline. These results confirmed that a carefully optimized CNN can
deliver strong performance even under severe hardware constraints.
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B.10 Team10 (3/3)

Our team built an image classification model for the hackathon using the provided dataset, aiming to maximize
accuracy within the event’s tight time and resource limits. We selected a convolutional neural network (CNN) with
transfer learning as our primary approach. This choice balanced speed, accuracy, and generalization: pretrained
backbones such as ResNet and MobileNet offered high-quality feature extraction while drastically reducing the time
needed to train from scratch.

Our preparation began by reviewing the dataset’s characteristics — including image sizes, class distribution, and
visual variability — and researching effective architectures for similar problems. Drawing on open-source notebooks,
research papers, and prior experience, we established a baseline model quickly, then iteratively improved it through
testing and refinement. Each cycle involved modifying hyperparameters, experimenting with different augmentations,
and tracking performance on a validation split.

Data preprocessing was central to our success. All images were resized to a consistent dimension suitable for
the model’s input layer, pixel values were normalized to improve convergence, and augmentation techniques such as
random rotations, flips, zoom, and brightness shifts were applied to increase diversity. These steps helped counteract
overfitting and improved the model’s robustness to variations in the dataset.

The final architecture integrated a pretrained CNN backbone for feature extraction with custom dense layers
for classification. ReLU activations provided non-linear modeling power, while a softmax output produced class
probability distributions. Dropout layers reduced overfitting, and the Adam optimizer ensured efficient convergence.
Categorical cross-entropy was chosen as the loss function for its suitability to multi-class classification.

By combining strong preprocessing, transfer learning, and iterative tuning, we achieved high accuracy on the
provided dataset in a short timeframe. Our approach demonstrates that with strategic model selection and disciplined
experimentation, competitive results can be delivered rapidly — a key requirement in hackathon settings.

B.11 Team11 (3/3)

When our team first encountered the CubeSat challenge, we approached it from three distinct academic backgrounds:
a master’s student in astrophysics, a computer science student specializing in software development, and a physics
student. This diversity became one of our key strengths, as it enabled us to view the problem from different
perspectives and to continuously challenge one another’s ideas.

The short time frame meant we had to move quickly, so we started with a mix of brainstorming,dividing tasks, and
deep research. We explored published work on satellite image classification, browsed GitHub repositories, and looked
at blog solutions to understand what could be realistically built in the time available. Accuracy was important, but
so were speed and efficiency, so we quickly narrowed our approach to a Convolutional Neural Network (CNN) paired
with OpenCV for preprocessing.

Early experiments showed us that preprocessing could significantly influence performance. We tested different
image enhancement techniques, and the combination of CLAHE (Contrast Limited Adaptive Histogram Equalization)
for local contrast improvement and Canny edge detection gave the most consistent results. This step helped emphasise
the structural details in the CubeSat images, allowing the CNN to focus on the most informative features.

For the network itself, we chose a streamlined CNN architecture with a progression of convolutional and pooling
layers, a global average pooling stage to reduce complexity, and fully connected layers for classification. We introduced
data augmentation rotations, flips, and zooms after noticing our first models struggled with minor image variations.
This helped generalise performance without greatly increasing training time. Along the way, we monitored class
balance to avoid bias, tweaked batch sizes and learning rates, and removed unnecessary complexity. There were
plenty of moments where we had to throw out code and try again, but each failure pushed us towards a cleaner,
faster, and more accurate pipeline.

By the end, we had a solution that was accurate, efficient, and shaped equally by each member’s contributions.
The combination of different academic perspectives, rapid iteration, and targeted preprocessing allowed us to deliver
a model that met the challenge’s requirements and reflected the best of our collaborative effort.

B.12 Team12(3/3)

We analyzed existing models to identify possible starting points and understood that creating a neural network
from scratch would not be feasible within the set timeframe. We concluded that the best approach, in line with
the challenge’s goal, was to improve an existing model. Our team’s solution was built with the aim of achieving
the best overall efficiency. The final model, based on Depthwise Separated Convolution paired with Bottleneck
technologies, was designed to be as accurate as possible without compromising speed or significantly increasing
resource consumption.

To develop the solution, we established standards for speed, accuracy, and complexity. Through research, we
identified MobileNet as the best starting point, given its strong balance between performance and efficiency. We
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determined that incorporating Depthwise Separated Convolution and Bottleneck layers could improve accuracy
without adding substantial spatial or temporal complexity.

For preprocessing, we applied a single step of resizing all images to 128×128 pixels.
The model architecture is a deep learning CNN built on DSC and Bottleneck layer technologies. It begins with

an input layer of shape (128, 128, 3), representing a 128×128 pixel image with three color channels. This is followed
by a bottleneck block where DSC and bottleneck layers are combined, consisting of stacked blocks with an increasing
number of filters. Each block contains:

• Expansion – a 1×1 Conv2D layer to increase channels.

• Depthwise Convolution – a 3×3 DepthwiseConv2D layer for spatial feature extraction.

• Projection – a 1×1 Conv2D layer to reduce channels back to the desired number.

• Residual Connection – adds the input to the output if shapes match without downsampling.

The network then applies Global Average Pooling to reduce feature maps to single values, followed by a Dense
output layer with softmax activation for five-class classification.

Depthwise Separated Convolution was chosen to reduce parameters and computation, while the Inverted Bottle-
neck structure was used to optimize efficiency. This combination delivers faster results without sacrificing accuracy
or making the model heavier, fully aligning with the group’s original goal.

B.13 Team13 (3/3) (edited)

When we first started the challenge, we were uncertain about the best steps to take in order to achieve results
beyond the baseline. Our approach began by reflecting on what resources we already had. Many teams seemed to
overlook an important insight from Chris Thron’s introductory video, where he demonstrated how images could be
represented as histograms. This became our starting point. We designed a function to extract bins across the three
channels, horizontally stacked them, resized the images to 128×128, and extracted HOG features.

Our first model choice was a Random Forest. While it achieved 100% accuracy, it came with major drawbacks
in terms of speed and size: training and evaluation took about 30 minutes, and the model size was around 40 MB
(using 20 trees with a depth of 15). To improve efficiency, we attempted a Decision Tree model, but its precision
was poor. We also experimented with Gradient Boosting, but the results were still unsatisfactory. At that point, we
realized it was necessary to start thinking about new solutions.

We then discussed the possibility of using deep learning and transfer learning models. However, we recognized
that relying on readily available pretrained models such as TinyVGG, SqueezeNet, EfficientNet, or MobileNet would
likely be a common approach among many teams. To distinguish our work, we decided we needed to innovate and
pursue a more original solution.

We first passed the images through a CNN to examine their representations. This led us to consider passing
the extracted features through a simple dense layer. We then implemented a feedforward network with three layers,
using activations across dimensions of 384 → 2048 → 5. Training was extremely fast, taking about 1 ms per epoch,
so we trained for 2000 epochs. The resulting model achieved an evaluation time of 4.96 seconds, a model size of 3
MB, and a precision of 93%. While the results were promising, we realized that using 256-pixel images could further
improve performance, though at the cost of longer training time. Upon analysis, we found that the 2048-dimensional
layer was responsible for the large model size. By reducing this layer and incorporating HOG features, we achieved
an evaluation time of about 15 seconds, a model size of only 0.25 MB, and a precision of 99.8%. All of this was
accomplished within three days.ys.

B.14 Team14 (3/3)

Our team developed a deep learning model based on transfer learning using MobileNetV2. Our motivation was to
build an accurate and fast model that could operate under resource constraints, aligning with the hackathon challenge
. The solution was grounded in the team’s experience in data science, literature insights, and iterative testing. We
initially fine-tuned the model proposed as CubaNet by adding layers, changing the optimizer, and adjusting the
batch size and the improvement was not reached. Based on our experience, traditional machine learning models were
excluded early because they do not perform well on large-scale image data.

Through literature review and trials, we considered transfer learning. We conducted several tests with Mo-
bileNetV2, but the results were not meeting expectations. This led us to the idea that performance could improve
if the model focused more on feature extraction. As a result, we froze all layers of MobileNetV2 and used it solely
as a feature extractor, adding a custom final 2D output layer.

We preprocessed the data by resizing images to 224×224 pixels and normalizing pixel values to the [0, 1] range
to match the input requirements of the network. One-hot encoding was applied to the labels.
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The final model consisted of four layers: (1) an input layer with shape 224×224×3, (2) a frozen MobileNetV2
pretrained layer, (3) a GlobalAveragePooling2D layer, and (4) a trainable Dense output layer with softmax activation.
The dataset was split 80/20 for training and validation. We used the Adam optimizer and categorical cross-entropy
loss for model training and batch size of 32.

B.15 Team15 (3/3)

When first approaching this problem, we began with exploring a range of different image categorizing models and
testing them on the provided dataset. We weren’t able to achieve better performance than the baseline model CNN
mentioned in the paper. Given the time we had, we needed to change strategy and work on optimizing the baseline
model into making it a smaller model while still maintaining the accuracy or even bettering it slightly. We needed
to change strategy and work on reducing the size of the images through preprocessing for better accuracy and faster
processing.

Regarding preprocessing, we tried different techniques such as normalization, resizing the image into smaller image
dimensions, and reducing RGB channels to a single luminance channel, since we thought that brightness would be
a strong indicative feature for identifying a quality star image. However, these approaches weren’t able to produce
accuracy improvements over the baseline CNN model. So, we didn’t implement any preprocessing. We needed to
change strategy once again and work on optimizing the baseline model into making it a smaller model while still
maintaining the accuracy or even bettering it slightly.

We started doing research into CNN-based models that are lightweight to identify techniques we can inherit
to make the baseline model light. That’s when we came across MobileNet, a family of lightweight convolutional
neural network (CNN) architectures designed for mobile and embedded vision applications. We adopted the Sepa-
rableConv2D, which separates depth-wise and point-wise computations to reduce parameters and computation, and
BatchNormalization to improve the generalizability of the model, while it results in better accuracy.

After going through different experimentation, we have identified the optimal structure when we reduced the
initial filter size from 16 to 8 and applied SeparableConv2D in the last convolutional stage (the fourth layer) before
BatchNormalization. When we retrained the baseline CNN, it achieved 98% accuracy, while our optimized model
resulted in an accuracy of 97%. Where there is a 0.01 decrease in accuracy, it is a trade-off for a significant reduction
in model size and computational cost. This optimized model is suited for a deployment in a resource-constrained
environment.

B.16 Team16

Our task was to classify over 16000 CubeSat-taken images into categories such as blurry, corrupt, noisy, missing, and
priority, helping a Raspberry Pi onboard the satellite decide which images to transmit to Earth. The model needed
not only high accuracy but also to be lightweight and optimized for real-time inference on limited hardware.

We researched similar satellite classification problems and tried to build ideas upon those papers. We initially
tested CNN models with various layer configurations and lightweight CNNs like MobileNet and SqueezeNet; they
only provided slight performance improvements while significantly increasing model size, making them unsuitable
for space deployment. While re-evaluating our approach, we began experimenting with classical machine learning
models to explore lighter and more efficient alternatives.

After experimenting with various classical models, we were surprised to find that logistic regression delivered
strong results even with the minimal features we already extracted. Since we have seen its potential, we build a more
robust preprocessing pipeline by resizing the image to 128x128, applying grayscale conversion, and extracting hand-
crafted features such as Histogram of Oriented Gradients (HOG), Local Binary Patterns (LBP), quantile statistics,
and edge detection features (such as Sobel magnitude and Laplacian variance). These features helped the model
capture key visual distinctions between the classes without relying on deep learning.

After feature extraction, we selected the top 50 features, applied a standard scaler for normalization, performed
PCA for dimensionality reduction, and finally trained a logistic regression model, fine-tuning its hyperparameters
for better performance. The final quantized model achieved excellent accuracy, misclassifying only one image, and
had a size of just 1 KB after conversion to ONNX format, making it an excellent fit for onboard deployment on
the Raspberry Pi. Despite intensive preprocessing, the lightweight model allowed real-time inference with minimal
computational load.

Our solution demonstrates that with careful feature design, classical models can outperform complex deep learning
approaches in constrained environments. Our team’s solution novelty and performance really make it stand out and
outperform the complex deep learning approaches in constrained environments.
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B.17 Team17(2/3)

We developed an optimized solution using a Convolutional Neural Network (CNN) enhanced by improved image
preprocessing, mainly for its efficiency. The preprocessing phase focused on addressing data quality issues through
techniques such as missing value imputation, normalization, and categorical encoding, with the methods selected
based on recent literature. During the learning phase, we incorporated decision trees, ensemble methods, and
support vector machines to handle different data patterns. The CNN was designed with four convolutional blocks
(Conv2D + MaxPooling), followed by a Global Average Pooling layer and a Dense softmax output layer with 5
classes: Blurry, Corrupt, Missing Data, Noisy, Priority. The model is trained with categorical cross-entropy loss
and the Adam optimizer.To optimize performance, hyperparameter tuning paired with cross-validation was used to
identify the best configurations, ensuring both robustness and scalability. The adoption of an ensemble approach
further improved accuracy and consistency across various data partitions.

The approach achieved an accuracy and F1 score of 0.996 on the test set. Although this represents a 0.002 (0.2%)
decrease compared to the baseline accuracy, the computational improvements are substantial. The total pipeline
time, including data preprocessing and prediction, is 65.06 seconds, uses just 4.7 GB of RAM and consumes 10% less
CPU than the previous solution. The efficiency gains are primarily achieved through batch memory management
and enhanced data preprocessing, including increased image brightness and contrast. Initially, the model struggled
to recognize priority images when trained with just 100 samples. By increasing the dataset size and applying further
preprocessing enhancing brightness and contrast, converting images to grayscale, and leveraging TensorFlow opera-
tions for better memory efficiency before converting results to NumPy arrays we were able to improve performance
significantly. Additionally, to overcome memory limitations during data loading and preprocessing, we utilized the
np.load() function with the mmap mode parameter for memory mapping, enabling selective access to large files, and
processed data in batches to further reduce memory usage.

B.18 Team18(2/2) edited

We developed an efficient workflow for image classification based on frequency-domain analysis using the Fourier
Transform. Instead of working in the spatial domain, we converted images to grayscale and applied the FFT,
enabling the extraction of compact and informative statistical features without sacrificing the original image size.
This approach prioritizes speed and interpretability while avoiding the complexity of deep learning models. According
to the literature, analyzing images in the frequency domain allows relevant information to be obtained efficiently,
making the process scalable and suitable for environments with limited computational resources.

From each image, we extracted eight features: total spectral energy, mean frequency, variance, skewness, and
kurtosis of the frequency spectrum, as well as the ratio of missing data and the standard deviation of intensity
in the spatial domain. These metrics allowed us to distinguish between blurry, noisy, incomplete, and priority
images. Computing these features for the whole data took only 3 minutes. To define this feature set, we tested
various combinations: we started with total spectral energy, mean frequency, and variance, but as results were
not satisfactory, we added skewness and kurtosis, which improved classification. However, some confusion between
categories persisted, so we included intensity standard deviation (key for distinguishing blurry from noisy) and the
fraction of missing data (to separate priority from missing data).

Once the preprocessing was optimized, and using the notebook provided during the hackathon as a starting point,
we tested several machine learning models. We found that Random Forest offered the best performance, thanks to its
ability to capture nonlinear relationships and complex feature combinations. Hyperparameter tuning was performed
using grid search, optimizing for both accuracy and execution time, with the best results found for n estimators =
100 and max depth = 10.

Training the model using only the extracted features significantly reduced data size and complexity, requiring
just one second to complete. Our final model achieved 99.3% accuracy and an F1 score of 0.993 on the test set,
yielding near-perfect classification across all categories.

B.19 Team19(2/2)

In our solution for the CubeSat Challenge, we focused on the detection of corrupted or missing satellite image data
through a lightweight and computationally efficient approach. Instead of processing raw image data directly (which
is often resource intensive), we extracted a compact set of five statistical and structural features from each grayscale
image, and used it on an Extreme Learning Machine (ELM). A feedforward neural network which maintaining high
values of accuracy while is a single-layer, fast and lightweight.

First, we converted each image to grayscale. We then applied a Laplacian filter and computed its mean and
standard deviation to capture edge information, which proved helpful in identifying missing or corrupted regions.
We calculated the mean pixel value, as higher mean values often indicate image degradation. Additionally, we
computed the percentage of zero-valued (black) pixels, which helped identify missing data since such pixels typically
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represent loss. Lastly, we applied an entropy filter to quantify texture complexity, assisting in the identification of
noise or unexpected patterns.

These five features were combined into a concise vector, allowing us to significantly reduce data dimensionality
while retaining important information. This vector served as input to an ELM. We used 1650 hidden neurons, a
value determined through manual experimentation. The sigmoid activation function yielded the best results, and
we set the regularization parameter to 1 × 108. No formal hyperparameter tuning was performed, though such
optimization could likely reduce the model’s size without compromising performance.

The resulting model is highly compact (approximately 0.13 MB of code) and delivers outstanding classification
metrics: 99.8% accuracy and F1-score. One drawback is computational time—the model uses 100% of a single CPU
core for approximately 36.5 seconds during preprocessing and prediction.

This approach demonstrates that high-performance image corruption detection is possible even in constrained
environments, making it well-suited for edge applications such as CubeSat systems.

B.20 Team20 (3/3)

The CubeSat challenge aimed to improve the efficiency and accuracy of a machine learning model classifying data
captured by CubeSats. The goal was to prioritize transmission of the most scientifically valuable images back to
Earth under constraints such as limited onboard resources and low communication bandwidth. This demanded a
lightweight model with strong performance and high accuracy.

We began by evaluating and modifying the CNN architecture provided. After testing multiple configurations
and exploring transfer learning, we adopted MobileNetV2—known for efficiency on mobile devices—as our model
base. Using pretrained ImageNet weights, we added dense layers atop the feature extractor to classify five image
quality categories. Initially, we focused on maximizing classification accuracy, testing configurations to find a stable,
high-performing setup. After consistently strong results on validation and test sets, we shifted focus to computational
efficiency. We reduced network width via the alpha parameter and chose a smaller input resolution, maintaining
performance while significantly lowering resource usage. These optimizations enhanced suitability for resource-
constrained platforms like CubeSats.

The final model processed input images resized to 224×224 pixels and normalized to [-1, 1]. It employed Mo-
bileNetV2 with a width multiplier (alpha) of 0.35, followed by Global Average Pooling and a Dense Softmax output
layer with five classes. The feature extractor was frozen during training. Training and validation used the full
dataset—9,711 training and 3,237 validation images—showing stable convergence and near-perfect classification
across all categories. Evaluation on the test set (3,237 images) confirmed the model’s ability to generalize to unseen
data: it produced a perfectly diagonal confusion matrix, with accuracy, precision, recall, and F1-score all equal to
1.0. It also outperformed the original CNN baseline by correctly classifying samples the baseline misclassified. In
terms of efficiency, our solution achieved a 9.5× speedup—reducing inference time from 265 to 28 seconds—while
using only 28% more memory and approximately four CPU cores (batch size 32). In summary, we developed a
compact, high-performance classifier using transfer learning. It delivers fast inference, low memory usage, and strong
generalization—key traits for onboard image selection in CubeSat missions.
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