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Abstract—In safety-critical systems (e.g., autonomous vehicles
and robots), Deep Neural Networks (DNNs) are becoming a
key component for computer vision tasks, particularly semantic
segmentation. Further, since DNN behavior cannot be assessed
through code inspection and analysis, test automation has become
an essential activity to gain confidence in the reliability of
DNNs. Unfortunately, state-of-the-art automated testing solutions
largely rely on simulators, whose fidelity is always imperfect, thus
affecting the validity of test results. To address such limitations,
we propose to combine meta-heuristic search, used to explore
the input space using simulators, with Generative Adversarial
Networks (GANSs), to transform the data generated by simulators
into realistic input images. Such images can be used both
to assess the DNN accuracy and to retrain the DNN more
effectively. We applied our approach to a state-of-the-art DNN
performing semantic segmentation, in two different case studies,
and demonstrated that it outperforms a state-of-the-art GAN-
based testing solution and several other baselines. Specifically, it
leads to the largest number of diverse images leading to the worst
DNN accuracy. Further, the images generated with our approach,
lead to the highest improvement in DNN accuracy when used for
retraining. In conclusion, we suggest to always integrate a trained
GAN to transform test inputs when performing search-driven,
simulator-based testing.

Index Terms—GAN-based testing, Simulator-based testing,
DNN-based systems testing

I. INTRODUCTION

Deep Neural Networks (DNNs) are an effective solution
to automate tasks that require vision capabilities. For this
reason, several companies developing cyber-physical systems
(CPS), are making large R&D investments to rely on DNNs
to automate tasks that are currently manual. Examples in the
automotive sector include driving assistance systems (e.g.,
obstacles detection, traffic sign detection, autonomous driving)
and interior car monitoring (e.g., drowsiness detection or unsu-
pervised child detection). In other sectors, key developments
are observed in robotics and space, for example to develop
autonomous vehicles capable of exploring caves and planets’
surfaces.

When a DNN that processes camera images is used to
drive a CPS, we must gain sufficient confidence that it can
adequately respond to all foreseeable inputs. To achieve this
objective, research has focused on combining meta-heuristic
search with simulators [21], [23], [27], [28], [44], [69]. The
rationale is that, under the assumption that simulators can
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accurately create images corresponding to a realistic scene,
meta-heuristic search enables the cost-effective search of in-
puts leading to failures. What enables test automation is the
fact that simulators, in addition to generate images according
to the parameters selected by the search algorithm, can be
used to automatically assess the quality of the DNN output
for each generated input. For example, the performance of
steering angle DNNs can be assessed by relying on the
distance between the ego vehicle and the lane separator
line, both provided by the simulator; indeed, the closer the
vehicle gets to the separator line, the more likely it will cross
the lane. Although such search-based approaches effectively
generate images leading to DNN failures, the validity of such
DNN assessment highly depends on the simulator fidelity. For
example, recent work has demonstrated that the fidelity gap of
simulators leads to different reliability results in simulation-
based and real-world testing [28], [50].

The limited fidelity of a simulator may thus hinder the detec-
tion of DNN shortcomings. For example, the road landscapes
generated by the AirSim simulator [47], which resemble resi-
dential areas in the USA, are very different from the landscape
of European cities and towns. Based on our interactions with
industry partners in the space and automotive sectors [5], [19],
[20], we noticed that high-fidelity simulators are lacking for
many environments in which DNNs can be applied, including
for example car interiors (e.g., for in-cabin monitoring DNNs)
and space landscapes (e.g., to drive Mars and Lunar rovers).

To accurately test DNNs, ensuring that we explore the input
space relying on realistic input images, we propose DNN
testing with GAN-enhanced simulations and search (DESIG-
NATE). We rely on meta-heuristic search to effectively drive
a simulator towards the generation of diverse inputs leading
to failures but, instead of testing the DNN with simulator
images, we leverage Generative Adversarial Networks (GANs)
to transform the simulator output into a more realistic im-
age that resembles real-world data distributions. GANs are
a promising candidate to address the simulator fidelity gap
because they have shown to be effective in image-to-image
translation, that is mapping images from one domain (e.g.,
sketches) to images in another (e.g., photographs) [31], [57].
For testing, GANs have been mainly adopted to introduce
realistic perturbations in input images [34], [58], [65] and
to estimate sensory data [50], [63]. DESIGNATE is the first
technique integrating GANs into search-based testing with
simulators.

We assume that, because the realistic images are generated
from the simulated ones, both the simulator and realistic
images share the same ground truth (i.e., the DNN should
generate similar outputs from them), thus enabling test au-


Fabrizio PASTORE
Article accepted for publication in IEEE Transactions on Software Engineering. (c) 2025 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information. 


tomation by assessing the DNN output based on the infor-
mation provided by the simulator. Further, realistic images
leading to DNN failures can be used to retrain a DNN to
improve its reliability in the field, something which may be
more difficult to achieve with simulator images because of on
their fidelity. However, to address this challenge, DESIGNATE
can test a road scene segmentation DNN by relying on AirSim
to generate landscapes of city roads with traffic and buildings,
and then leverage a GAN to transform those landscapes into
realistic images with European cities.

Inspired by work on DNN testing [28], [44], we rely on
genetic algorithms to cost-effectively identify failure-inducing
images with GANs; our objective is to identify simulator
parameters leading to simulator outputs (e.g., an image of a
simulated city road) that, after being transformed into realistic
images using a GAN, lead to DNN failures. Since we ideally
aim at identifying all the situations in which the DNN fails,
to both identify failures and maximize input diversity, we
combine two fitness functions. The first one measures the
accuracy of the DNN output whereas the second one measures
the similarity across generated realistic images. To test a DNN
with diverse scenes being depicted in the input images, we
are interested in generating images that differ in terms of the
items being displayed and not just a few, scattered, unmatched
pixels. For this reason, we introduce a feature-based distance
metric that leverages transfer learning [5].

We conducted an empirical investigation with a state-of-
the-art, third-party DNN for road segmentation. Our results
show that DESIGNATE outperforms TACTIC [34] and Deep-
Janus [44], two state-of-the-art DNN testing approaches, and
several baselines including random search, single objective
search, and multi-objective search without GANs. DESIG-
NATE generates inputs leading to the worst DNN reliability
and maximizes input diversity. Further, we demonstrate that
the inputs generated by DESIGNATE better support DNN re-
training, compared to competing approaches, with an increase
in DNN accuracy of eight percentage points. In addition to our
road segmentation case study, in the context of the Mars rover
self-driving system, we also demonstrate the applicability
and benefits of our approach to object detection on Mars’
surface, using the AI4AMARS dataset [51] and a custom-built
simulator leveraging Unreal Engine [17] and Airsim. Based
on our results across both case studies, we conclude that
GANSs should be combined with simulators when testing and
improving vision-based DNNs as it leads to more effective
and diverse testing, as well as better retraining.

Our paper proceeds as follows. Section II introduces back-
ground techniques. Section III describes DESIGNATE. Sec-
tion IV reports on our empirical study. Section V discusses
related work. Section VI concludes the paper.

II. BACKGROUND
A. Terminology

In this paper, we rely on the following definitions:

A scene describes a snapshot of the environment including
the scenery and dynamic elements, as well as all actors’ and
observers’ self-representations, and the relationships among

Fig. 1: Example of images from the cityscapes dataset showing
the same situation (a turning road, buildings on the side along
with parked cars).

those entities [53]. In our context, where the DNN under
test processes pictures taken by a camera, a scene is a single
picture taken by a camera or generated by a simulator.

A situation is the entirety of circumstances, which are to be
considered for the selection of an appropriate behavior pattern
at a particular point of time [53]. For vision DNNs in au-
tonomous driving (e.g., semantic segmentation, steering angle
prediction), since the DNN prediction depends on the objects
depicted in an image, a situation captures commonalities
among similar images leading to the same DNN prediction.
For example, pictures with a turning road, buildings on the
side along with parked cars, may belong to the same situation
(see Figure 1).

A scenario describes the temporal development between
several scenes in a sequence of scenes. Every scenario starts
with an initial scene. Actions and events characterize the
temporal development in a scenario. Other than a scene, a
scenario spans a certain amount of time [53]. In our context,
a scenario is a sequence of images generated by the simulator.

B. Semantic Segmentation

Semantic segmentation is a computer vision task that in-
volves assigning a class label to each pixel in an image. Unlike
other forms of image recognition or classification, semantic
segmentation provides a fine-grained understanding of an
image’s content by labeling each pixel with a corresponding
class, such as “road,” “car,” “person,” and “building,”.

Semantic segmentation is often performed with convolu-
tional neural networks (CNNs) that learn to capture spatial
relationships, object boundaries, and contextual information
within an image, enabling them to differentiate between dif-
ferent objects and delineate their precise outlines. In our study,
we consider the state-of-the-art DeepLabV3+ architecture [13].
DeepLabV3+ is renowned for its accuracy and efficiency in
pixel-level semantic segmentation tasks [37], [56].

C. Simulated Environments

Simulators replicate real-world scenarios, allowing DNNs
to be tested in a controlled and reproducible environment. In
our work, we rely on two simulators:



1) AirSim: AirSim is an open-source simulator for au-
tonomous vehicles and drones developed by Microsoft [47].
It provides a realistic environment for testing and training
Al algorithms using a variety of sensors, including cameras,
lidars, and GPS. AirSim can be controlled through a dedicated
API, which enables its use for DNN testing. In our context, we
rely on the features for controlling the positioning of the ego
vehicle in the simulated environment and generating a picture
of the landscape in front of the ego vehicle. Further, for each
generated image, AirSim provides a semantic segmentation
image where each pixel’s color directly corresponds to a
specific category or class, including roads, buildings, vehicles,
pedestrians, or sky. We use these images as ground truth to
assess the reliability of DNNs in road scene segmentation.

2) MarsSim: Focusing on extraterrestrial object detection,
specifically on the Martian surface, we built a simulator that
generate images resembling the ones in the AI4MARS dataset
by combining Unreal Engine with the the same plugins that
Airsim uses. This simulator creates realistic images of Mars
terrain, which, when enhanced with a GAN, enables the
generation of diverse training data for testing DNNs in Mars
exploration contexts. Including the Airsim API enables us to
control the simulator by changing the position of the camera.
To create an authentic Martian environment, we modeled
objects that match those found in the AI4MARS dataset: rocks,
bedrock, sand, and Martian soil, each designed with textures
and colors reflective of actual Mars imagery. We also incorpo-
rated variations in object size, shape, and placement to reflect
the irregular distribution of terrain features typically observed
on Mars. Additionally, we introduced terrain undulations and
slopes to simulate the topographical challenges of Mars, such
as craters, cliffs, and valleys, which pose unique navigational
challenges for autonomous rovers.

D. GAN-based Image-to-image Translation

Image-to-image translation maps images from one domain
(e.g., sketches, edges, or semantic labels) to images in another
domain (e.g., photographs, paintings, or architectural layouts).
This transformation process involves learning the complex and
non-linear mappings between the two domains, allowing for a
seamless transition while preserving essential attributes.

Generative Adversarial Networks (GANs) are a key tech-
nology for image-to-image translation. GANs consist of two
interconnected DNNs - the generator and the discriminator.
The generator is responsible for producing synthetic images,
while the discriminator aims to differentiate between real
images from the target domain and the generated images.
Through a competitive process, the generator progressively
improves its ability to produce more realistic images, and the
discriminator becomes more adept at distinguishing real and
generated images.

Example GANs for image-to-image translation
are Pix2Pix [32], with its high definition extension
Pix2PixHD [57], which are trained with pairs of images
from the two domains, and CycleGAN [68], which does
not require paired images. Other GANs are UNIT [36] and
MUNIT [31]. UNIT includes two domain image encoders,

two domain image generators, and two domain adversarial
discriminators. MUNIT decomposes an image representation
into domain-independent content code and domain-specific
style code. The content code captures the underlying structure
and semantics of the image that remain consistent across
different domains. For example, in road scene images, the
content code includes the road layout, lane positions, vehicles,
traffic signs, pedestrians, and buildings. On the other hand,
the style code captures the stylistic attributes unique to a
particular domain. In the context of automotive images,
style codes might include night-vision images, different
weather conditions, and synthetic images from simulators.
MUNIT translates images to other domains by recombining
content code with style code sampled from the target domain.
Related work leveraged UNIT and MUNIT to change weather
conditions in real-world images [59], [65], which is a different
objective than ours. CycleGAN has instead been used to
automatically generate sensor data [50]. After a preliminary
assessment of both CycleGAN and Pix2PixHD to generate
realistic images from segmentation maps produced by the
AirSim simulator, we selected Pix2PixHD for our work since
it led to better results (i.e., higher-fidelity images). Figure
2 illustrates an example of image-to-image translation of a
segmentation map produced by AirSim into a realistic image,
using the Pix2PixHD model [32]

Ground truth

Simulated image

Realistic image

Fig. 2: Examples of simulator image, ground truth (i.e., seg-
mentation map provided by the simulator), and realistic image
generated by Pix2PixHD from the ground truth of AirSim.

Fig. 3: Examples of a Mars simulator’s simulated image, its
ground truth, and the realistic image generated from it by
Pix2PixHD.

III. THE DESIGNATE APPROACH

DESIGNATE supports the testing and improvement of vi-
sion DNNs by generating realistic but synthetic inputs belong-
ing to distinct situations. Such realistic inputs are generated
by combining meta-heuristic search, simulators, and GANs.
Simulators enable the inexpensive generation of input images
and corresponding ground truth information (e.g., correct
segmentation mask), while meta-heuristic search enables the
exploration of the input space to exercise distinct situations



increasingly likely to lead to mispredictions. Finally, GANs
enable the generation of high-fidelity images from the simula-
tor data, thus maximizing the likelihood that testing results are
representative of what can be observed with real-world inputs,
thus ensuring that the mispredictions observed during testing
are due to DNN limitations that can be experienced in the real-
world and not the fidelity gap of simulators. Further, realistic
images can be used to retrain the DNN under test to improve
its reliability. Last, the images generated by DESIGNATE
belong to distinct situations, thus enabling the identification
of diverse DNN limitations and their improvement.

Figure 4 provides an overview of DESIGNATE, which
consists of three components:

1) GAN-based input generation component. It receives as
input the configuration parameter values to be used to
generate, with a simulator, scene data (i.e., an image
and the corresponding segmentation map). The scene
data is then used to generate a realistic image with a
GAN trained on a specific reference domain. For our
automotive case study, we used the Pix2PixHD GAN
trained on the CityScape dataset to generate realistic
road scenes from the segmentation map produced by
the simulator. For our Mars case study, we utilized the
AI4MARS dataset to train the GAN, and the simulator
was built using Unreal Engine and Airsim to generate
Martian surface images.

2) Fitness computation component. Since we aim to iden-
tify situations that are both unsafe (i.e., leading to DNN
mispredictions) and diverse, we apply two distinct fitness
functions: Fyccuracy, Which measures how accurate is
the DNN prediction on the generated realistic image
(e.g., the accuracy of the semantic segmentation), and
Fgimilarity> which measures how similar a generated im-
age is from the already generated ones. These functions
are used by a minimization algorithm to address our
objectives, as described next.

3) Search Algorithm. We rely a multi-objective search algo-
rithm to find a population of diverse situations where the
DNN fares poorly, thereby suggesting these scenarios
are not well captured by the real-world DNN training
set. In our search algorithm, an individual is captured by
the set of parameters used to deterministically generate,
using a simulator, scene data, and to derive a realistic
image from such data. For optimization purposes, for
each individual, we store the simulator parameter values,
the scene data, and the realistic image.

The output of DESIGNATE is a set of diverse and realistic
images leading to poor DNN reliability. They should be
inspected for safety-analysis purposes; specifically, they enable
understanding the situations in which the DNN mispredicts,
determine their likelihood based on domain knowledge, and
identify countermeasures. Also, they can be used to retrain
the DNN and improve its performance. The following sections
provide details about our components.

A. GAN-based input generation

We generate scene data (i.e., images with simulated scenes
and corresponding segmentation masks) by relying on the

AirSim simulator (Section II-C); however, our approach can
be applied with simulators having similar capabilities (e.g.,
Carla [10] and BeamNG [7]). However, one must ensure that
the generated scenes are realistic. In our case, to assess DNNs
that control a vehicle (e.g., segmentation of the images in front
of the vehicle, or steering angle prediction), it is necessary to
generate scenes that mimic what can be observed by a car
on the road. Consequently, we control the generation of scene
data through two parameters: orientation and position of the
car. To test other DNNs (e.g., visual navigation for drones), a
different set of parameters would be considered (e.g., altitude
might be included).

We then generate realistic images from the ground truth
information provided by the simulator. In our experiments,
such ground truth is the segmentation mask, but could be
different information in other contexts. To this end, we uti-
lize a Pix2PixHD DNN [57] that we train using the same
dataset used for the DNN under test; such dataset consists
of pairs (image, expected output). For example, in our exper-
iments, we considered a DNN trained on a dataset of pairs
(European road image, segmentation mask), which we use to
train Pix2PixHD to generate images of roads belonging to
European cities from segmentation masks.

During testing, DESIGNATE provides the ground truth of
the simulated images to the trained Pix2PixHD to generate
a realistic images; in our experiments, DESIGNATE provides
to Pix2PixHD the segmentation mask produced by AirSim
in order to generate realistic images resembling real-world
images from Cityscapes.

B. Fitness Functions

1) Accuracy fitness: The fitness function Fceyracy(?)s
which computes the accuracy of the DNN on an individual,
depends on the DNN under test. In general, we suggest relying
on the metric used to measure the reliability of the DNN.
For example, in our empirical assessment, we test a DNN
for image segmentation that is assessed, for safety reasons,
based on its capability to detect cars accurately. Specifically,
it is assessed with the Intersection over Union (loU) metric,
(i.e., Jaccard Index [18]). It measures the overlap between the
predicted segmentation mask and the ground truth mask for
a class (e.g., car, road), as the ratio of the intersection area
to the union area of the two masks. Therefore, we compute
Foceuracy (i) by relying on the IoU formula for car objects:

- TPy (i)
TP.or(i) + FPrar(i) + FNeqr (i)

where T'P,,,.(i) are the true positive car pixels in image i
(pixels that belong to cars in both ground truth and predic-
tion), F'P,...(i) are the false positive pixels for cars (pixels
erroneously reported as belonging to a car in the predicted
segmentation mask), and F N, (i) are the false negative
pixels (pixels erroneously not reported as belonging to a car
in the predicted segmentation mask).

For the Martian case study, we consider all the classes
when computing the accuracy. Therefore, we use the mean
IoU (mlIoU) as Fyccuracy(i). The mIoU for one image is

T0U a0 (7) (1
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Fig. 4: Overview of DESIGNATE.

obtained by averaging the IoU scores across all classes and is
computed as follows:
< TP,

1
ToU = —
mlol C;TPC+FPC+FNC

2

Unfortunately, when test images are automatically generated
using simulators and GANs, the DNN may badly perform
because the generated images are not relevant for testing.
Specifically, they may be out-of-domain (because of the simu-
lator’s control limitations) or may not match the ground truth
(because of the GAN’s limitations). Consequently, we defined
a fitness function that distinguishes between non-relevant and
relevant individuals, as follows:

. 2 if 7 is not relevant
Faccuracy (Z) = . . (3)
performance(i) otherwise

We assume the performance metric (i.e., per formance(i),
based on ToUcar(i)) to be normalized in the range 0-1, with
a perfect output leading to 1. Therefore, since in our search
we aim to minimize the fitness function, we return a fitness
of 2 for irrelevant individuals, so that they are discarded by
the search process. Below, we describe how we determine
irrelevant individuals.

How we determine out-of-domain inputs depends on the
specific case study. When relying on AirSim, for example,
we observe out-of-domain inputs when the ego vehicle is
positioned next to another vehicle and perpendicular to it (e.g.,
facing the other vehicle’s door), which is not interesting for our
testing purposes since it is very easy to make a segmentation
DNN fail in such case. Another case is that of images with no
cars, which should be excluded because we are only interested
in testing the DNN with images exhibiting traffic. Conse-
quently, we consider an image to be relevant if the proportion

of pixels belonging to cars (i.e., carPizelsProportion) in the
input image is within a given range:

0 < carPizelsProportion < 0.4

The variable carPixelsProportion is computed on the seg-
mentation ground truth. We set the upper bound to 0.4 to
ensure that the car does not cover most of the image, which
would result in unrealistic scenarios for evaluating DNN per-
formance. Indeed, images where carPixelsProportion exceeds
0.4 often involve close-ups or unusual viewpoints, such as a
vehicle occupying most of the camera’s field of view—Ilidar-
based sensors typically prevent autonomous cars from being in
such situations. We set the lower bound above zero to ensure
that the image contains at least one car. Similarly, for the
Martian environment, we need to ensure that the sky does not
cover most of the image and, therefore, we consider an image
relevant if the proportion of pixels belonging to the sky (i.e.,
skyPizelsProportion) is within the range:

0 < skyPizelsProportion < 0.7

One may consider that 70% is a relatively large proportion of
the image but it is a realistic situation based on our discussions
with ESA representatives.

Also, to prevent the positioning of the car outside of the
road (e.g., on a building), we ensure that the position of the
car is within the road lanes, whose coordinates we mapped
manually, by assigning a high fitness otherwise.

Detecting GAN-generated realistic inputs not matching the
ground truth is hard to automate because only humans can
determine if the image is a correct representation of the
ground truth (e.g., cars really appear where car pixels are
reported on the ground truth). However, to automate such
verification, we propose relying on heuristics based on the
difference in DNN reliability between images generated by
the simulator and the corresponding GAN-generated realistic
images. Our heuristic relies on the empirical observation that



the DNN under test performs better on a realistic image than
on the corresponding simulator image, which is expected with
DNNs trained on real-world images. To apply our heuristic,
before testing, we consider a large set (1000) of simulator
images generated with randomly selected parameter values,
and generate corresponding realistic images. Each simulator
and realistic image is processed by the DNN under test to
generate a prediction, and the performance metric is computed
for each image in each image pair, which enables computing
the performance difference as:

deltaperformance (Z) = “4)
performa‘ncesimulated (l) - performancerealistic(i)

where ¢ indicates the i-th pair of simulator and correspond-
ing realistic image.

After sorting the generated image pairs based on their
deltayer formance (%), it is possible, through visual inspec-
tion, to determine a threshold (7T} cjevance) above which the
realistic images do not correctly capture the ground truth
(e.g., a car is missing where expected based on the ground
truth). We selected Tcievance as the third percentile of the
deltaper formance distribution. During testing, we thus con-
sider a realistic image to be relevant if deltaper formance (4) <
Trelevance- Regarding the segmentation DNN for urban envi-
ronments considered in our empirical assessment:

deltaperf07-mance(7;) = deltanU(i) = ®)
Io Usimulated(i) —Io UTealistic(i)

In contrast, in the case of the martian environment, we
did not observe GAN-generated images that are less realistic
than those of the simulator and therefore we do not rely on
Trelevance.- We believe this is mainly due to our Mars simulator
having limited fidelity and is thus representative of cases where
limited effort was dedicated to simulator development'.

In the segmentation DNN considered in our empirical
assessment with the urban case study, Fyceyracy 15 therefore
computed as follows:

2 if 0 < carPixelsProportion < 0.4
Faceuracy (i) = 2 if the ego vehicle is off the road
' 2 if deltarou (i) > Tretevance
IoUcqr(i) otherwise
(6)

For the martian case study, based on the above discussion,
Foccuracy 18 instead computed as follows:

r (4) = 2 if 0 < skyPizelsProportion < 0.7
aeenraci T Y mIoU (i) otherwise
7

2) Diversity fitness: Our diversity fitness should enable
determining if a newly generated image captures a situation
that was not observed before (e.g., no traffic on the road
VS a lot of traffic on the road), which can be achieved

IPlease note that state-of-the-art realistic simulators for space exist (e.g.,
PANGU [49]), but they do not generate the ground truth labels required to
train segmentation DNNs.

by computing the difference between the newly generated
image and the previously generated images (e.g., stored in
an archive). However, the above-mentioned objective cannot
simply rely on a simple computation of the the pixel-by pixel
difference between two images; indeed, two images generated
before and after slightly turning a car, may present pixels
that are all shifted in one direction thus resulting into a high
difference even if the two images capture the same situation.

To address the problem above, we suggest capturing the
semantic difference between two images by computing the
difference between the feature vectors derived from the two
images. Based on our previous experience with clustering
DNN mispredictions [5], we rely on a ResNet50 model
trained on the ImageNet dataset to automatically derive feature
vectors. The deep architecture of ResNet50 (50 layers) allows
it to capture richer and more abstract features at different
levels of the network. This makes it more powerful for
feature extraction tasks where high-level semantic features are
important [30], [48]. Image diversity can then be computed as
the Euclidean distance between two feature vectors. Euclidean
distance inherently measures the geometric distance between
points in a multi-dimensional space; when applied to feature
vectors representing images, it captures the differences in
features between images. Images with similar features will
have a shorter distance, indicating less diversity, while images
with dissimilar features will have a longer distance, suggesting
higher diversity.

In the presence of an archive with previously generated
images, Fgimilarity, Which captures how ¢ is similar to previ-
ously generated images, can thus be computed as a function of
the Euclidean distance from the closest image in the archive.
However, in a search algorithm, preserving images that slightly
differ from previously generated ones may lead to being stuck
in local optima; therefore, inspired by previous work [44],
we introduce a threshold for the diversity (Tig;yersity) below
which an image is not considered different from a previously
generated one and is thus assigned with high fitness:

_ 2 if distanceFromClosest(i) < Tyiversity
Fsimilarity(z) - 1

1+distanceFromClosest(i)) otherwise

®)

The value of distanceFromClosest(i) is identified by com-
puting the Euclidean distance of the image ¢ from each
image in the archive and selecting the shortest one. Like in
related work [44], we compute Tyipersity as the median of
the pairwise distances in a set of 1000 randomly generated
images. Finally, the term 1" Fv}omClosest ) is used for
normalization: it leads to a fitness close to zero Igor a very high

distance, and to one for overlapping images.

C. Search algorithm

We aim to address a multi-objective problem [4], generating
realistic images leading to minimal DNN accuracy and having
minimal similarity among each other. We therefore rely on the
NSGA-II algorithm, which demonstrated its effectiveness in
multiple multi-objective software testing problems. However,
inspired by related work aiming at maximizing the diversity



Algorithm 1 Updating the archive with image i

Algorithm 2 Search algorithm used in DESIGNATE

Require: A: archive with individuals selected so far, ¢: individual to be added,
Tsi'mila'rity
Ensure: archive with individuals that are sparse and minimize Fiaccuracy

1: if Fuccuracy (i) == 2 then > ignore non-relevant

2: return

3: if distanceFromClosest(i) > Tgjyersity then

4: addito A

5: else if  (distanceFromClosest (i) < Tgiversity —and
Faccuracy(closestTo(z)) > Faccumcy(i)) then

6: put ¢ in A, in place of i’s closest individual already in A

among the generated individuals [44], we extend NSGA-II
with an archive to store the best (non-dominated) individuals
encountered during the search process. The archive plays a
critical role in preventing the genetic algorithm from cycling,
a phenomenon where the population moves from one area of
the solution space to another and then back again without
exploring other areas. By retaining the best individuals in the
archive, and assigning high fitness values to individuals that
are similar to the already generated ones, the algorithm ensures
that these areas are not revisited, facilitating a more efficient
exploration of the solution space.

Before delving into our search algorithm, we describe the
procedure adopted to update the archive with an individual
i, which is shown in Algorithm 1. Individuals that are not
relevant for testing (i.e., Fuccuracy(i) == 2) are not added
to the archive (Line 1). Instead, we add individuals that are
relevant and whose distance from the closest individual in
the archive is above the predefined threshold (Line 4). Last,
since individuals that are similar to others in the archive
(i.e., distanceFromClosest(i) < Tyiyersity) may still be
more effective for testing (i.e., lower Fyccuracy), We put the
individual ¢ in place of the individual that is closest to ¢ in the
archive when the Ficcyracy Of the former is lower than the
accuracy of the latter (Line 6).

Algorithm 2 presents the pseudocode of the NSGA-II
algorithm (with archive) employed in DESIGNATE. After
creating an empty archive (Line 1), since the initial selection
of seeds may affect the search results and inspired by our
previous work [3], we generate multiple (5 in our experiments)
populations of N randomly selected individuals (Line 2) and
we select the population Py as the one with the individual
having the lowest Fyccuracy (Line 4). This choice is based
on empirical observations from prior studies [20], which
demonstrated that using multiple seeds helps to reduce bias
in the optimization process and ensures a broader exploration
of the solution space. For instance, using five seeds strikes a
balance between computational efficiency and the reliability
of search results in related search-based testing tasks. All the
individuals in P, are then used to update the archive based
on Algorithm 1 (Line 5). In practice, the archive is populated
with individuals whose distance is above Tg;yersity and lead
to worst accuracy.

As per NSGA-II, the population undergoes a non-dominated
sorting process and crowding distance calculation (Lines 6-7).

The algorithm’s core is a loop that iterates until the genera-
tion count reaches the specified maximum ¢,,,,,. Within each
generation g, we use NSGA-II’s tournament selection method

Require: ¢,,q.: maximum number of generations, N: population size, P.:
crossover probability, Py,: mutation probability, 7: number of popula-
tions for initial seed selection

Ensure: An archive of diverse individuals leading to minimal DNN accuracy

1: Initialize an empty archive A

2: Initialize r random populations P(?..POT with N individuals in each

population

3: Evaluate Fyccuracy and Fsimiiarity Of each individual in each popu-

lation Pg..POT based on Equations 6 and 8
4: Select Py as the population with the individual having the lowest
F accuracy-

5: Update the archive A based on Fuccuracy and Fgimiiarity Of each

individual in Py

6: Rank the individuals in using non-dominated sorting

7: Calculate crowding distance for each individual

8 g« 0

9: while g < gmaz do

0 Select parents from the population P, using binary tournament

selection based on rank and crowding distance

11: Generate offspring Q4 using polynomial mutation and simulated
binary crossover

12: Combine P, and Qg into R,

13: Compute Fyccuracy for each individual in Qg

14: Compute Fiimiiarity for each i in Ry

15: for i in Ry do

16: Update the archive A with ¢ using on Algorithm 1

17: Update Fsimilarity Of each individual in Ry

18: Rank R, using non-dominated sorting

19: Calculate crowding distance for each individual in Ry

20: Select the top N individuals from R, to form new population Py

based on rank and crowding distance
21: g+—g+1
22: return A

to select parent individuals for the next generation (Line 10).
Offspring generation follows, employing polynomial mutation
and simulated binary crossover (Line 11). Then, we compute
Faccuracy for each individual in @, (Line 13). We also
compute Fimiiarity for each individual in R, with R, being
the union of the current population P, with the offspring
population @, (Line 14). Recomputing Fls;miarity for P, is
necessary because, in the previous iteration, new individuals
have been added to the archive and, therefore, distances have
changed. We then try to add each image to the archive based on
Algorithm 1 (Line 16). Finally, since the archive changed, we
update Fijmiiarity for the individuals in R, (Line 17). R, is
then ranked using the non-dominated sorting process (Line 18)
and the top individuals, based on rank and crowding distance,
form the new population P, for the subsequent generation
(Lines 19-20).

The algorithm concludes by returning the populated archive,
which includes diverse individuals leading to minimal DNN
accuracy.

IV. EMPIRICAL EVALUATION

We report on an empirical assessment of DESIGNATE
aiming to address the following research questions:

RQ1: How does DESIGNATE compare to alternative DNN
testing solutions in terms of test effectiveness? Alternatives
include approaches generating test images by relying on GANs
(but not simulators), random baselines, and alternative imple-
mentations of our approach (ablation study). We discuss what
approach leads to inputs leading to the lowest DNN accuracy
and having the highest diversity.



RQ2: How does DESIGNATE compare to alternative DNN
testing solutions to improve the DNN? Images generated for
DNN testing can also be used to retrain a DNN; we therefore
aim to determine what approach generates images that, when
used for DNN retraining, increase DNN accuracy the most.

A. Subjects of the Study

As subjects of our study, we consider two distinct subjects:
1) The DeeplabV3 DNN [11] from the Gluoncv library [24],
which is a state-of-the-art semantic segmentation DNN that
classifies each pixel image into a predefined class. This DNN
focuses on urban environments relying on the Cityscapes
dataset [46]. 2) A DeeplabV3 DNN trained for object de-
tection on Mars, utilizing the AIAMARS dataset [S1]. This
DNN implements a key task for the navigation of Mars
rovers; specifically, it detects objects such as rocks, sand,
and bedrocks. This subject was developed in the context of
a project with the European Space Agency.

For the urban environment case, DeeplabV3 was initially
trained by its developers on the Cityscapes dataset, which con-
tains a variety of urban street scenes from different European
cities. The dataset consists of a variety of images captured
at a resolution of 1024 by 2048 pixels in the streets of 50
different European cities, primarily in Germany. Each real-
world image comes with a segmentation mask representing
its ground truth. The DeeplabV3 training set consists of 2975
images; however, its test set comes without ground truth and,
therefore, for testing, we rely on the Cityscapes validation set
(500 images). The average IoU.,, metric (see Section III) is
particularly high: 71% (min=00%, first-quartile=62%, third-
quartile=91%, max=97%).

For the Mars navigation subject, we trained the DNN on
the AI4MARS dataset, which provides annotated images of
the Martian surface. The simulator for generating synthetic
Martian images was built using Unreal Engine [17] with the
same plugins used by AirSim. The simulator was configured to
simulate realistic Martian terrain and lighting conditions. The
Airsim plugins are added to: simulate Vehicle dynamics (in-
cluding interaction with sand and soil), add LIDAR for object
detection, provide Python API for real-time control of vehicle,
enabling communication between our search algorithm and the
simulated vehicle. For segmentation on the AI4MARS dataset,
DeepLabV3 achieved an average mloU of 49% (min=0%, first-
quartile=1%, third-quartile=77%, max=99%).

B. Assessed techniques

In our experiments, we assess a DESIGNATE prototype,
that relies on the original pix2pixHD GAN [39] and AirSim
1.8.1 [38] for the urban case study, and Unreal Engine 5 for the
Martian case study. We also extended the NSGA-II algorithm
provided by the Pymoo library [8].

To address our RQs, we compare DESIGNATE with a
random baseline, two variants of DESIGNATE (for the pur-
pose of performing ablation studies), TACTIC [34], and
DeepJanus [44]. We selected DeepJanus because it may lead to
better results if a DNN tends to fail where model behaviour

TABLE I: Configuration of DESIGNATE

Parameter Value
Population size 12
Generations 100
Mutation probability 0.3
Crossover probability 0.7
Tsimitarity (for DESIGNATE) 18
TsimilaT’Lty (for DESIGNATEPIZ) 0.02
Trelevance 0.1

changes. For DeepJanus, in addition to the original imple-
mentation provided by its authors, we developed an extended
version that integrates a GAN, as described below.

Our random baseline relies only on the GAN-based in-
put generation component; specifically, it generates realistic
images from simulator segmentation maps generated using
randomly selected values for the simulator parameters (e.g.,
position of the car in Airsim). For brevity, we refer to the
images from our random baseline as random realistic images.
We generate as many random images as DESIGNATE (i.e.,
12 % 100 = 1200).

We defined three additional DESIGNATE variants
(hereafter, DESIGNATE;,g4., DESIGNATE,;;, and
DESIGNATEN,gan) to assess how Fgimiiarity and the
feature-based distance contribute to DESIGNATE results.
Specifically, DESIGNATE,;, 4. employs a single objective
search where our algorithm is configured with Ficcyracy as
the sole fitness function and all the images are added to
the archive. DESIGNATE,;,, relies on the same algorithms
as DESIGNATE but, instead of relying on feature-based
distance, it computes the distance between two realistic
images as the percentage of pixels that do not match. Such
distance metric matches the pixel accuracy metric, which
is commonly used to assess semantic segmentation DNNs.
DESIGNATE y,can uses the same process as DESIGNATE,
but without the GAN component, therefore, both fitnesses are
computed using the simulator images.

Table I provides the hyper-parameters used for
DESIGNATE, DESIGNATE,;,4ic, DESIGNATE,;,, and
DESIGNATE yogan. For population size and number
of generations, we selected the same values adopted by
related search-based approaches with similar objectives
(i.e., minimize accuracy and maximize diversity) [44]. We
selected the mutation and crossover probabilities that proved
to be effective in our previous work on simulator-based
image generation [20]. Thresholds were determined based on
1000 randomly generated images, as described in previous
sections. The two different Ti;miiarity thresholds refer to
the two different distance metrics used in DESIGNATE and
DESIGNATE,;.

TACTIC is a state-of-the-art DNN testing approach that
leverages a MUNIT GAN trained to alter input images
by changing their weather conditions (night, sunshine, rain,
snow); further, it integrates a search-based approach which
alters the latent space vector in such a way that the generated
images lead to the worst accuracy for the DNN under test.
To apply TACTIC, we randomly select 220 images from the
Cityscapes validation set and apply the five weather conditions
supported by TACTIC (night, rain, snow night, snow daytime,



and sunny conditions), each leading to a distinct new test
image. This process generates a total of 1100 images. Since
TACTIC was originally trained to generate driving conditions,
we consider it for the Urban environment only; indeed, it
makes little sense to add snow and rain effects on Mars images,
as well as, changing illumination to make it similar to Earth.
DeepJanus is multi-objective search-based approach that
searches for the boundary of the input space that is properly
processed by the DNN; specifically, it looks for pair of
images that are similar but leads to different DNN results,
one of which is erroneous. We integrate DeepJanus with our
simulators with the same configurations as in the original
paper. Furher, since DeepJanus exclusively produces simulated
images, we explore the impact of using a GAN to generate
more realistic images (hereafter, DeepJanusg 4 ). To achieve
this, we incorporated the Pix2pixHD model, as utilized in
DESIGNATE, into the DeepJanus workflow to transform sim-
ulated images into realistic ones; precisely, DeepJanusgan,
during search, still generates simulator images and ground
truth as in DeepJanus, but, instead of providing a simulator
image to the DNN under test, it first generates a realistic image
using Pix2pixHD and then feeds it to the DNN under test.

C. RQI: Effectiveness

1) Design and measurements: For each assessed technique,
we compute the [oU.,,, for the urban case study, and mIoU
for the Martian case study (see Section III-B1 for definitions),
obtained by the DeepLabV3 model with the generated images.
Since we aim to discover critical DNN limitations, the most
effective technique is the one leading to the lowest median,
minimum, and first quartile.

However, since we also wish to obtain a set of diverse
unsafe situations, we also assess diversity across the generated
images by relying on the two distance metrics employed by
DESIGNATE: feature-based distance and pixel-based distance.
Specifically, we compute the distance between every possible
pair of images generated by the selected techniques and
compare their distributions. An approach with higher diversity
values is preferable to identify the different situations under
which segmentations are erroneous.

To cope with the non-determinism characterizing all the
considered techniques, we apply each of the selected tech-
niques ten times.

We discuss the significance of the differences by relying
on a non-parametric Mann-Whitney U-test (the U statistics is
computed considering all the datapoints generated by the ten
executions). Further, we address effect size by relying Vargha
and Delaney’s 12112. The Ajpo statistic, given observations
(e.g., IoU) obtained with two techniques X and Y, indicates
the probability that technique X leads to higher values than
technique Y. Based on Aj, effect size is considered small
when 0.56 < A5 < 0.64, medium when 0.64 < A5 < 0.71,
and large when A;5 > 0.71. Otherwise the two populations
are considered equivalent [54]. In contrast, when A5 is below
0.50, it is more likely that treatment X leads to lower values
than treatment Y; effect size is small when 0.36 < A1 <
0.44, medium when 0.29 < A;s < 0.36, and large when
A1z <0.29.

2) Results: Accuracy. Table II and IV provide, for each
of the selected approaches, details on the performance of the
subject DNNs for the urban and the Martian environment,
respectively. Column images provides the average number of
test images selected over the ten executions; for DESIGNATE
and its variants we report the images in the archive, for
Random and TACTIC we report all the generated images,
excluding, for the former, an average of 15 and 169 images,
for the urban and Martin environments, respectively, that do
not satisfy ‘0 < pizelsProportion < 0.4’. The other columns
provide descriptive statistics for ToU,,, and mIoU. Table VII
and Table V report differences between each pair of techniques
by providing p-values and A;, for the urban and martian
environments, respectively. We discuss the results observed
with the urban environment first.

DESIGNATE ;41 is the approach leading to the largest
number of images with low IoU,,, values; indeed, it shows the
lowest average ($0.48%) and median ($0.67$) values. However,
although their difference is always statistically significant (p-
value < 0.05, Table VII), based on Ai2, DESIGNATE;,, g,
DESIGNATE, DESIGNATE,;,, and DeepJanusgan perform
similarly and do not lead to practically significant differences.

Except for DESIGNATE y,can, all the DESIGNATE vari-
ants perform significantly better (lower /oU,,,) than Random,
and TACTIC (Table VII), which indicates that combining
simulators driven by search with GAN is necessary for ef-
fective testing. For example, DESIGNATE leads to a median
IoU,q, of 0.77 compared to 0.85 and 0.82 for Random and
TACTIC, respectively. Further, the first quartile of all the
GAN-based DESIGNATE variants is zero, indicating that 25%
of the generated images do not correctly identify a single pixel
belonging to cars. For Random, less than 25% of the images
lead to IoU., = 0 (first quartile is 0.58), while TACTIC
tends to lead to a higher IoU,,, (average IoU ., = 0.81),
with ToU.,, never being equal to 0. Also, all the DESIGNATE
variants fare better than DeepJanusg 4 5, thus showing that an
appropriate search strategy is necessary to identify test inputs
leading to failures. As for DeepJanus, its ToU is similar in
terms of median to that of DESIGNATE;, 4 and worse in
terms of average.

Also, Table III shows that the difference between DESIG-
NATE and both TACTIC and Random is practically significant,
according to A12. DESIGNATEy,c AN, instead, leads to me-
dian results (0.84) that are in-between those of TACTIC and
Random, with A;5 indicating that DESIGNATE y,gan and
TACTIC perform similarly, while Random performs slightly
better than DESIGNATE yocan (A12 = 0.43). These results
suggest that relying on simulator images only is not sufficient
to drive the search towards cases where the DNN performs
worse.

Concerning TACTIC, we further checked how the different
weather conditions (rain, snow day, sunny, and night) perform.
Figure 5 illustrates an example of a generated image for each
weather condition, alongside the median IoU,,, of the gen-
erated images for the respective conditions. Our observations
indicate that three conditions — Sunny (median [oU.,, =
80%, min = 50%, max = 97%, average = 78%), Night (median
I0U.qr = 90%, min = 50%, max = 94%, average = 80%), and



Snow - Night

Sunny
Median loUcar = 80%

Median loUcar = 80%

Night Snow - Day
Median loUcar = 90% Median loUcar = 10%

Rainy
Median loUcar = 10%

Fig. 5: Examples of images generated by TACTIC for various
weather conditions (right), along with the original cityscapes
image (left) and the median /oU,.,, of the generated images
for each respective weather condition.

Snow-Night (median IoU,.,;, = 80%, min = 50%, max = 91%,
average = 80%) — yield high median /oU,,, values, with the
generated images appearing realistic. Conversely, the Rainy
(median IoU.,, = 10%, min = 1%, max = 32%, average =
10%) and Snow-Day (median IoU.,, = 10%, min = 2%, max
= 36%, average = 10%) conditions result in lower median
IoU.,, values, with the generated images being unrealistic,
with no observable cars, and therefore not matching the ground
truth. Such images, as illustrated in Figure 5, are not useful
for testing purposes.

The slightly better performance of DESIGNATE,;, ;. can
be explained by the fact that DESIGNATE;,, 4., being single-
objective, may be stuck in a particular region of the solution
space, leading to outputs that are less diverse but all leading
to minimal [oU,,,. In contrast, DESIGNATE adopts a multi-
objective strategy, aiming to balance both low IoU.,, and
diversity, which may lead to a higher JoU,,, (e.g., there might
be regions of the solution space where the DNN performs
poorly but not as bad as in the only region detected by
DESIGNATE;;,41¢)-

The random baseline appears to be less effective, with a
high median /oU.,, of 85%, which shows that the DNN under
test performs generally well in the sampled input space and a
search-based approach is needed to comprehensively uncover
its limitations.

DeepJanus yields slightly better accuracy compared to
DESIGNATE and DESIGNATE,;, with A, suggesting that
DeepJanus, DESIGNATE, and DESIGNATE,,;,, perform sim-
ilarly. However, DESIGNATE,;,, 4 outperforms DeepJanus,
which suggests that the single-objective search used by
DESIGNATE;,, ;. leads to better results than the one used
by DeepJanus. Further, after visual inspection, we realized that
most the failures triggered by DeepJanus are due to borderline
cases with cars appearing far away and occupying few pixels
in the image. Though such sceneries can be generated by
simulators, they are likely to be irrelevant in practice as
the position of cars that are far away are unlikely to affect

the behaviour of the ego vehicle and thus be relevant for
testing. More precisely, because DeepJanus looks for frontier
behaviour, with pairs of images that are very similar but where
one of the two leads to failures, it tends to generate images
where cars are far from the ego vehicle.

The higher accuracy of Deeplanusg 4y, which performs
worse and significantly different from DESIGNATE, is likely
due to the fact that, when applying GANs, far away cars
disappear from the picture. Indeed, the training set does not
contain cars occupying only few pixels, because such far-away
cars are irrelevant for a segmentation DNN in an automotive
system and thus not important for testing purposes.

For the Martian environment, DESIGNATE achieved a me-
dian mIoU of 0.49, outperforming DESIGNATE,;,,4;. (0.54),
DESIGNATE,;,; (0.52), Random (0.64), and DeepJanusg 4 n
(0.60). Similar to the urban environment, the A5 values in
Table V indicate that DESIGNATE;, 4., DESIGNATE, and
DESIGNATE,,;,, perform similarly, although their differences
are statistically significant (p < 0.05).

The key difference between the urban and Martian en-
vironments is that the lowest accuracy values are observed
with DESIGNATE y,c4n and DeepJanus: 0.32 and 0.48 in
the latter, as opposed to DESIGNATE,;, ;. in the former.
We attribute this result to DESIGNATE y,can and Deep-
Janus relying on simulated images that are often unrealistic,
thereby increasing the likelihood of mispredictions. This can
be explained by the low fidelity of the Mars simulator when
compared to AirSim, as depicted in Fig. 3. To conclude, as
reported for the urban environment, the use of GAN prevents
the identification of failures that will not occur in real usage
settings. In other words, when not using a GAN and relying
on a low-fidelity simulator, many unrealistic and therefore
irrelevant test inputs are generated.

Diversity. Table VI and Table VIII provide descriptive statis-
tics for the diversity metrics collected for the selected tech-
niques for the Urban and Martian environments, respectively.
Additionally, Table VII and Table IX provide p-values and Aqs
resulting from the comparisons of diversity across techniques
for the Urban and Martian environments, respectively. We
discuss the urban environment first.

Considering feature-based distance, DESIGNATE stands
out with the highest median (14.97) and average (15.25)
values. This result is likely due to DESIGNATE integrating
feature-based distance in Fljpiiarity. Further, DESIGNATE
performs significantly better than other DESIGNATE variants
(p—value < 0.01) and has a significantly higher probability of
performing better than other DESIGNATE variants (medium
effect size, based on Ajs). Expectedly, the lack of a diversity
objective in DESIGNATE;,;,,4;. leads to images that are less
diverse than those of DESIGNATE. The lower diversity of
DESIGNATE,,;,, compared to DESIGNATE confirms that a
fitness based on pixel distance is not effective to obtain
feature-based diversity. Last, the lower median obtained by
DESIGNATE yocan (12.90) is likely due to the lower fidelity
of simulator images compared to the ones generated by the
GAN (e.g., simulator images lack details, leading to images
that are more similar to each other).

DESIGNATE performs significantly better, with high effect



TABLE II: RQI-Accuracy assessment. Descriptive statistics for IoU,,, obtained with the generated images for the Urban

environment.
#imag ToU,distribution
min max median | 5th percentile 1st quartile | 3rd quartile average
DESIGNATE ;g 893 0.00 | 099 | 0.67 0.00 0.00 0.89 0.48
DESIGNATE 721 0.00 | 099 | 0.77 0.00 0.00 0.91 0.54
DESIGNATE ;. 783 0.00 | 099 | 0.76 0.00 0.00 0.92 0.52
DESIGNATE y oG AN 1190 0.00 | 1.00 | 0.84 0.21 0.68 1.00 0.78
Random 1185 0.00 1.00 | 0.85 0.00 0.58 0.95 0.69
TACTIC 1100 0.02 | 097 | 082 0.69 0.75 0.88 0.81
DeepJanus 943 0.00 | 099 | 0.74 0.26 0.59 0.82 0.68
DeepJanusc 4 n 954 0.01 | 099 | 0.87 0.40 0.76 0.94 0.81
Note: best (i.e., lowest) results (per column) in bold.
TABLE III: RQ1-Accuracy assessment. p-values and A;5 for the data in Table II.
DESIGNATE ,;,, .1 | DESIGNATE DESIGNATE, ; , DESIGNATE /o (7 A N Random TACTIC DeepJanus DeepJanus; 4 7
Ao [p-value Ao [p-value Ajo [p-value Ao [p-value Ao [p-value Ao [p-value Ao [p-value Ao [p-value
DESIGNATE 1, o1 45 [5.00E28 [047  [S.00E-13 028 |0.00E+00 34 P.OOE-298 035  [LOOE-64 [047  [L.I9E09 [0.33  [1.53E-301
IDESIGNATE 55 [5.00E-28 52 [L.OOE-03 033 [0.00E+00 39 |I.I4E-139 041 D.00E21 _[053  P.24E09  [0.38 _ |I.36E-131
IDESIGNATE,, ; 53 [8.00E-13 48 [2.00E-03 031 [0.00E+00 38 [BOOE-161 [0.41  [L00E22 [052  PBG69E03 [0.38  PAIE-150
IDESIGNATE x/ , 7 4 .72 [0.00E+00 .67 [0.00E+00__0.69 .00E+00 .57 [0.00E+00__[0.55 00E+00_ [0.73 __ [1.88E-133_[0.61 __ |I.I9E-33
.66 [3.00E-298 .61 |I.I4E-135_[0.62  [B00E-161 _ [0.43 _ [0.00E+00 .54 b.10E-05_[0.66  [2.23E210 [0.50 _ [6.95E-01
[TACTIC .64 |L.OOE-64 .58 .00E-21 _ [0.59 _ [1.00E22 045 |0.00E+00 46 [5.10805 .73 PAOE-S5 045 P.ISE04
[DeepJanus 53 [p.I9E-09 47 p24E-09 048 J.69E-03 027 [1.88E-133 34 P23E-210 027 BAOE3S 20 P.ISE-297
DeepJanus 5 4 v .67 [1.53E-301 .62 |I.36E-131_[0.62  PA4IE150 _ [0.39  [1.I9E-33 50 [695E01 055 P.ISE-04 071 P.I8E-297

Note: tangible (based on A1) differences in bold; for each pair of approache:

s, the best approach is the one with A7 < 0.50 and its name on the row.

TABLE IV: RQI1-Accuracy assessment. Descriptive statistics for mIoU obtained with the generated images for the Martian

environment.
# mloU_distribution
min max median | 5th percentile 1st quartile | 3rd quartile average

DESIGNATE 1, g 802 0.01 | 096 | 0.54 0.09 0.35 0.73 0.52

DESIGNATE 764 0.01 | 096 | 0.49 0.09 0.33 0.69 0.50

DESIGNATE,,; . 718 0.01 | 0.95 0.52 0.20 0.39 0.70 0.53

DESIGNATE N oG AN 1151 0.01 | 097 | 0.32 0.03 0.12 0.70 0.39

Random 1031 0.01 | 096 | 0.64 0.24 0.44 0.83 0.62

DeepJanus 986 0.01 | 093 | 048 0.03 0.20 0.67 0.44

DeepJanusc 4 N 954 0.01 | 098 | 0.60 0.20 0.42 0.85 0.61

Note: best (i.e., lowest) results (per column) in bold.
TABLE V: RQI-Accuracy assessment for the Martian case study. p-values and A5 for the data in Table IV.
DESIGNATE 1, ¢ DESIGNATE DESIGNATE DESIGNATE o 5 A N Random DeepJanus DeepJanus 5 4 v
Aqo p-value Ao p-value Aqo p-value Aqo p-value Ao p-value Aqo p-value Aqo p-value

DESIGNATE ;. 053 T10E-11 0.50 441E-01 0.63 455E-197 038 311E153 | 059 1.80E-81 0.40 45E-116
DESIGNATE 047 T.10E-11 0.46 5.22E-16 0.61 2.20E-136 036 4.16E228 | 0.56 2.89E-34 0.37 5.03E-178
DESIGNATE ;. 0.50 0440865115 | 0.54 522E16 0.65 2.54E239 038 6.00E-146 | 0.59 2.76E-85 0.40 1.90E-103
DESIGNATE Ny s s ANy | 037 T35E-197 0.39 220E136_ | 035 2.54E-239 0.28 0.00E+00 0.46 3.18E-24 0.28 0.00E+00
Random 0.62 311E-153 0.64 416E228 | 0.62 6.00E-146 | 0.72 0.00E+00 0.69 0.00E+00 | 0.50 3.97E-01
DeepJanus 0.41 1.80E-81 0.44 2.89E-34 0.41 2.76E-85 054 3.18E24 031 0.00E+00 0.33 0.00E+00
DeepJanus ; 4 v 0.60 1.45E-116 0.63 5.03E-178_ | 0.60 190E-103_| 0.72 0.00E+00 050 3.97E-01 0.67 0.00E+00

Note: tangible (based on A 1o differences in bold; for each pair of approache

size, than TACTIC and Random. TACTIC has a feature-based
distance that is similar across pairs of images, between 8.09
and 10.49 (avg. is 10.06). Since in our experiments TACTIC
works by modifying a set of 220 randomly selected images,
and since these images present a feature-based distance of at
least 8.09, it seems that the degree of diversity introduced
by TACTIC through changes in weather conditions is limited.
DESIGNATE, instead is more effective in creating diverse
images as 75% (1st quartile) of the pairs of images generated
by DESIGNATE have a distance higher than 12.29, which is
higher than the best results achieved by TACTIC. Further 25%
of DESIGNATE images yield a distance higher than 18.08.

The random baseline leads to images with low feature-based
distance, with a median of 10.99 and a maximum of 12.34;
it shows that the mere sampling of the input space does not
lead to identifying diverse images and that search guidance is
needed.

DESIGNATE significantly outperforms DeepJanus and
DeepJanusg 4. Their lower diversity suggests that their

s, the best approach is the one with A7 < 0.50 and its name on the row.

search algorithm, which focuses on identifying the bound-
aries of correctly processed inputs, is unexpectedly less ef-
fective than NSGA-II in exploring the search landscape.
DeepJanusg 4y achieves higher diversity values (29.71) than
DeepJanus thus confirming that GANs, by avoiding unrealistic
cases (e.g., cars with few visible pixels, as discussed above),
prevents the search from getting stuck in unrealistic, similar
images.

Considering pixel-based distance, all the DESIGNATE
variants have the same average distance but DESIGNATE
still performs better than the others, with a small to high
effect size. Such results confirm our observations above
for DESIGNATE;,,g;. and DESIGNATE y,can. Further, the
comparison with DESIGNATE,;, indicates that a fitness
driven by pixel-based distance is less effective than a feature-
based distance fitness to maximize pixel-based diversity across
images. This indicates that, for the search algorithm, it is
easier to generate pixel-wise diverse images when driven by
a feature-based fitness. Note that augmenting feature-based



TABLE VI: RQIl-Diversity assessment. Descriptive statistics for diversity across

the generated images for the Urban

environment.
Feature-based distance
min max median | 5th percentile 1st quartile 3rd quartile Average
DESIGNATEin gie 1.15 27.97 12.83 9.00 11.16 14.71 13.04
DESIGNATE 0.48 28.80 14.97 9.37 12.29 18.08 15.25
DESIGNATE ;.. 0.43 27.58 12.67 8.33 10.90 14.87 13.05
DESIGNATE y oG AN 0.38 15.01 12.90 5.22 11.30 13.98 12.08
Random 0.01 12.34 10.99 8.56 10.06 11.70 10.77
TACTIC 8.09 10.49 10.11 9.20 9.80 10.32 10.06
DeepJanus 2.26 29.03 13.21 10.01 11.85 14.78 13.45
DeepJanusg 4 N 2.66 | 29.71 12.11 8.71 10.60 13.89 12.40
Pixel-based distance
min max median Sth percentile 1st quartile 3rd quartile Average
DESIGNATE ;g1 0.30 | 0.99 0.97 0.94 0.96 0.98 0.97
DESIGNATE 0.14 1.00 0.98 0.94 0.97 0.99 0.97
DESIGNATE,,; . 0.10 1.00 0.97 0.93 0.96 0.98 0.97
DESIGNATE y o AN 0.26 | 0.99 0.92 0.83 0.89 0.94 0.91
Random 0.30 | 0.76 0.73 0.62 0.70 0.75 0.72
TACTIC 0.43 0.83 0.64 0.51 0.59 0.68 0.63
DeepJanus 0.66 1.00 0.94 0.89 0.92 0.96 0.94
DeepJanusg 4 v 0.65 1.00 0.97 0.93 0.95 0.98 0.96
Note: best (i.e., highest) results (per column) in bold.
TABLE VII: RQI-Diversity assessment. p-values and Ao for the data in Table VI.
Feature-based distance
DESIGNATE 51, g1 DESIGNATE DESIGNATE , ; DESIGNATE 5y o G A N Random TACTIC Deeplanus Decplanus; 4 N
[Aj2 [p-value Ao [p-value [Ajo [p-value Ajo [p-value Ao [p-value [Ajo [p-value Ajo [p-value Ao [p-value
IDESIGNATE _; , o1 033 [0.00E+00 [0.51 D.00E+00  [0.55 00E+00 78 [0.00E+00  [0.87 D.00E+00  [0.45 00E+00 [0.57  [0.00E+00
IDESIGNATE .67 .00E+00 0.67 00E+00__ [0.72 .00E+00 .36 L00E+00__[0.92 L00E+00__[0.64 00E+00__[0.72 .00E+00
[DESIGNATE, ; 49 .00E+00 033 [0.00E+00 053 00E+00 .75 J00E+00  [0.84 (00E+00  [0.44 00E+00  [0.56 .00E+00
DESIGNATE v,z AN 045 .00E+00 028" [0.00E+00__[0.47 .00E+00 .77 .00E+00__[0.84 .00E+00__[0.40 00E+00__[0.54 .00E+00
.22 .00E+00 014 [0.00E+00__[0.25 00E+00___ [0.23 .00E+00 074 [555E-169 [0.14 J00E+00__0.30 .00E+00
[TACTIC .13 .00E+00 008" [0.00E+00_[0.16 00E+00 __[0.16 .00E+00 .26 [5.55E-169 0.06 .00E+00__[0.18 __ [7.40E-299
[DeepJanus 55 .00E+00 036 [0.00E+00_[0.56 00E+00___[0.60 J00E+00 .36 J00E+00__[0.94 .00E+00 .63 .00E+00
DeepJanus ; 4 v .43 .00E+00 028" [0.00E+00 _[0.44 00E+00 __[0.46 .00E+00 .70 00E+00__[0.82 _ [7.40E-299 [0.37 .00E+00
Pixel-based distance
DESIGNATE ;1 g DESIGNATE DESIGNATE,, ; DESIGNATE v o 7 A N Random TACTIC Decplanus Deeplanus ;4 v
[A15 [p-value A3 [pvalue  [Aj5  [p-value A1 [p-value [A12 [pvalue  [A15 [pvalue  [Ajp [pvalue  [Aj5  [p-value
DESIGNATE _; , 039 [0.00E+00 [0.48 00E+00  [0.95 00E+00 50  |LOOE+00 [0.44  B.77E-12 [0.86 00E+00 [0.57 .00E+00
IDESIGNATE .61 .00E+00 058 00E+00___[0.96 00E+00 .61 00E+00__ 059 P.74E-22__[0.90 00E+00__[0.67 .00E+00
IDESIGNATE , ; . 52  00E+00 0.42" [0.00E+00 0.94 00E+00 52 00E+00 046 P.76E-05  [0.86 [00E+00  [0.59 .00E+00
DESIGNATE ny o A v 005 .00E+00 004 [0.00E+00_[0.06 .00E+00 .05 .00E+00__[0.01 .00E+00__[0.29 .00E+00__[0.08 .00E+00
50 [I.00E+00 039 [0.00E+00_[0.48 00E+00___[0.95 J00E+00 044 PBI7E-12__[0.86 00E+00__[0.57 .00E+00
[TACTIC .56 [.77E-12 041 P74E22 054 B.76E05 0.9 .00E+00 .56 [.77E-12 096 00E+00_ [0.65  P.11E-64
[DeepJanus .14 .00E+00 010 [0.00E+00_[0.14 00E+00 __ [0.71 J00E+00 .14 J00E+00__[0.04 .00E+00 .19 .00E+00
DeepJanus 5 4 n .43 .00E+00 033 [0.00E+00_[0.41 00E+00___[0.92 .00E+00 .43 00E+00__[0.35 _ P.1IE-64__ [0.81 .00E+00

Note: tangible (based on A 1) differences in bold; for cach pair of approaches, the best approach is the one with A1

distance implies changing the elements depicted in the images
and, consequently, the pixel distance. This result may thus be
explained by the fact that most of the changes in simulator
inputs lead to pixel-based distances that are significant (i.e.,
above Tiversity), Whereas only pixel changes that have a
strong impact on the elements in the images can result into
a significant feature-based distance. Consequently, feature-
based distance simplifies the task of the search algorithm to
explore the input space towards the search objectives. Also,
DESIGNATE performs significantly better than TACTIC and
Random, with small and high effect size, respectively. As
per feature-based distance, Random presents lower diversity
than DESIGNATE (ranges are [0.3,0.76] for Random vs.
[0.14,1.00] for DESIGNATE), thus confirming that random
sampling is not sufficient to identify the unsafe parts of the
input space. TACTIC’s third quartile shows that only 25% of
TACTIC’s image pairs have a pixel-based distance higher than
0.68 (i.e., 68% of the pixels differ) while 95% (5th percentile)
of the image pairs generated by DESIGNATE present a
distance higher than 0.94 (almost all the pixels differ). Last, the
pixel-based distance of DESIGNATE images is significantly
larger than that of DeepJanus and DeepJanusg 4 v images, with
medium to large effect sizes, thus confirming the differences

> 0.50 and its name on the row.

discussed above.

In the Martian environment, DESIGNATE achieved
a median diversity of 14.75 for feature-based distance
that is significantly higher than DESIGNATE,;,.
(10.59), DESIGNATE,;; (11.92), the random baseline
(11.36), Deeplanus (12.81), and DeepJanusgany (9.52).
However, DESIGNATE y,gan outperformed DESIGNATE
in terms of feature-based diversity, which we attribute to
DESIGNATE y,c4n relying on the lower-fidelity outputs of
the simulator; indeed, such simulator images are likely to
cause erroneous outputs and therefore DESIGNATEn,Gan
is likely to generate images that are spread throughout the
whole input space, thus leading to larger diversity. In all
likelihood, this phenomenon is not observed with DeepJanus
because, by generating images on the boundaries of the input
space, it likely leads to more similar images (e.g., images
containing roads where cars can be positioned far away).

For pixel-based diversity, DESIGNATE outperformed all
the other approaches with a median pixel distance of 1.00.
Instead, with feature-based distance, DESIGNATE y,can out-
performed DESIGNATE, such a difference is likely due to the
nature of the two distance metrics; indeed, the pixel distance
may capture dissimilarities that are practically irrelevant. For
example, two images may have slightly different luminosity,



TABLE VIII: RQI-Diversity assessment. Descriptive statistics for diversity across

the generated images for the Martian

environment.
Feature Distance Diversity
min max median | 5th percentile 1st quartile 3rd quartile Average
DESIGNATEin gie 0.00 | 27.17 10.59 5.67 8.70 12.35 10.58
DESIGNATE 0.00 | 26.24 14.75 8.09 11.22 18.58 14.83
DESIGNATE ;.. 0.82 | 2543 11.92 7.9 9.99 14.38 12.37
DESIGNATE y oG AN 1.01 32.49 16.79 10.23 14.35 19.54 16.83
Random 0.00 | 28.70 11.36 7.51 9.44 13.66 11.89
DeepJanus 2.18 | 31.67 12.81 7.16 10.58 18.64 14.48
DeepJanusg 4 v 0.00 | 2597 | 9.52 6.13 7.80 12.25 10.54
Pixel Distance Diversity
min max median | 5th percentile 1st quartile 3rd quartile Average
DESIGNATE ;1 41 0.96 1.00 0.99 0.97 0.98 0.99 0.99
DESIGNATE 0.95 1.00 1.00 0.99 1.00 1.00 1.00
DESIGNATE ;.. 0.95 1.00 0.98 0.96 0.97 0.99 0.98
DESIGNATE oG AN 0.95 1.00 0.98 0.96 0.97 0.99 0.98
Random 096 | 1.00 0.98 0.97 0.98 0.99 0.98
DeepJanus 095 | 0.99 0.96 0.95 0.96 0.97 0.96
DeepJanusg 4 N 0.95 1.00 0.99 0.97 0.98 0.99 0.98
Note: best (i.e., highest or most diverse) results (per column) in bold.
TABLE IX: RQ1-Diversity assessment for the Martian case study. p-values and A, for the data in Table VIIIL.
Feature-based distance
DESIGNATE ;; , ¢ DESIGNATE DESIGNATE , ; DESIGNATE v ) G A N Random DeepJanus DeepJanus ; 4 7
Aqo p-value Aqo p-value Ajo p-value Aqo p-value Aqo p-value Aqo p-value Aj2 p-value
DESIGNATE ;; , 01 0.43 0.00E+00 0.52 0.00E+00 0.15 0.00E+00 051 0.00E+00 | 034 0.00E+00 | 0.62 0.00E+00
IDESIGNATE 057 0.00E+00 0.59 0.00E+00 0.19 0.00E+00 0.59 0.00E+00_|_0.40 0.00E+00_|_0.68 0.00E+00
[DESIGNATE ,; 0.43 0.00E+00 0.41 0.00E+00 0.13 0.00E+00 0.50 0.00E+00 | 033 0.00E+00 | 0.62 0.00E+00
IDESIGNATE \y o G A N 0.85 0.00E+00 0.81 0.00E+00 0.87 0.00E+00 0.86 0.00E+00_|_0.70 0.00E+00 | 0.88 0.00E+00
[Random 0.49 0.00E+00 041 0.00E+00 0.50 0.00E+00 0.14 0.00E+00 0.33 0.00E+00_|_0.62 0.00E+00
IDeepJanus 0.66 0.00E+00 0.60 0.00E+00 0.67 0.00E+00 0.30 0.00E+00 0.67 0.00E+00 0.74 0.00E+00
IDeepJanus 4 038 0.00E+00 0.32 0.00E+00 0.38 0.00E+00 0.12 0.00E+00 038 0.00E+00_|_0.26 0.00E+00
Pixel-based distance
DESIGNATE ;. /¢ DESIGNATE DESIGNATE , ; DESIGNATE N , G A N Random DeepJanus Deeplanus ; 4
Aqo p-value Aqo p-value Aqo p-value Aqo p-value Aqo p-value Aqo p-value Aqo p-value
DESIGNATE ;o1 c 036 2.23E211 0.60 3.56E-106 | 081 0.00E+00 055 1.08E-26 0.99 0.00E+00 | 0.55 1.32E-35
IDESIGNATE 0.64 2.23E211 0.71 0.00E+00 0.83 0.00E+00 0.68 0.00E+00_| 093 0.00E+00_| 0.68 0.00E+00
[DESIGNATE ,; 0.40 3.56E-106 0.29 0.00E+00 0.77 0.00E+00 0.44 451E-40 0.98 0.00E+00 | 045 0.00E+00
IDESIGNATE y , i A 0.19 0.00E+00 0.17 0.00E+00 0.23 0.00E+00 0.20 0.00E+00_|_0.88 0.00E+00_|_ 021 0.00E+00
0.45 1.08E-26 0.32 0.00E+00 0.56 4.51E-40 0.80 0.00E+00 0.99 0.00E+00 | 0.51 0.00E+00
[DeepJanus 0.01 0.00E+00 0.07 0.00E+00 0.02 0.00E+00 0.12 0.00E+00 0.01 0.00E+00 0.01 0.00E+00
[DeepJanus 5 1 045 132635 0.32 0.00E+00 0.55 1.11E-34 0.79 0.00E+00 0.49 T.19E-01 0.99 0.00E+00
Note: tangible (based on A ) differences in bold; for each pair of approaches, the best approach is the one with A 15 < 0.50 and its name on the row.

thus leading to high pixel-based distance, but contain the same
objects thus yielding low feature-based distance.

To summarize, DESIGNATE;,;, 4. fares better than DES-
IGNATE and DESIGNATE,;,. in terms of accuracy. However,
DESIGNATE yields more diversity (both in terms of features
and pixels) than DESIGNATE;, . and DESIGNATE,;,.
In other words, DESIGNATE and DESIGNATE,;, 4. rep-
resent two different trade-offs and which one to adopt de-
pends on whether accuracy or diversity is prioritized. Since
DESIGNATE;,, 4. focuses solely on minimizing DNN ac-
curacy, without explicitly considering diversity, it is highly
effective at generating images that cause DNN failures, but
at the cost of producing less diverse inputs. We should note,
however, that DESIGNATE is nevertheless able to detect a
large number of cases where the DNN predicts poorly, as
demonstrated by the zero accuracy cases representing more
that 25% of generated inputs (first quartile of the IoU.q,
distribution in Table II). Last, there is no particular reason
to rely on DESIGNATE,,;, as it provides no advantages in
terms of diversity or accuracy. With respect to other alternative
techniques, as presented above, they tend to either not be
effective at triggering failures or generate many unrealistic and
irrelevant test inputs.

D. RQ2: Retraining

1) Design and measurements: We use the images generated
by the approaches considered for RQ1 to retrain our case-
study subject DNN. Further, to account for non-determinism,
we repeat the process 10 times. For each approach and
each retraining iteration, we use the images generated in one
run of the approach to augment the Cityscapes training set
(2975 images), for the urban environment, and the AI4MARS
training set (16064 images), for the Martian environment. We
then retrain the DNN using the augmented dataset, maintaining
the same configuration settings (100 epochs) as those used by
the DeeplabV3 developers [12]. To avoid introducing bias due
to a different number of images in the augmented datasets, for
each approach, we randomly select up to 900 images from the
set of images generated in RQ1. In addition to the approaches
presented in RQ1 (TACTIC, random baseline, DeepJanus, and
DeepJanusg an), we compare DESIGNATE to the training
of the DeeplabV3 model for 100 additional epochs using
the whole original training set, to determine the degree of
improvement achievable with a longer training time, without
generating additional training images.

We measure the [oU,,, obtained by all the retrained DNNs
on the Cityscapes validation set, which enables us to assess if
retraining the DNN with test images improves its performance
with real-world inputs, the target of the DNN under test. We
analyze on the IoU,,, distribution and, as per RQ1, we discuss



significance of the differences and effect sizes by relying on
the results of Mann-Whitney U-test and Vargha and Delaney’s
A12, respectively.

For the Martian environment, we measure the mloU ob-
tained by all the retrained DNNs on the AI4MARS test set
(966 images).

2) Results: Tables X and XII provide descriptive statistics
for IoU.,, and mIoU from testing the retrained models in the
urban and Martian environments, respectively. These tables
summarize the performance improvements achieved through
retraining with outputs generated by different approaches.
Tables XI and XIII present the p-values and Ay values from
statistical comparisons of IoU,.,, and mIoU across retrained
models, capturing the significance and effect sizes of the
observed differences.

For the urban environment, the DNN retrained with the
output of DESIGNATE has the highest median performance
at 0.90, followed by Deeplanus (0.87), DESIGNATE;,4ic
(0.86), Deeplanusgan (0.86), DESIGNATE y,can (0.85),
and DESIGNATE,;, (0.85). DESIGNATE not only improves
(+0.08) over the original pre-trained DeeplabV3 model (me-
dian IoU,,, = 0.82), but fare much better than the DeeplabV3
retrained with the cityscapes training set (0.84, +-0.06), a set of
random realistic images (0.85, +0.05), TACTIC (0.84, 4-0.06),
DeepJanus (0.87, +0.05) and DeepJanusgan (0.84, +0.04)
outputs.

The difference between DESIGNATE and its variants is
statistically (p — value < 0.05) and practically (/112 > 0.56)
significant, which indicates that integrating a diversity objec-
tive and feature distance as fitness functions leads to better
results.

Also the difference between DESIGNATE and the two
DeepJanus variants is statistically and practically significant.
The fact that DESIGNATE outperforms DeepJanusgan in-
dicates that focusing on corner cases (i.e., the frontier of
behaviours found by Deeplanusgapy) is not effective to
retrain a DNN. Further, the likelihood of DeepJanus and
DeepJanusg oy performing better than random is very low
(0.55 and 0.52).

In general, we can conclude that relying on simulator
images only (i.e., DESIGNATE y,c4n and DeepJanus) leads
to worse results compared to retraining with GAN-generated
images, thus justifying our choice.

Further, models retrained relying on search to drive the
generation of scenarios (DESIGNATE and DeepJanus vari-
ants) outperform the other approaches. Such results suggest
that relying on changes in weather conditions (i.e., TACTIC)
limits retraining and does not yield better results than what is
achievable with additional training epochs. Further, TACTIC
leads to results that do not significantly differ from the ones
obtained with the original DeeplabV3 model, with a model
retrained with additional epochs, or with a set of random
realistic images (0.46 < A15 < 0.54).

For the Martian environment, DESIGNATE again demon-
strated superior performance, achieving the highest median
mloU (0.53, +0.09 over the original model). These results
highlight the effectiveness of DESIGNATE in generating both
failure-inducing and diverse inputs, which, when used for

retraining, improves DNN robustness in challenging environ-
ments. The difference between DESIGNATE and its variants is
statistically (p — value < 0.05) and practically (Alg > 0.56)
significant, thus confirming the effectiveness of integrating a
diversity objective and feature distance as fitness functions.

Like in the urban environment, DESIGNATE (mlIoU =
0.53) outperforms DeepJanus (0.50) and Deeplanusg 4y
(0.50), thus confirming to be a better choice for retraining.
Also, DESIGNATE outperforms a random approach (mlIoU =
0.49,4-0.05), with a practically significant difference (A4 2 =
0.61), while DeepJanus and DeepJanusg 4 perform similar
to random (A4 2 = 0.50).

Concluding, our results show that DESIGNATE leads to the
best retraining results, thus demonstrating that (1) simulator
images are not as effective as realistic images to retrain
DNNS, (2) relying on images belonging to the frontier of DNN
behaviours is not the best approach for DNN retraining, and
(3) relying on GANs to generate images that simply change
weather conditions is not as effective as combining GAN with
a simulator to generate realistic images for DNN retraining.

E. Threats to validity

To address internal validity threats, we carefully tested our
implementation of DESIGNATE and its variants, and further
relied on the original version of TACTIC and DeepJanus
provided by their authors. Still related to internal validity,
to prevent the generation of unrealistic images with GANS,
our approach integrates a strategy to eliminate images that
are likely to be unrealistic (i.e., images where the DNN
performs better with the simulated image). Such heuristic
seems effective since RQ2 results show that retraining the
DNN with DESIGNATE images leads to improved results
with a real-world test set. If DESIGNATE images were not
realistic, the performance of the DNN would have shown
limited or no improvement because it would have learned
from images that are unrealistic, which is what happens with
approaches without GAN. However, it is still possible that our
filter may not be fully effective. In the future, we aim to extend
our approach with additional methods such as histogram
analysis [55] and other state-of-the-art approaches [45], [60]
for the identification of out-of-domain and out-of-distribution
images.

To address conclusion validity threats, we repeated our
experiments 10 times and relied on non-parametric statistical
analysis (Mann Whitney U-Test) and effect size (Vargha and
Delaney’s) tests.

To address generalizability threats, we considered two in-
stances of a state-of-the-art DNN implementing a computer
vision task that is key for safety-critical systems (i.e., image
segmentation), for two very different environments (urban and
Martian). We therefore expect our results to be applicable
across many industrial contexts, from automotive to robotics.

F. Data availability

Our replication package is available online [6].



TABLE X: RQ2. IoU.,, results obtained with the DeeplabV3

model retrained using the outputs of the different approaches.

IoUca, distribution

Retraining set min max median Sth percentile | 1st quartile | 3rd quartile | average

None (original DeeplabV3) 0.00 0.97 0.82 0.00 0.62 0.91 0.71

Cityscapes (Retrained DNN) | 0.00 (+0.00) | 0.97 (+0.00) | 0.84 (+0.02) | 0.00 (+0.00) 0.70 (+0.08) | 0.91 (+0.00) | 0.74 (+0.03)

DESIGNATE ;1,47 0.00 (+0.00) | 0.98 (+0.01) | 0.86 (+0.04) | 0.00 (+0.00) 0.73 (+0.11) | 0.92 (+0.01) | 0.76 (+0.05)

DESIGNATE 0.00 (+0.00) | 0.98 (+0.01) | 0.90 (+0.08) | 0.34 (+0.34) 0.80 (+0.18) | 0.94 (+0.03) | 0.82 (+0.11)

DESIGNATE ;. 0.00 (+0.00) | 0.98 (+0.01) | 0.85 (+0.03) | 0.00 (+0.00) 0.70 (+0.08) | 0.92 (+0.01) | 0.75 (+0.04)

DESIGNATE y o AN 0.00 (+0.00) | 0.97 (+0.00) | 0.86 (+0.04) | 0.00 (+0.00) 0.73 (+0.1) 0.92 (+0.01) | 0.76 (+0.05)

Random 0.00 (+0.00) | 0.98 (+0.01) | 0.85 (+0.03) | 0.00 (+0.00) 0.70 (+0.08) | 0.92 (+0.01) | 0.74 (+0.03)

TACTIC 0.00 (+0.00) | 0.97 (+0.00) | 0.84 (+0.02) | 0.00 (+0.00) 0.69 (+0.07) | 0.92 (+0.01) | 0.74 (+0.03)

DeepJanus 0.00 (+0.00) | 0.98 (+0.01) | 0.87 (+0.05) | 0.00 (+0.00) 0.75 (+0.13) | 0.93 (+0.02) | 0.77 (+0.06)

DeepJanusg A n 0.00 (+0.00) | 0.97 (+0.00) | 0.86 (+0.04) | 0.00 (+0.00) 0.73 (+0.11) | 0.92 (+0.01) | 0.76 (+0.05)

Note: best (i.e., highest or most diverse) results (per column) in bold.
TABLE XI: RQ2. p-values and A;, for the data in Table X.
Pre-trained DeeplabV3 | Refrained DeeplabV3 | DESIGNATE,,, ;;. | DESIGNATE | DESIGNATE,;, | DESIGNATEN,gan Random TACTIC DeepJanus DeepJanusg A v
A1z pvalue Asz pvalue A1z pvalue A1z pvalue A1z p-value A1z p-value A1z [p-value  |VDA |p-value  |VDA [p-value VDA [ p-value

IPre-trained DeeplabV3 .47 0.06 0.44 .00E+00 .35 0.00E+00 [0.46 .00E+00  |0.44 .00E+00 .46 L.00E+00 [0.47 [2.00E-02 [0.42 [0.00E+00 | 0.44 0.00E+00
[Retrained DeeplabV3 [0.53 16.00E-02 0.47 .00E+00 .37 0.00E+00 {0.49 5.00E-02  [0.46 .00E+00 .49 6,00E-02 [0.49 [5.00E-01 [0.44 [0.00E+00 | 0.47 0.00E+00
[DESIGNATE ;41 0.56 .00E+00 .53 0.00 .40 0.00E+00 [0.52 .00E+00 [0.49 .00E+00 .52 0,00E+00 [0.53 [0.00E+00 [0.47 [0.00E+00 | 0.50 7.00E-01
[DESIGNATE 0.65 .00E+00 .63 0.00 0.60 .00E+00 0.61 .00E+00 [0.59 .00E+00 .61 0,00E+00 [0.62 [0.00E+00 [0.57 [0.00E+00 | 0.59 0.00E+00
[DESIGNATE ;. 0.54 .00E+00 .51 0.05 0.48 .00E+00 .39 0.00E+00 0.48 .00E+00 .50 B.40E-01 [0.51 [I.40E-01 [0.45 [0.00E+00 | 0.48 0.00E+00
[DESIGNATE y . AN~ [0.56 .00E+00 .54 0.00E+00 0.51 1.00E-01 .41 0.00E+00 [0.52 .00E+00 .53 .00E+00 [0.53 [0.00E+00 [0.48 [0.00E+00 | 0.51 2.70E-01
[Rand 0.54 .00E+00 .51 16.00E-02 0.48 .00E+00 .39 0,00E+00 [0.50 B.40E-01 [0.47 .00E+00 0.51 [I.90E-01 [0.45 [0.00E+00 | 0.48 0.00E+00
[TACTIC 0.53 2.00E-02 .51 0.50 0.47 .00E+00 .38 0.00E+00 [0.49 1.40E-01 0.47 .00E+00 .49 1,90E-01 0.44  [0.00E+00 0.47 0.00E+00
IDeepJanus 0.58 .00E+00 .56 0.00E+00 0.53 .00E+00 .43 0.00E+00 [0.55 .00E+00  0.52 .00E+00 .55 .00E+00 [0.56  [0.00E+00 0.53 0.00E+00
[DeepJanusc A v 0.56 .00E+00 .53 0.00E+00 0.50 [7.00E-01 .41 0.00E+00 {0.52 .00E+00  [0.49 2.70E-01 .52 .00E+00 [0.53  0.00E+00 [0.47 |0.00E+00

Note: tangible (based on Aj2) differences in bold; for each pair of approaches, the best approach is the one with Aj2 > 0.50 and its name on the row.

TABLE XII: RQ2. mIoU results obtained with the DeeplabV3 model retrained using the outputs of the different approaches

for the Martian environment.

Retraining set min max median Sth percentile | 1st quartile | 3rd quartile | Average
None (Original DeeplabV3) 0.00 0.99 0.44 0.01 0.26 0.77 0.49
IAI4Mars training (Retrained DNN) | 0.01 (+0.01) | 1.00 (+0.01) | 0.47 (+0.03) | 0.17 (+0.16) 0.33 (+0.07) | 0.63 (-0.14) 0.49 (+0.00)
IDESIGNATE s, g1 0.00 (+0.00) | 1.00 (+0.01) | 0.50 (+0.06) | 0.19 (+0.18) 0.34 (+0.08) | 0.67 (-0.10) 0.52 (+0.03)
IDESIGNATE 0.00 (+0.00) | 1.00 (+0.01) | 0.53 (+0.09) | 0.19 (+0.18) 0.38 (+0.12) | 0.69 (-0.08) 0.53 (+0.04)
IDESIGNATE ;. 0.00 (+0.00) | 1.00 (+0.01) | 0.50 (+0.06) | 0.15 (+0.14) 0.36 (+0.09) | 0.68 (-0.09) 0.52 (+0.02)
IDESIGNATE y oG AN 0.00 (+0.00) | 1.00 (+0.01) | 0.46 (+0.02) | 0.07 (+0.06) 0.30 (+0.04) | 0.64 (-0.13) 0.47 (-0.02)
Random 0.00 (+0.00) | 1.00 (+0.01) | 0.49 (+0.05) | 0.12 (+0.10) 0.33 (+0.07) | 0.68 (-0.09) 0.51 (+0.02)
IDeepJanus 0.00 (+0.00) | 1.00 (+0.01) | 0.50 (+0.06) | 0.19 (+0.18) 0.36 (+0.09) | 0.66 (-0.10) 0.52 (+0.03)
IDeepJanusc 4 v 0.00 (+0.00) | 1.00 (+0.01) | 0.50 (+0.06) | 0.20 (+0.19) 0.36 (+0.09) | 0.67 (-0.10) 0.52 (+0.03)
Note: best (i.e., highest or most diverse) results (per column) in bold.
TABLE XIII: RQ2. p-values and A;5 for the data in Table XII
Original Original_retrained DESIGNATE ;01 DESIGNATE DESIGNATE,, ; DESIGNATE v , & A v Random DeepJanus DeepJanus;; A N
Aip [ palue Aip [ palue Aip | p-value Ay [ palue Aip [ pvalue Aip [ pvalue Aip [ pvalue Aip [ pvalue

Original 0.47 1.60E-01 0.47 1.00E-02 0.39 0.00E+00 0.43 0.00E+00 0.51 5.70E-01 0.48 1.60E-01 0.44 0.00E+00 0.44 0.00E+00
Retrained DNN 0.53 1.60E-01 0.50 7.40E-01 0.44 0.00E+00 0.48 2.30E-01 0.54 0.00E+00 0.52 1.80E-01 0.49 3.90E-01 0.49 3.10E-01
DESIGNATE _ ; ,, gle 0.53 1.00E-02 0.50 7.40E-01 0.43 0.00E+00 0.47 0.00E+00 0.54 0.00E+00 0.51 3.00E-02 0.48 0.00E+00 0.48 0.00E+00
DESIGNATE 0.61 0.00E+00 0.56 0.00E+00 0.57 0.00E+00 0.54 0.00E+00 0.61 0.00E+00 0.58 0.00E+00 0.55 0.00E+00 0.55 0.00E+00
DESIGNATEp,im 0.57 0.00E+00 0.52 2.30E-01 0.53 0.00E+00 0.46 0.00E+00 0.57 0.00E+00 0.54 0.00E+00 0.51 1.00E-02 0.51 5.00E-02
DESIGNATE ny ;A NV 0.49 5.70E-01 0.46 0.00E+00 0.46 0.00E+00 0.39 0.00E+00 0.43 0.00E+00 0.47 0.00E+00 0.44 0.00E+00 0.44 0.00E+00
Random 0.52 1.60E-01 0.48 1.80E-01 0.49 3.00E-02 0.42 0.00E+00 0.46 0.00E+00 0.53 0.00E+00 0.47 0.00E+00 0.47 0.00E+00
DeepJanus 0.56 0.00E+00 0.51 3.90E-01 0.52 0.00E+00 0.45 0.00E+00 0.49 1.00E-02 0.56 0.00E+00 0.53 0.00E+00 0.50 6.30E-01
DeepJanus; 4 0.56 0.00E+00 0.51 3.10E-01 0.52 0.00E+00 0.45 0.00E+00 0.49 5.00E-02 0.56 0.00E+00 0.53 0.00E+00 0.50 6.30E-01

Note: tangible (based on A 19) differences in bold; for each pair of approach

V. RELATED WORK

Our work relates to DNN testing approaches leveraging gen-
erative neural networks, which are mainly adopted to perform
adversarial testing or generating test images by altering image
elements.

Adversarial testing technique have a different purpose than
DESIGNATE; indeed, they aim to assess whether DNNs pro-
vide correct predictions when attackers purposely alter inputs.
DESIGNATE, instead, aims to ensure correct DNN behaviour
within its operational design domain [67]. The state of the
art technique is FuzzGan [25], which relies on an auxiliary
classifier GAN [40] that is trained to learn the representation
of images belonging to specific classes and triggering specific
neuron activations. During testing, the GAN is used to generate

es, the best approach is the one with A3 > 0.50 and its name on the row.

inputs that likely triggers certain neuron activations; testing
terminates when the desired neuron coverage is achieved [29].
FuzzGan outperforms CAGFuzz [66], an approach relying on
CycleGAN for the same purpose. An alternative approach
to adversarial testing has been recently proposed by Yuan
et al.; it consists of performing search-based exploration on
a manifold obtained through a GAN [64]. Yuan’s approach
generates valid images, as opposed to approaches mutating
the latent space captured by variational autoencoders [15],
[33]; further, it outperforms other DNN testing approaches
(DeepHunter [62], TensorFuzz [41], DeepTest [52]) in terms
of number of reported failures, and it is the only approach not
reducing accuracy after retraining but slightly increasing it.
Such results show that inputs generated by adversarial attacks



tend to reduce accuracy, thus not being an appropriate solution
to our problem. DESIGNATE, in contrast to Yuan’s approach,
does not focus on adversarial testing, but aims at improving
DNN accuracy. Finally, DESIGNATE can be applied to clas-
sifier and regression DNNs, while Yuan’s approach can only
be applied to the former because, for regression tasks, it is
not possible to automatically derive a ground truth for the
generated images.

Inspired by metamorphic testing approaches relying on
image modifications [42], [52], several techniques rely on
GANSs to change the weather conditions in input images, and
report failures when the DNN output differs from the original
inputs. For example, AdversarialStyle relies on MUNIT [59],
while DeepRoad relies on UNIT [65]. The state-of-the-art ap-
proach is TACTIC [34], which relies on MUNIT to introduce
environmental changes (see Section IV-B) and, in addition,
relies on a multi-objective search approach to further alter
the MUNIT style vector to generate images that are diverse
(using a fitness based on neuron coverage) and leading to the
worst prediction error. Unfortunately, TACTIC can alter only
the environmental conditions of existing images, which limits
input diversity, while DESIGNATE can leverage a simulator
to generate inputs that cannot be obtained by altering a
given image (e.g., rotating the view). Such difference between
DESIGNATE and TACTIC leads to a much better accuracy
obtained by DESIGNATE during retraining, as demonstrated
by our empirical assessment.

Without leveraging GANSs, semiInFuzz [61] relies on the
segmentation masks provided by Cityscapes to identify objects
(e.g., a car) to be extracted from seed images and paste them
into the images to be used as test inputs. Being based on simple
transformations (e.g., cut and paste), it may lead to unrealistic
images (e.g., proportions, perspective, or object blending).

A large number of approaches rely on meta-heuristic search
to drive simulators for cost effective testing [1], [20], [22],
[27], [28], [43], with some recent solutions maximizing input
diversity to maximize the number of diverse fault being
detected [44], [69]-[71]. Recently, reinforcement learning has
also shown to be an effective solution for DNN testing [26].
However, all these approaches do not lead to realistic images
because they do not rely on GANSs; instead, we demonstrated
that the combination of GANs with meta-heuristic search,
leveraging simulators, leads to better results for both testing
and retraining of vision DNNs.

To the best of our knowledge, DESIGNATE is the first
technique combining meta-heuristic search, simulation, and
GAN:sS, to test and retrain DNNs for safety-critical tasks, based
on realistic images. In other contexts, preliminary works report
on the feasibility of relying on CycleGAN to generate, from
simulator outputs, realistic sea images [16], sonar data [35],
and landscapes [2]; other work proposes testing object de-
tection DNNs by applying GANs to maritime simulator out-
puts but do empirically assess the idea [9]. In the software
engineering context, the closer work is that of Stocco et al.
[50], who evaluated the differences in testing results obtained
in a simulated environment versus those from a physical
setting, with a small-size vehicle (i.e., Donkeycar [14]). They
use CycleGAN to generate realistic images from simulated

driving scenes and train a telemetry predictor. In line with our
findings, their results show that images generated by GANs
can be used to successfully train a DNN used in the physical
world. However, because of the nature of their study, they do
not demonstrate that simulators and GANs can be integrated
within a search-based process; instead, our work demonstrates
how to perform such integration in an effective way, without
leading to the generation of images that fail simply because
unrealistic.

VI. CONCLUSION

In this paper, we proposed DESIGNATE, a novel approach
that integrates GANs with meta-heuristic search and simula-
tors to enhance the testing and retraining of DNNs. By lever-
aging GANs, DESIGNATE transforms simulator-generated
images into high-fidelity, realistic inputs that closely resemble
real-world data distributions. This transformation addresses
the fidelity gap inherent in simulator-based testing, ensuring
that the observed DNN failures are indicative of real-world
performance limitations.

Our empirical investigation, conducted using a state-of-the-
art DNN for road and martian terrains segmentation, demon-
strates the effectiveness of DESIGNATE in identifying failure-
inducing inputs and maximizing input diversity. DESIGNATE
consistently outperformed the baseline approaches, including
the state-of-the-art methods like TACTIC and DeepJanus,
by generating inputs that led to worse DNN performance
and more diverse failure scenarios. Furthermore, the realistic
images generated by DESIGNATE proved to be valuable for
DNN retraining, leading to improved performance on real-
world images, thus outperforming alternative solutions and
demonstrating that: (1) simulator images are not as effective
as realistic images for DNN retraining (2) relying on GANs to
generate images that simply change weather conditions is not
as effective as combining GAN with a simulator to generate
realistic images for DNN retraining. Based on our findings, we
suggest that future work on DNN testing, instead of simply
relying on simulators, should integrate GAN components
transforming simulator outputs into more realistic ones.
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