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Monty-Maximilian Zühlke1, Michael Rohs2, Daniel Kudenko1

1L3S Research Center, Appelstr. 4, 30167 Hannover, Germany
2Leibniz University Hannover, Welfengarten 1, 30167 Hannover, Germany

{dren.fazlija, schrader, zuehlke, kudenko}@l3s.de,
arkadij.orlov@stud.uni-hannover.de, michael.rohs@hci.uni-hannover.de

Abstract

With an ever-increasing reliance on machine learning (ML)
models in the real world, adversarial examples threaten the
safety of AI-based systems such as autonomous vehicles. In
the image domain, they represent maliciously perturbed data
points that look benign to humans (i.e., the image modifica-
tion is not noticeable) but greatly mislead state-of-the-art ML
models. Previously, researchers ensured the imperceptibility
of their altered data points by restricting perturbations via
ℓp norms. However, recent publications claim that creating
natural-looking adversarial examples without such restric-
tions is also possible. With much more freedom to instill ma-
licious information into data, these unrestricted adversarial
examples can potentially overcome traditional defense strate-
gies as they are not constrained by the limitations or patterns
these defenses typically recognize and mitigate. This allows
attackers to operate outside of expected threat models. How-
ever, surveying existing image-based methods, we noticed
a need for more human evaluations of the proposed image
modifications. Based on existing human-assessment frame-
works for image generation quality, we propose SCOOTER
– an evaluation framework for unrestricted image-based at-
tacks. It provides researchers with guidelines for conduct-
ing statistically significant human experiments, standardized
questions, and a ready-to-use implementation. We propose a
framework that allows researchers to analyze how impercep-
tible their unrestricted attacks truly are.

Introduction
Since 2013, it has been well-established that malicious en-
tities can mislead sophisticated computer vision models by
adding imperceptible noise to images (Szegedy et al. 2013).
The resulting adversarial examples (AEs) look benign to hu-
mans. However, due to the restricted nature of the attacks,
their effectiveness can be limited significantly through im-
age pre-processing (Dziugaite, Ghahramani, and Roy 2016)
and certified robust defense strategies (Li, Xie, and Li 2020).
Hence, unrestricted AEs have garnered increasingly more
interest in the last few years. Such attacks alter images sig-
nificantly through modifications that humans easily over-
look, which is achieved by taking semantic information into
account. For example, (Shamsabadi, Sanchez-Matilla, and
Cavallaro 2020) perform significant color changes only to
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non-sensitive areas (e.g., furniture) that look natural to the
human eye across a wide range of colors. Works on unre-
stricted attacks should rigorously assess the imperceptibility
of the resulting images, as this characteristic can no longer
be assumed. However, few publications employ human eval-
uation experiments to support their claim – none of which
offer statistically significant insights. Hence, providing the
research community with a statistically significant human
evaluation protocol based on well-established study design
recommendations is crucial.

Contributions. To facilitate research into unrestricted
adversarial examples, we propose SCOOTER (Systemizing
Confusion Over Observations To Evaluate Realness) –
a human evaluation framework for examining the qual-
ity of unrestricted adversarial images (i.e., the impercep-
tibility of modifications). Drawing inspiration from exist-
ing tools (Otani et al. 2023) and following study design
recommendations (Aguinis, Villamor, and Ramani 2021),
SCOOTER enables researchers to make statistically signif-
icant claims about the imperceptibility of image-based at-
tacks. The SCOOTER framework encompasses (i) a ready-
to-use web application with a modular design allowing re-
searchers to integrate their images easily; (ii) a carefully
crafted study protocol that guides researchers in every step
of performing online studies; (iii) an online leaderboard en-
abling the comparisons of state-of-the-art attacks across dif-
ferent target models; (iv) an image database containing all
generated AEs for further analyses.

State-Of-The-Art Assessment Protocols
The most similar work to ours is the evaluation proto-
col of (Otani et al. 2023) for analyzing the quality of
Text-To-Image generators. The authors provide researchers
with well-designed domain-specific questions and user in-
terfaces, recommendations for several design choices (e.g.,
requirements that participants need to fulfill), and templates
for reporting human evaluation results. While our goals align
with the authors’, their protocol does not sufficiently guide
inexperienced researchers in difficult aspects of experiment
design. Most notable is the lack of methods to guarantee
high-quality evaluation data. For example, their protocol
does not cover standard measures like attention and instruc-
tion manipulation checks. The researchers also publicly state
their eligibility requirements, which is not recommended as



it increases the self-misrepresentation of participants (Agui-
nis, Villamor, and Ramani 2021; Bauer et al. 2020). In con-
trast to their work, we aim to support inexperienced re-
searchers by rigorously defining every detail of the study
design. Another adjacent publication (Zhou et al. 2019) pro-
vides a basic framework for collecting human image qual-
ity assessments. While the resulting protocols HYPEtime and
HYPE∞ are widely used in subjective image quality assess-
ment tasks, they display similar weaknesses to (Otani et al.
2023). We build on the insights of both publications while
considering these flaws.

Framework Design
Online Study Design. To evaluate the imperceptibility of
unrestricted attacks, we propose to conduct a 13-minute on-
line study on Prolific1. We use Prolific because it can pre-
screen participants without publicly sharing eligibility re-
quirements while providing higher-quality data than other
services (Douglas, Ewell, and Brauer 2023). We use the
built-in prescreeners to filter out workers who are colorblind
and those who self-report to be not fluent in English. We
further ensure workers’ capabilities by performing a short
colorblindness and comprehension check. In line with Pro-
lific compensation guidelines and related publications, we
offer an average compensation of £7.60 per hour. To support
our protocol’s critical design decisions (e.g., the slider-based
input as in Figure 3), we developed a Flask-based2 web ap-
plication to perform these studies. Research groups can use
the web app to replicate our study design for their experi-
ments.

Colorblindness Check. The most prominent attack vec-
tors for unrestricted AEs are the colors of an image. As
such, colorblind annotators will likely overestimate the im-
perceptibility of most attacks. Thus, participants must cor-
rectly classify five different Ishihara-like images (Ishihara
et al. 1918) before accessing the study’s central portion (see
Figure 1). These images emulate so-called Ishihara plates,
which are widely used diagnostic tools for vision deficien-
cies. Four images show a digit, while one image always dis-
plays no digit. Failing this check will end the study, and the
user will be compensated for 1 minute of work.

Comprehension Check. After passing the colorblindness
check, we provide users with a brief explanation outlining
common modification strategies. Examples include image
filters and the change of colors in a particular area of the im-
age. After reading the explanation, the user must pass a com-
prehension check. We display six image pairs, each contain-
ing a random unmodified and one random modified image
(see Figure 2). To move on to the main portion of the study,
participants must correctly classify the modified image of at
least five pairs. Failing this check will end the study, and the
user will be paid for 2.5 minutes of work.

Main Study. Here, we aim to analyze the imperceptibil-
ity of an attack strategy for one specific victim model. We
evaluate generated AEs by asking users to rate the degree
of modification for 106 images, 50 of which are unmodified

1https://www.prolific.com/
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ImageNet (Russakovsky et al. 2015) samples, that the vic-
tim classifies correctly with high confidence. Another 50 im-
ages represent random AEs generated by the assessed attack.
The remaining six images represent attention checks to en-
sure the attentiveness of participants. Instead of a forced bi-
nary choice between ”modified” and ”unmodified”, we want
users to rate how confident they feel about the degree of
modification via a slider input (see Figure 3).

The input ranges from -100, I am 100% certain that this
image is unmodified, to +100, I am 100% certain that this
image is modified. Collecting continuous ratings from many
participants will lead to better-informed comparisons be-
tween unrestricted attacks, as such ratings can capture finer
nuances of attack perceptibility (Chyung et al. 2018). For
instance, attack A, which produces successful attacks with
imperceptible modifications, could be rated the same as at-
tack B, whose successful modifications ”barely convince”
the average user.

Empirical Sample Size Estimation. A key factor for
conducting statistically significant studies is the choice of
an appropriate sample size. However, we cannot perform an
apriori sample size estimation due to this domain’s lack of
an established effect size. Hence, we must perform studies
to empirically determine a suitable number of participants
per (attack, model) pair. For this purpose, we plan to col-
lect large amounts of data for three attacks on one single
victim model. Given 3,000 modified and 3,000 unmodified
images per (attack, model) pair, which we distribute across
60 unique datasets, we want to collect at least ten samples
per image. Hence, we must invite at least 600 people per (at-
tack, model) pair. To create a recommended buffer of 15%
for low-quality annotations (Aguinis, Villamor, and Ramani
2021), we will invite another 90 annotators per attack-model
pair. Using the adversarially trained ResNet-50 (He et al.
2015) model of (Salman et al. 2020), we will collect data
from 690 annotators for three attacks, which vary in com-
plexity. Based on these results, we will then be able to deter-
mine the sufficient (and ideally much smaller) sample size
needed for analyzing unrestricted attacks.

Conclusions
Unrestricted image-based attacks will play a significant role
in the near future, especially considering the rapid progress
made in AI-based image generation (Croitoru et al. 2023).
We provide an accessible toolbox that supports high-quality
research into this developing field while increasing aware-
ness for unrestricted AE research.
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Appendix

Figure 1: Prototype of the Colorblindness Check Interface

Figure 2: Prototype of the Comprehension Check Interface

Figure 3: Prototype of the Main Study Interface


