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ABSTRACT

It is undeniable that citizen science contributes to the advancement of various fields of
study. There are now software tools that facilitate the development of citizen science
apps. However, apps developed with these tools rely on individual human skills to correctly
collect useful data. Machine learning (ML)-aided apps provide on-field guidance to citizen
scientists on data collection tasks. However, these apps rely on server-side ML support,
and therefore need a reliable internet connection. Furthermore, the development of
citizen science apps with ML support requires a significant investment of time and money.
For some projects, this barrier may preclude the use of citizen science effectively. We
present a platform that democratizes citizen science by making it accessible to a much
broader audience of both researchers and participants. The SmartCS platform allows one
to create citizen science apps with ML support quickly and without coding skills. Apps
developed using SmartCS have client-side ML support, making them usable in the field,
even when there is no internet connection. The client-side ML helps educate users to
better recognize the subjects, thereby enabling high-quality data collection. We present
several citizen science apps created using SmartCS, some of which were conceived and
created by high school students.
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INTRODUCTION

Citizen science is a form of scientific research that involves
the general public as participants. The participants are
typically not trained scientists, but rather individuals who
are interested in or concerned about a particular subject
and want to contribute to scientific knowledge (Aristeidou
and Herodotou 2020; Haklay et al. 2021). Citizen science
projects often involve monitoring and collecting visual data,
such as images or videos, of various subjects. Participants
may also be involved in designing experiments, analyzing
results, and solving problems related to the research
project. In the rest of this article, the term “researchers”
refers to those who conduct the research projects, and
“participants” refers to those who contribute to research
projects via a citizen science platform (Eitzel et al. 2017).
Citizen science benefits both researchers and participants
in terms of data collection and learning experience. For
example, the iNaturalist app allows participants to collect
data while learning about plant and animal species (Horn
etal. 2018).

With emerging technologies and shifting paradigms,
citizen science platforms are also becoming mobile, making
it easier for participants to collect visual data (Newman et
al. 2012). Mobile devices, such as smartphones and tablets,
equipped with multiple cameras and advanced processing
capabilities, can perform complex computer vision (CV)
tasks using machine learning (ML) (Qin et al. 2019). ML-
enhanced customized mobile application software or apps
have the potential to significantly improve the effectiveness
of citizen science projects.

While anyone can engage in citizen science projects,
some basic skills are necessary for effective data collection.
Often, participants need to accurately identify and label
objects, a task that can be challenging for nonexperts.
Mobile apps with integrated machine learning (ML), capable
of detecting objects of interest, can assist participants in
efficiently collecting visual data and improving the data
quality. This also opens the possibility of recruiting more
volunteers by educating people about new topics and
growing new interests among them (Roche et al. 2020).

Citizen science platforms such as Zooniverse (Simpson,
Page, and De Roure 2014), SPOTTERON (Hummer and
Niedermeyer 2018), Anecdata (Disney et al. 2017),
etc., provide the service to build citizen science apps for
crowdsourced research projects (Liu et al. 2021). While
these platforms offer standardized purpose-specific
tools and features, ML guidance is largely unavailable. A
few apps, such as iNaturalist, have ML guidance through
cloud servers. However, the required connectivity may be
unavailable in remote locations. Moreover, existing open
source systems like iNaturalist and Zooniverse are not

designed to integrate with client-side ML (Simpson, Page,
and De Roure 2014). Creating a new app with ML guidance
de novo for every similar citizen science project is not ideal.
For instance, “Seek by iNaturalist” was built from scratch
to add client-side ML guidance for classifying plant and
animal species, despite iNaturalist having an existing ML
server (Horn et al. 2018).

This paper introduces an ML-integrated citizen science
mobile app creation platform for faster app building and
deployment without programming knowledge. Developing
apps for citizen science involves considering many factors,
such as design and technical build (Lemmens et al. 2021).
Furthermore, the investment required for app design
and development often spans from tens to hundreds of
thousands of US dollars (Odenwald 2019). The cost of
crafting apps, especially those with an extensive range of
features, can hinder innovation (Howard et al. 2022). With
SmartCs, users can bypass the complexities inherent in
app development. Our platform offers pre-built features
and templates within a single framework. This facilitates
rapid prototyping and faster deployments. In addition to
helping participants capture better data, the apps created
by this platform can serve as educational tools to increase
engagement in a wide variety of citizen science projects.
We validate our platform’s usefulness to researchers
by asking a group of non-programmers to create apps
and measuring their success and comfort in doing so.
We further validate our platform’s usefulness to the
participants by comparing success at correctly identifying
the subjects of data to be captured and through a survey
of participant engagement.

MOTIVATION

Here, we discuss the challenges participants face in
research data collection for rip current detection (Philip
and Pang 2016). Rip currents are strong, seaward flowing
currents that can occur on any beach with breaking waves,
leading to an estimated 100 drownings a year in the US
(Castelle et al. 2016; Gensini and Ashley 2010). To answer
questions like “Which beaches have rip currents?” the
researcher needs to gather and label imagery that contains
rip currents from many different geographic locations.
While an expert can visually spot rip currents, it can be
challenging for non-experts (Brannstrom et al. 2015).
However, various ML methods can detect rip currents, as
demonstrated by recent works (de Silva et al. 2023; de Silva
etal. 2021; Maryan et al. 2019). Mobile apps empowered by
ML can assist nonexpert data collectors by visually showing
them the detected rip currents using bounding boxes or
similar visualization through the live camera feed.
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The same concept as the example above applies to
data collection in other fields, such as biological sciences,
marine life, geomorphology, weather-related phenomena,
etc. The ML-empowered apps allow nonexpert participants
to learn and correctly detect the subjects through on-the-
field assistance in these data collection scenarios. This
is especially helpful for relatively hard-to-recognize or
-differentiate objects such as rip currents.

RELATED WORKS

CITIZEN SCIENCE PLATFORMS

We examined several popular citizen science app
creation platforms enabling people-powered mobile app
development (Liu et al. 2021). Earlier, we mentioned
Zooniverse, which features projects from diverse domains
(Barber 2018; Simpson, Page, and De Roure 2014). One
of the Zooniverse projects is OceanEYEs (Ra et al. 2022),
which seeks volunteers to count and label fish, if there
are any, in millions of unlabeled images collected from
the ocean. Anecdata (Disney et al. 2017) is another free
platform like Zooniverse, where both are primarily web
portals with companion mobile apps. SPOTTERON (Liu et
al. 2021) is a similar platform that exclusively functions
through mobile apps with a uniform, easily customizable
graphical user interface (GUI) for various projects. However,
the base systems of these general-purpose citizen science
app creation platforms do not support complex operations
like ML model integration. The Citizen Science Association
(Citizenscience.org, 2023) also maintains a list of major
citizen science platforms, complete with a comparison table
highlighting their most prominent features. ML-assisted
data collection is not included in this comparison, as this
feature is not common on these platforms (Cybertracker
2022; Ispotnature 2022; Epicollect 2023).

CITIZEN SCIENCE APPS WITH MACHINE
LEARNING

Many custom-built citizen science applications have ML
capabilities. We previously mentioned that iNaturalist
(Horn et al. 2018) has server-side ML capabilities, and
functions like a social network to connect nature observers.
Leafsnap (Kumar et al. 2012), a mobile app for automatic
plant species identification, is another example of a citizen
science app that utilizes computer vision. Despite having
many powerful features, Leafsnap’s ML processing is
performed on a cloud server, like iNaturalist, after the
participants upload their images. Leafsnap’s server-side ML
processing takes 5.4 seconds per image, which is not fast
enough to produce real-time results (Kumar et al. 2012).
Although modern high-end servers perform much faster

ML operations, server-side ML is not feasible for many real-
time applications, especially citizen science apps intended
for use in remote locations. Wildme.org (Wildme 2023),
FathomNet (Katija et al. 2022; Fathomnet 2023), and
many other web-only citizen science platforms also use
server-side ML and have no mobile apps. Many existing
applications were not designed as general-purpose citizen
science apps, so while some are open source, developing a
new app using any of them as a starting point would require
significant programming expertise. Khan et al. (2021)
presented ashort paper discussing the integration of ML into
citizen science projects. However, their approach required
significant programming expertise to be effectively utilized
at that time. A few apps, such as Pl@ntNet, incorporate
client-side ML (Goéau et al. 2013; Plantnet 2022). Pl@
ntNet is one of the most popular science apps and was also
among the first to include client-side ML support, allowing
it to work without an internet connection. However, as it
is specifically designed for detecting plants, it cannot be
used for other citizen science projects. However, similar to
Seek by iNaturalist, it is specifically designed for detecting
plants and cannot be used for other applications (Horn et
al. 2018).

MOBILE APP CREATION PLATFORMS
The development of mobile apps involves a challenging
process that includes various phases such as platform
selection, writing, debugging, optimizing code, creating
user interfaces, simulation, testing, and support (Joorabchi,
Mesbah, and Kruchten 2013). Few customizable mobile
app creation and deployment platforms, such as
App Movement (Garbett et al. 2016), provide generic
templates for the community to build apps. Model-driven
development (MDD) (Balagtas-Fernandez and Hussmann
2008) has been adopted for mobile app development
to simplify the process, reducing technical complexity
and costs significantly. For example, Gharaat et al
(2021) proposed an MDD framework that enables novice
app developers to model location-based apps by code
transformation. Although MDD has improved the app
creation process for developers, it does not support app
customization and adding advanced features, such as
ML, without writing code. Yiqun Li, Guo, and Chin (2015)
proposed a platform to create mobile augmented reality
apps without programming, but none of these systems
support the integration of ML capabilities in the app.
Mobile applications are generally classified into three
categories: native apps, hybrid apps, and mobile web
apps (Huy and Vanthanh 2012; Umuhoza and Brambilla
2016). Native mobile apps are created specifically for a
single platform (e.g., Google’s Android or Apple’s iOS)
and leverage the hardware and software of that platform
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to enhance the user experience. Hybrid apps, on the
other hand, run through web browsers after installing
on devices like native apps and are typically created like
webpages. Hybrid apps are more capable of streamlining
the development process but are not as fast or reliable
as native apps. Web apps are adaptive websites that
change layout, outlook, and accessibility when accessed
from a mobile device. Due to the technical complexity of
integrating client-side ML models, native apps are the most
feasible option for creating ML-powered apps. ML model
training platforms such as Roboflow (Ciaglia et al. 2022),
Lobe.ai (Lobe 2023), Ultralytics HUB (Ultralytics 2023), etc.,
have basic app templates that can be used with the trained
models. TensorFlow Lite (Abadi et al. 2015) provides similar
simplified app templates. However, these templates are
too basic for creating any real app without writing code
and making substantial modifications. We explored various
app-making platforms without coding available for mobile
and PC platforms (Buildfire 2023; Appsgeyser 2023; Appypie
2023; Andromo 2023). However, these platforms primarily
function as GUI makers with standard basic functionalities,
such as text inputs and outputs, loading graphics, maps,
calendars, websites, accessing system camera apps, etc.
Integrating the complex process of loading ML models and
providing computer vision functionalities is not available on
any of these platforms.

MACHINE LEARNING MODELS FOR COMPUTER
VISION ON MOBILE DEVICES
Typically, mobile devices have limited computational
resources and power, which are major constraints for
running ML models on such devices. Many recent research
projects have focused on creating optimal models for
computer vision tasks, in terms of accuracy, speed, resource
efficiency, scalability, robustness, and generalizability. They
employ deep learning models, which can be categorized
into two types based on their underlying structures:
one-stage and two-stage. The trend discovered in the
current research describes how highly efficient one-stage
paradigms will prioritize the prediction speed in frames
per second (FPS). In contrast, two-stage models strive
to achieve the best per-frame accuracy by employing a
filtering stage and predicting stage. Owing to the limited
computational resources of mobile devices, using two-stage
models can be costly. As a solution, employing lightweight
one-stage models for data collection and analysis on these
devices can enable integration into a wider range of mobile
applications that have computational constraints (Khan et
al. 2021).

Modern vision tasks, such as object detection, image
classification, semantic segmentation, etc., are mostly
done using convolutional neural networks (CNN). The

previously discussed categorization is about all ML models
in general; for object detection specifically, the two
categories of CNN-based ML models to choose from are
(1) region-based detectors and (2) single-shot detectors
(SSD). The computational resource-intensive two-stage
region-based detectors, such as Faster R-CNN (Ren et al.
2016), have a region-proposal stage and a classifier stage.
The limited computational power of today’s mobile devices
precludes their direct use. However, they have been utilized
for real-time object detection via remote GPU servers (Lee
et al. 2017). But these server-dependent systems are
suitable only for deployment in locations with network
access. SSD attains object detection using a single-stage
CNN (W. Liu et al. 2016). YOLO (Adarsh, Rathi, and Kumar,
2020), EfficientDet (Tan, Pang, and Le 2020), and SSDs such
as SSD MobileNet (Sandler et al. 2018; Chiu et al. 2020)
are designed to perform in real time, sacrificing some
accuracy (Huang et al. 2017). Additionally, Sun et al. (Sun
et al. 2020) empirically showed that the SSD MobileNetv2
required the least amount of memory, thus making the SSD
MobileNetv?2 preferable for processing on mobile platforms.
Similarly, variants of YOLOv8 (Ultralytics 2023), EfficientNet
(Tan and Q. Le 2019), Inception (Xia, Xu, and Nan 2017),
and MobileNet (Chiu et al. 2020) are optimized for real-time
image classification on mobile devices. Likewise, YOLOvS-
seg (Ultralytics 2023), U-Net MobileNetv2 (Siddique et al.
2021), MobileNetv2-DeeplLab-v3 (Chen et al. 2017), etc.
provide real-time segmentation on portable devices. We
select and use the ML models most suitable for computer
vision mobile apps for citizen science applications.

SYSTEM DESIGN OF THE PLATFORM

Our citizen science app creation platform combines
multiple technical components to build the overall system,
which can be divided into three steps: (1) training dataset
creation, (2) ML model training, and (3) mobile app (iOS or
Android) building, all of which our platform automates. The
workflow of our system is presented in Figure 1.

The dataset consists of individual images or images
extracted from videos to train ML models for computer
vision. The type of labels needed for the image data
depends on the type of task, such as object detection or
image classification. The training images are labeled using
bounding boxes around the objects to train a model for
object detection. Labeling for image classification involves
organizing the images into classes and labeling each class.
Our system provides the required tools with instructions for
formatting, labeling, and creating the training dataset.

Next, an ML model compatible with our system needs
to be selected from a list. For each project, sufficient initial
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ML Model Trammg

Mobile App Building
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Figure 1 Overview and workflow of the components of our open-source citizen science app creation platform.

training data is needed to train a functioning model, which
can be later improved via further training as more data
are collected (Schwarz et al. 2018). For a project with an
adequate dataset, the researchers can immediately train
a model and quickly deploy the app. However, the project
team must create a minimum training dataset for a project
without initial data. Our platform includes the option to
add an “Expert mode (No ML)” to the apps (Supplemental
File 1: SmartCS App Studio User Manual). This feature
allows volunteers to contribute to building up a dataset
without relying on ML guidance. A back-end server collects
these data, which can then be curated. After quality
control, feedback can be provided to volunteers to facilitate
learning, as well as for retraining models to improve their
accuracy. Our system provides built-in guidance to run the
training process on a local machine or a cloud server.
Finally, a template for the iOS or Android app needs
to be selected from a collection of templates to fit the
requirements of various citizen science projects. The
template can be further customized to change GUI color,
icon, logo, etc. Then, the app is built with the trained ML
model integrated into it. The app’s primary visual data
collection tool is like a camera app with a live view with
image and video capture function, where the detection
results are shown using visualizations, such as bounding

boxes and text labels. These visualizations help participants
identify and record data on objects of interest. The models
operate on mobile devices using native computational
resources, without any server support (Figure 2). A server
is necessary only for uploading the collected data. Tools for
data uploading, user guides, and tutorials are also included
in the templates.

IMPLEMENTATION

We created a desktop and a web-based version of our app
creation platform to make it more accessible and versatile.
For both versions, the apps are created through the three
simple guided steps. Our platform is implemented as an
open-source tool, utilizing other open-source software and
additional tools such as AnylLabeling, TensorFlow, PyTorch,
and Colab Jupyter Notebook (Abadi et al. 2015; Tzutalin
2015). An important advantage of open source is that it
enables users with programming skills to help improve
the platform by writing code to update and create new
features, creating new templates, etc.

The desktop version is convenient for the user who wants
to download it and run all the steps on a single machine
capable of handling the ML training and app compilation.
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We created the desktop version to run on Windows, macOS,
and Linux. The web-based version works as an online
service, providing the user interface as a website, which
can be accessed through any device that has a standard
web browser (Figure 3). Another advantage of the web-
based version is that different steps can run on different
local or cloud machines optimized for the specific step. For
example, data labeling can be done on a laptop, as low
computational resources are required. Then, the labeled
data can be transferred to a GPU-optimized local or cloud
machine for ML training. Because of this flexibility, the web-
based version requires executing a few commands on the
console and some file transfer operations. On the desktop
version, the steps can be performed entirely by clicking
some buttons and following the prompts, making it easy

to be used by computer users with any skill level. Neither
version requires programming skills or coding expertise.

DATASET CREATION

The object detection ML model training process expects still
images as training data. We created a tool for extracting
frames from the videos as still images if the available
training data consists of video files. The frame extraction
rate can be adjusted depending on the motion change
rate of objects of interest. The data is labeled using free,
open-source tools such as Labellmg (Tzutalin 2015) or
AnyLabeling (AnylLabeling 2023). Our platform also supports
converting labels obtained using Amazon’s Mechanical Turk
(Paolacci, Chandler, and Ipeirotis 2010). Additionally, we a
provide some custom tools that we created using Python

O —— Mobile Device (Client)

model support

Uploader

Integrated
T e TR 6’9 ML Mode!

Mule Deer
(Odocoileus
Hemionus)

Server-side

Detection Result
ML Model

Mobile Device (Client)

Client-side | Detection Result

rip_curent.97.66%

Camera Input

No network connectivity or server support
is needed for running the ML detection

Figure 2 Server-side (left) versus client-side (right) machine learning (ML) models. We used client-side ML models in our implementation,
which provided real-time object detection without any network connectivity or server-side processing requirements.

platform for creating

Select from the options below

App for Object Detection

What type of citizen science mobile app do you want to create?

App for Object Classification

Click here to goto the next step Click here {0 go to the next step

Creating Object Detection App

Step 1: Label Your Data

Create and Label Training Dataset
» Step 2: Train Your Model
Training Model on Local or Virtual Machine
Training Model on Cloud Notebook

Step 3: Create Your App

Select iOS App template
Select Android App template

Figure 3 The web version of the platform was created for easy access and uses different feasible computational resources for different

steps.
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for additional dataset formatting, such as image format
conversion, annotation file processing, etc. The datasets for
the classification tasks are created by simply putting the
images for each class into separate directories, where each
directory’s name works as the class names. Our system
provides a tool to split the data into three sets, training,
test, and evaluation, using a default ratio of 6:2:2 or user-
defined splitting ratio (Reitermanova 2010).

MACHINE LEARNING MODEL TRAINING

This next step allows the user to train the model on a
local computer, a cloud virtual machine, or a cloud Python
notebook. Python notebooks (Supplemental File 1: SmartCS
App Studio User Manual) available via Google Colab provide
access to free GPU resources. We use small and lightweight
models optimized for mobile devices from the TensorFlow
Lite library for training (Abadi et al. 2015). Our platform
provides the options to select the most appropriate model
based on the information provided in Supplemental File 2:
Appendix (B), Table B.1 and the planned usage of the app
(Sanchez, Romero, and Morales 2020). Note that detection
accuracy of the utilized ML models is considered reliable
based on its mean average precision (MAP) (Padilla, Netto,
and Da Silva 2020). The models are then custom trained
using the dataset created in the previous step by the
transfer learning process (Alsing 2018). We provide tutorial
documentation and video for model training (Supplemental
File 1: SmartCS App Studio User Manual).

While the training runs, a console shows the loss
function value for the current training step. The lower the
loss, the better a model has learned to detect the objects
(Wang et al. 2020). The training needs to run until the
model converges, which is indicated when the loss function
value drops below a certain threshold (Allen-Zhu, Li, and
Song 2019).

The training time depends on many factors such as the
ML model, hardware (CPU only or GPU, amount of system
memory, etc.) used for the training, and the training
dataset (size, number of classes, etc.) (Lim, Loh, and Shih
2000; Jordan and Mitchell 2015). Further discussion about
guidance on setting up these training parameters in the
platform is included in Supplemental File 2: Appendix (B).
ML model training for the case studies presented in this
paper took about 2 to 3 days using inexpensive CPU-only
machines, which can be done within a few hours using
more expensive GPU machines.

MOBILE APP BUILDING

After training, the models are converted to TensorFlow Lite
format, compatible with the platform’s iOS and Android
app templates. The app is built using the platform-specific
build tool (Xcode for iOS or Android Studio for Android) and

uploaded to digital distribution platforms for deployment.
A paid developer account is required for Android and iOS
to distribute the apps publicly through the official app
distribution services. However, for initial app testing, it can
be freely installed on a mobile device by connecting it to
the USB cable to the computer where it was built. For easy
deployment of apps on the Google Play Store and iOS App
Store, we integrated Fastlane (Katz 2018) into our platform.
Fastlane is an open-source platform that automates beta
deployments and releases for mobile Android and iOS apps.

For user accounts, citizen science projects, and app
management on our platform, we utilized Firebase
Authentication (Moroney 2017), an open-source user
account management system. It facilitates managing user
identities and authentication securely using various sign-in
methods, including email and password, anonymous, and
federated identity providers.

RESULTS

This section presents a wide variety of citizen science apps
created using SmartCS. The apps use ML models to aid
users in collecting data for citizen science projects or as
educational tools. Three apps, RipSnap, Seal vs. Sea Lion,
and Vehicle Object Detection, were created for university
research projects. In contrast, three other apps, Recycle
This, TidalNow, and Sk.in, were created by high school
students with no prior programming experience. Due to
space constraints, we provide details on two of these
example apps and briefly describe the other four use cases
in Supplemental File 2: Appendix (A).

USE CASE: RECYCLE THIS

The practice of recycling is essential for the environment
and the future of our planet (Al-Salem, Lettieri, and
Baeyens 2009). Data collection on recyclable objects is
necessary for optimizing recycling processes. However,
there is a lack of clarity about what and how to recycle,
with surveys showing that up to 62 percent of Americans
lack recycling knowledge (Waste360 2023). The mobile app
Recycle This, created by a high school student, incorporates
ML for real-time detection and collection of data on
common household recyclables (Figure 4). The project
focused on classifying objects like glass bottles, plastic
containers, cardboard, paper, and aluminum cans, and
2,500 training images were sourced from the public image
datasets (Kaggle 2022; Images.cv 2023; Roboflow 2023).
In addition to being a data collection tool, the app also
acts as an educational tool by providing information and
clarification on the recyclability of everyday waste objects.
With widespread distribution, it can raise public awareness.
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SmartCS enabled the creation of the app without writing
codes, and subsequent studies were published as
conference papers (Yeh and Khan 2022).

USE CASE: RipSnap

The importance of rip current detection was discussed
earlier. The citizen science app RipSnap is based on the
idea of CoastSnap (Harley et al. 2018), where app users
contribute snapshots of coastlines from fixed docking
stations to study coastal erosion and other processes.
RipSnap extends the idea of collecting ML-detected

TR
RECYCLE THIS

CAPTURE

videos of rips with location metadata. Data collected
through RipSnap can help validate a rip current forecast
model (Dusek and Seim 2013). The app’s primary aim is
to enhance beach safety by educating users about the
presence of rip currents (Figure 5). A lightweight ML model
integrated into this app assists nonexpert participants in
identifying and collecting these valuable rip current data.
The training dataset consists of 3,360 labeled images of
two classes of rip currents, a combination of datasets from
de Silva et al. (2021), and additional data collected using
drones and beach monitoring webcams.

CAPTURE

m RECYCLE THIS

Figure & This figure illustrates the type of materials that the “Recycle This” app can detect: papers, aluminum cans, plastic containers, and

glass bottles.

Rip current (95%)

Figure 5 Appearance of the RipSnap app with examples of rip currents detected by the app. The location of the rip current is visualized
using the red bounding box with the label and the confidence score of detection.
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FEEDBACK

We collected user feedback from two user groups: (1)
researchers who used the platform to create their apps,
and (2) beta testers who used the created apps. The
research questions and objectives are described before
each study (Lazar, Feng, and Hochheiser 2017). The main
goals of these user studies were usability testing of the app
creation platform and establishing the effectiveness of the
created apps. The findings of the user studies are discussed
in this section.

USER STUDY 1: APP CREATORS

Our research question for this user study is, “Will people
without programming experience be able to create citizen
science apps using SmartCS?” The objective was to collect
feedback and evidence demonstrating that individuals
without programming experience can successfully create
citizen science apps using Smartcs.

This study gathered insights from 10 high school
students, with 5 male and 5 female participants, all of
whom did not have prior programming experience and were
selected among science internship program participants by
an independent committee. These students, ranging in age
from 14 to 17 years, engaged as researchers to develop
their own applications utilizing SmartCS. These students
were tasked with individually creating apps, a challenge
that all except one were able to successfully complete. The
process of app creation took them between 1 to 2 weeks,

, 1 TN

Ease of using the
platform

Easy learning
curve

Mean Rating

Final app as per
expectation

a timeframe that varied depending on the complexity of
data labeling and the time required for machine learning
model training, which in turn was influenced by the number
of available GPUs. More details about the apps are provided
in Supplemental File 2: Appendix (A).

For this study, we collected both quantitative and
qualitative data from users. Participants’ experiences and
interactions with SmartCS were recorded using an online
form, facilitating the collection of quantitative data through
Likert scales. Additionally, the feedback form enabled
the gathering of qualitative data through multiple open-
ended responses. We also carefully observed participants’
interactions with the system to gain deeper insights into
their user experience. We observed that users could easily
learn to use the platform by following the provided user
guides and tutorials. Whenever users required additional
help beyond what was available in the existing resources,
we updated the guides and tutorials accordingly. Their
main task was to learn how to navigate the platform’s
GUI. These observations helped us identify patterns and
challenges within the user interface and interaction design
that were not immediately apparent through quantitative
feedback alone.

Figure 6 summarizes the quantitative user feedback
on the app creation platform. Despite the small sample
size, we can obtain some insights from the survey. The
users were quite satisfied with the “Free to Use” aspect,
as everyone gave it the highest rating. The “Final App as
Per Expectation” feature has the lowest mean score,

Free to use and No programming
free resources skill required

W Standard Deviation

Figure 6 Summary of scores from the user study by app creators. Participants were asked to rate their experience of using the platform on
a 5-point Likert scale from “Poor” (a score of 1) to “Excellent” (a score of 5).
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indicating the diversity of expectations among users.
However, this may be due to the limited templates and
customization options available in the current version, as
suggested by the users’ qualitative feedback regarding
their unmet expectations. Users expressed the need for
more application-specific features and customizations
tailored to each app’s unique purpose. However, providing
such a high level of customization is challenging with a
general-purpose tool, requiring a balance between ease of
use and flexibility. This limitation can be partially addressed
by providing more templates. The “No Programming Skill
Required” question has the highest variability, which may
be due to the different levels of computer exposure among
the users. Overall, this feedback suggests that the platform
is user-friendly and convenient for nonexpert users.

USER STUDY 2: APP USERS

The research question for user study 2 is, “Are the citizen
science apps created using SmartCS useful and easy to
use?” The objective was to collect feedback and evidence
demonstrating that citizen science apps developed with
SmartCs, featuring simple designs and ML guidance, are
both useful and easy to use.

Three apps, RipSnap, Recycle This, and Tidal-Now,
underwent user testing with 38, 21, and 30 testers,
respectively. Participants provided feedback on their
user experience through an online form (Figure 7). Users
generally found the apps easy to use. The GUI received the
lowest rating, likely due to their simplistic appearance. We
plan to improve upon this in future work. ML capabilities
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and usefulness were generally rated highly (either 4 or
5) across all three apps. These results indicate that apps
created with SmartCS are user-friendly and serve their
intended purpose well. This study was conducted through
an online user study via open beta testing, where the
apps were distributed using Apple’s beta testing platform,
TestFlight.

QUALITATIVE FEEDBACK

We gathered qualitative feedback from participants of
both user studies through open-ended comments and
verbal interviews. A primary suggestion from users who
created apps was to provide more resources, help files,
and video tutorials to guide them through the process.
A recurring observation across all study groups was the
simplicity and limited features of the user interface.
However, this is more of a design choice rather than a
technical limitation. Most participants strongly agreed
that they appreciated the inclusion of ML for all citizen
science use cases. They were impressed with the apps’
ability to detect complex phenomena such as rip currents
in real time.

CONCLUSION

This article presents SmartCS, a platform for building
mobile apps with client-side ML-based guidance for citizen
science without writing code. The apps created using the
platform enhance data collection quality and efficiency

Recycle This
100% -
90% I
80%
70%
60%
50%
40%
30%
20%
10%
0% - ||
Ease of use GUIand ML Usefulness Ease of use GUIand
other capabilities other
features features
Mean 4.57 3.57 4.05 3.90 4.71 3.71
STD DEV 0.58 0.58 0.90 0.75 0.60 0.76

RipSnap

ML Usefulness Ease of use GUIand ML Usefulness
capabilities other capabilities
features
3.87 4.26 4.70 3.70 4.07 4.33
0.98 0.75 0.78 0.69 0.77 0.75

TidalNow

User
Rating
Scale
ms5

4

Figure 7 Summary of scores from the user study by users of three apps. Participants were asked to rate their experience of using the
platform on a 5-point Likert scale from “Poor” (a score of 1) to “Excellent” (a score of 5). GUI: graphical user interface, ML: machine

learning, STD DEV: standard deviation.
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through ML-based guidance, even without internet
connectivity in the field. The ML guidance also allows
the apps to function as educational tools for participants
who may not be familiar with the subject of the data
being collected. We demonstrate the use of the authoring
platform with six example use cases. We also present user
studies to illustrate the app creation platform’s usability
and the effectiveness of the created apps for citizen
science applications, highlighting its potential to engage a
broader audience in citizen science activities. The feedback
suggests areas for improvement, such as offering more
resources and enhancing the user interface, but overall, the
platform received positive feedback for its usability and the
inclusion of ML capabilities.

The current apps enable expert users to utilize the apps
without ML support, while nonexpert users can benefit
from ML assistance for data collection. We plan to facilitate
a seamless transition between ML-supported and non-ML
modes through in-app guidance in future developments.
It is important to note that the ML guidance used in the
apps is not infallible and can produce false positive and
false negative detections. It would be interesting to see
if a collaborative approach between humans and ML
can perform even better than with ML only. In such an
arrangement, the human will have the option of overriding
the ML detection in instances where they are confident
and rely on ML detections otherwise. We believe that it
is possible to improve overall accuracy and automate
further the data collection process. Furthermore, the data
collected when humans overrode ML suggestions can be
used to improve and refine the ML model further, which we
plan to investigate in the future.
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