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Abstract—Pose estimation systems are used in a variety of
fields, from sports analytics to livestock care. Given their potential
impact, it is paramount to systematically test their behaviour
and potential for failure. This is a complex task due to the
oracle problem and the high cost of manual labelling necessary
to build ground truth keypoints. This problem is exacerbated
by the fact that different applications require systems to focus
on different subjects (e.g., human versus animal) or landmarks
(e.g., only extremities versus whole body and face), which makes
labelled test data rarely reusable. To combat these problems we
propose MET-POSE, a metamorphic testing framework for pose
estimation systems that bypasses the need for manual annotation
while assessing the performance of these systems under different
circumstances. MET-POSE thus allows users of pose estimation
systems to assess the systems in conditions that more closely relate
to their application without having to label an ad-hoc test dataset
or rely only on available datasets, which may not be adapted to
their application domain. While we define MET-POSE in general
terms, we also present a non-exhaustive list of metamorphic
rules that represent common challenges in computer vision
applications, as well as a specific way to evaluate these rules.
We then experimentally show the effectiveness of MET-POSE
by applying it to Mediapipe Holistic, a state of the art human
pose estimation system, with the FLIC and PHOENIX datasets.
With these experiments, we outline numerous ways in which
the outputs of MET-POSE can uncover faults in pose estimation
systems at a similar or higher rate than classic testing using hand
labelled data, and show that users can tailor the rule set they use
to the faults and level of accuracy relevant to their application.

Index Terms—Pose estimation, Metamorphic testing,

I. INTRODUCTION

Pose Estimation Systems has applications in medicine [1]],
sign language recognition [2]] and high stakes sports events [J3]],
requiring them to be well-tested in order to provide a sub-
stantiated assessment of the correct behaviour when applied
to sensitive domains. Such systems need to perform correctly
and as expected under a variety of conditions. This work aims
to provide practitioners with a means of assessing this.

In this work we propose MET-POSE, a metamorphic testing
framework to test pose estimation systems without the signif-
icant cost of manual data labelling. Additionally, we propose
a non exhaustive set of metamorphic rules for MET-POSE,
including flexible metrics to assess violations. These rules
allow practitioners to apply various commonly encountered
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image changes and can easily be extended by users, should
they want to explore different aspects of the system.

We apply MET-POSE to Mediapipe Hollistic [4], a widely
used state-of-the-art pose estimation system, on datasets from
the literature used to train and assess human pose estimation
systems in different domains. We show that our proposed
framework can find numerous faulty outputs from the system.
Results show that MET-POSE provides results on par with
classic, human annotated ground truth-based testing on the
FLIC dataset. Furthermore, we illustrate how analysis of the
results can highlight elements of the input that impact the
system’s performance. Such analysis can then help practi-
tioners better understand the settings under which the system
functions properly, and can thus be used with confidence.

The remainder of this paper is organised as follows. First,
Section [II| provides an overview of the context and concepts
that underpin this work. Next, Section describes our
proposed metamorphic testing framework for pose estimation
systems, and Section describes a non-exhaustive set of
possible metamorphic relations for this system. Section |V de-
scribes the experiments performed to evaluate the framework,
and Section describes and analyses the results of these
experiments. Section gives an overview of related work,
while Section describes threats to the validity of this
work, and steps taken to address them. Finally, Section
concludes the paper and proposes avenues for future work.

II. BACKGROUND

This section provides an overview and definition of the con-
cepts used in this work. First, Section defines human pose
estimation systems, which the proposed framework tests, then
Section defines challenges specific to testing Machine
Learning (ML) systems, and Section [[[-C| explains the idea of
metamorphic testing, the basis of the proposed framework.

A. Pose Estimation

Pose estimation is the task of estimating the locations of
different landmarks on a subject from images or video frames,
with the overall aim of providing an overview of their pose.
This task is important to a wide variety of fields including
human activity recognition [5]], sign language recognition [2],
and sports analytics [3]. It is typically solved using DL-
based regression algorithms which estimate the coordinates
of each body part. One of the most common open-source



pose estimation frameworks available is MediaPipe’s Pose
Landmark Detection system [6]], which is often incorporated
directly into larger ML frameworks for a variety of tasks.
This is typically done without fine-tuning, as this model is
trained on a large and diverse set of people — often a far
larger number of individuals than would be available for the
lower-resource tasks on which this model is typically applied.
It is thus important that these pose estimation systems be
tested under different conditions when integrated into different
systems that target different use cases and thus will provide
images of different natures (e.g., dynamic applications will
feed the pose estimation system images that are more blurry).

B. Challenges in Testing ML-based Systems

Deep Learning (DL) research has gained enormous mo-
mentum over the last decade, with a majority of the devel-
opment in this area being centred around computer vision.
However, despite their success, these deep architectures have
also demonstrated harmful decision-making [7]—[9], bias [10]
and a lack of “understanding” of common-sense concepts such
as basic spatial relations [11], [12]. These issues are made
all the more challenging to identify given that DL methods
lack interpretability, with the steps that lead to a particular
decision often being unclear. This lack of transparency means
that it is crucial that these systems are systematically tested and
their results compared to their expected behaviour in order to
understand their sensitivities, along with the conditions under
which they can be expected to behave correctly.

Another aspect that complicates the testing of complex
systems is that they often present what is known as the Oracle
Problem [13|], which describes a scenario where the correct
output of the system under test is not known. Sometimes there
are no automated ways to compute this oracle, or the act of
querying this oracle can be prohibitively expensive. In the case
of pose estimation, labelling keypoints in videos is extremely
time consuming, making it expensive to collect this form of
ground truth data for many applications. This complicates the
testing of these systems and requires techniques that can assess
the correct functioning of the system without needing an oracle
for the correctness of a single execution of the system.

Though testing techniques for computer vision-based clas-
sification systems have been extensively explored [14]—[16],
less attention has been given to more complex computer vision
tasks such as pose estimation. For example, while MediaPipe
does evaluate its pose estimation framework for bias related to
the demographics of individuals — an admirable activity — this
analysis is expensive as it requires ground truth information.
Additionally, though their evaluation states that degradation
can be expected as video quality and lighting gets worse, a
comprehensive testing procedure is not outlined. For many
applications, it is crucial that we understand the specific
parameters within which a system can be expected to operate
accurately, especially where mistakes are costly. There has
been some work in this area [|17]]

C. Metamorphic testing

Metamorphic Testing (MT) has been used to address the
oracle problem for both classical programs [18] and ML
applications [15] and has demonstrated promising results at
a relatively low cost. MT relies on metamorphic rules —
relations between certain changes to the input of the system
(e.g., doubling an integer input) and their effect on its output
(e.g., the output should be doubled too) — to circumvent the
oracle problem. If one of these relations is violated for a given
input, then the system is not behaving correctly. Note that
the violation of the metamorphic rule can be verified without
knowing what the correct output for either of the inputs is,
i.e., without an oracle for the correctness of each output.

This method is well suited for testing pose estimation
systems as it does not require ground truth labels, which come
from expensive manual annotation of data. Additionally, since
the inputs can be modified in numerous ways, it can help
understand the boundaries of the input space under which the
system performs as expected.

III. METAMORPHIC TESTING FOR POSE ESTIMATION
(MET-POSE)

This section first formally defines the problem of testing
pose estimation systems ([II-A) and then introduces MET-

Posk ([II-B).
A. Problem definition

MET-POSE aims to test pose estimation systems at large.
Given an input image img, a pose estimation system returns
an output O which is a list of sets of keypoints: O =
[KPy, KPy,...,KP,] with n € N or O = []. Each list
of keypoints K P; corresponds to the keypoints of a subject
detected in the image by the system, i.e., Vi € {0..n}, KP; =
kpo, ..., kpp, with each keypoint kp;, identifying a landmark
of subject 7 and its coordinates.

Testing these systems is an inherently complex task, as
they often lack exact requirements. For example, the list of
landmarks that should be found on a person in the task of
human pose estimation is not defined in a consistent manner
with each system defining its own. Similarly, the way to
account for occlusion in an image or to process images
containing no or multiple subjects is often not defined. This
lack of standard requirements contributes to the oracle problem
and to the cost of testing pose estimation systems, as each
system requires its own hand labelled data for evaluation.

Additionally, current systems that rely on pose estimation
are mostly built using deep neural networks-based pose esti-
mation system. These models are typically trained on large,
diverse datasets to facilitate generalisation. Given the “gener-
alised” nature of these models and high cost of labelling pose
data, these models are typically used “out-of-the-box”, without
fine-tuning them for the particular application of the system
they are used in, and even sometimes without domain-specific
testing. Additionally, different use cases and environmental
factors can challenge a pose estimation system in different
ways, for example: low lighting, different camera angles, or



motion blur. We consider that the problem of testing pose
estimation systems should be embedded in a particular use
case and consider these application-specific conditions.

MET-POSE aims at tackling these problems with the testing
of pose estimation systems. It aims at providing a general,
flexible, and tunable testing method for pose estimation sys-
tems that does not require hand labelled ground truth test data.
MET-POSE thus offers a testing method that lets users tests
these systems for their particular use cases.

B. Approach overview

We aim for MET-POSE to be a general framework so we
present it here in broad terms. A specific example of how the
framework can be applied is detailed in Section [V] MET-
POSE is a metamorphic testing framework for pose estimation
systems. It thus relies on metamorphic rules based on images
and keypoints. Each rule M is defined by two elements:

o A transformation M.trans, that defines a modification
to apply to an image, e.g., making the image greyscale.
Given an original test image imgorig, M.trans produces
a modified test image imgmoq = M.trans(imgorig)-

e A relation M.rel, that defines a property between the
System Under Test (SUT)’s output keypoints for imge,g
and its output keypoints for img,,,q that should appear
if the system functions correctly. The simplest relation
is the identity relation, i.e., the system should output the
same keypoints for imge,;g and imgy,eq. If this relation
is not followed (i.e., the property does not appear), then
the rule is said to be violated.

A violation of a metamorphic rule on an image indicates that
the pose estimation system is providing incorrect output on
"MGorig, ON 1MGmod, Or on both. The severity of the system’s
error can vary, i.e., the output can be more incorrect in some
cases than others. This is something that MET-POSE takes
into account by returning the severity of a violation, which
can then be considered by, for example, using different error
thresholds to decide if a violation constitutes a test failure.

Fig. [1] gives an overview of the MET-POSE framework.
MET-POSE takes as input the SUT, a set of metamorphic rules,
and a set IMG,pi of test images. MET-POSE applies the
transformation of each rule to each test image in IMGoyrig,
and for each pair of original and modified images it checks
whether the rule is violated, and to what degree. For each input
image imgorig € IMGorig, and each metamorphic rule M in
the input set, the output of MET-POSE is: « a modified image
M.trans(imgorig), » whether the pair of images violates
M.rel, o« how severely the pair violates M.rel if it does.
Users are then free to analyse this output based on the quality
constraints of their application. Some use cases, for example,
might not require that small violations be considered failures
if high precision is not required.

MET-POSE is agnostic to the way rules are defined and how
the relations are assessed. The next section details examples
of rules and a possible error metric-based technique to assess
their relations.
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Fig. 1: Overview diagram of MET-POSE

IV. PROPOSED METAMORPHIC RULES

MET-POSE can be used with any metamorphic rule that
defines a transformation trans of an input image img and a
relation rel between the keypoints of img and trans(img).
This section describes a non-exhaustive set of rules that we
propose to evaluate MET-POSE with. Section [[V-A] describes
the transformations and relations of these rules and Sec-
tion [TV-B] defines a possible error-metric based mechanism to
assess violations of the rules. Section [V-D] defines the exact
metric used in this work.

A. Transformations and Relations

This section describes a varied set of rules for MET-
POSE that cover a range of transformations that are often
encountered in the applications of pose estimation systems. In
each different application of pose estimation, it can be useful
to compare the effect of various modifications to the input
images to infer which specific modifications lead to higher
output inaccuracies. This is particularly important when there
is a possibility of collecting new data for a given task, as these
data quality issues can be potentially mitigated or minimised.

Fig. [2] shows the effect of some of the transformations used
in this work. We detail here the proposed rules and settings
used in the experiment. The rules can be classified based on
their transformations:

o Spatial transformations.

These rules focus on the shape or orientation of the

image:

— Identity (Id): does not modify the image. rel: the
keypoints on both images should be equal. Checks that
the SUT is deterministic.

— Stretch (Stchy ,,): stretch the image both on the
vertical (by a factor of h) and horizontal (w) axes.
rel: the keypoints should keep at the same relative
coordinates (0,0 is at bottom left of the image, and
1,1 at top right) in the stretched and original images.

— Mirror (Mirr): mirrors the image along the horizontal
(Mirr,), vertical (Mirr") or both (Mirr}) axes. rel:



keypoints should be mirrored in the chosen axes.
Mimics situations such as video-calls where the image
can be mirrored.

— Rotation (Rot{): rotates the image w degrees around
a given centre point c. rel: keypoints on the modified
image should be equal to the keypoints on the original
image rotated w degrees around c.

Image quality transformations.

These rules focus on problems often encountered with the
quality of images provided as input to pose estimation
systems and challenges often encountered in practice.
Fig. 3] provides an example of such problems (motion
blur and pixelation) for sports analytics.

The relation for these rules is that the keypoints should
be unchanged after the transformation.

— Resolution (Res 4,-): multiplies the resolution of the
image by a factor 0 <= factor < 1. Lower resolutions
of images could be a concern for applications using
older or cheaper image capturing devices.

— Gamma correction (Gamma,): applies gamma correc-
tion [[19]] to the image with a gamma ~. Brightness can
present high variations in real world applications.

— Brightness Scaling (Bright'): for each pixel and
each channel value v7 ; returns a 4 m * vg ;.

— Bilateral Filtering (Bilat?;?°): applies a bilateral
filter [20]] of strength (str) and size (size) to the image,
preserving edges of the image but reducing textures. By
preserving the edges of objects but reducing textures,
this rule checks if the SUT is too reliant on textures
instead of the shape of objects, as shown by Geirhos
et al. [21].

— Motion (Motioniig): applies motion blur to the image
with a given kernel size and direction. Motion blur is
often seen on images used for pose estimation, as Fig. 3]
shows. This is especially true when pose estimation is
used for hands [22].

Colour-space transformations.

These rules change the colours of the image in a way
that does not affect the clarity of the subjects in order to
ensure that the pose estimation system is properly recog-
nising their pose, and not relying on features unrelated to
the pose, such as colours.

The relation for these rules is that the keypoints should
be unchanged after the transformation. All colour trans-
formations test the SUT’s over-reliance on colour, which
can affect performance when the system is used in a new
context [23]].

— Greyscale (Grey): turns the image into a greyscale
(only shades of grey) image.

— Colour wheel (CWheely): changes colours in the im-
age by applying a rotation 6 on the hue colour wheel
value of a HSV [24] encoding of the input image.

— Colour channels (Cchans[e;:;f;f Factor2, factor3)):

multiplies each of the 3 colour channels in the

encoding (RGB, BGR or XYZ) of the image by a

Fig. 2: Example image modified by various rules

d

Fig. 3: Example inputs from a sports analytics application,
showing motion blur and rotation; occlusion; and pixelation

given factor.

To understand the influence of different zones of the
image, we introduce “filtered” versions of certain rules:
Flt(rule,zone). The filtered version of a rule only applies
the transformation to a particular zone of the image, e.g., the
background of the image (all non-subject zones).

The last rule we propose in this work is the Colour fill
(C£illcpiouy). This rule is only used in a filtered way, and
therefore fills only a segment of the image a certain colour.
Its relation is that keypoints should remain unchanged.

B. Error Metric-based Relation Assessment

This section introduces an error metric-based technique to
assess violations of rules used in MET-POSE. All the rules
proposed in this work either expect no change in keypoints or
modify the position of the expected output keypoints between
the original and modified. However, different rules, e.g., those
involving removing or adding landmarks to the image, could



also modify the keypoints that the system is expected to detect.
Assessing the degree of violation of these different types of
rules would require different approaches, which could all be
implemented as an error metric (e.g., counting the number of
added landmarks that were not detected by the SUT).

For each rule, the wuser can provide a metric
Err(Oczpecteds Omod), Where  Oegpected 1S the expected
position of the keypoints on the modified image according
to the metamorphic rule’s relation. This metric should be
tailored to each relation and to the types of errors considered
(e.g., focusing only on hand keypoints). MET-POSE lets the
user define an error threshold t.,,. over which the error is not
acceptable. A test then passes iff:

Err(Oeacpected7 Omod) < terr

Both the error metric and error threshold are definable by
the user, giving them full control over the aspects of the
system’s output they want to test (e.g., ignoring particular key-
points), along with the sensitivity of those tests. Section
details the human pose estimation-oriented metric used in the
experiments, and a comparison of results for different error
thresholds.

V. EXPERIMENTS

This section details the experiments conducted to illustrate
how MET-POSE can be used and evaluate how well it can
find faults in a pose estimation system without using ground
truth keypoints. Section [V-A] details the research questions we
explore with these experiments. Sections and detail
the pose estimation system under test and datasets used in the
experiments, and Section defines the error metric used to
evaluate rule violations.

A. Research questions

The experiments in this work aim to answer the following
research questions (RQs):
e RQ1: Does MET-POSE find faults?
This RQ considers whether MET-POSE can find faults in
pose estimation systems. In order to explore this question
we consider the number of rule violations found by MET-
POSE using different subsets of the rules described in
Section and different error thresholds.
« RQ2: How different are the results of MET-POSE and
classic, ground truth-based testing?
This RQ focuses on whether the faults found by MET-
POSE correspond to those found using classic, ground
truth-based testing using the same error metric and error
threshold as MET-POSE. This research question considers
the same rule sets and error thresholds as RQ1 and is
composed of three sub-RQs:
— RQ2.1: Do both testing methods lead to a similar
number of failures?
This RQ first assesses whether both testing methods
uncover the same number of failing test cases, a test
case being considered as an input image for both
methods.

— RQ2.2: Do the same test images make the system fail
with both methods?
This RQ explores whether the particular images that
lead to a failure are the same for both methods, i.e., if
they expose the same system failures.

— RQ2.3: How large are the errors found by both meth-
ods?
Finding larger (w.r.t. the chosen error metric) errors
in addition to small errors would show that a testing
method finds faults in the SUT with a stronger effect
on the output.

« RQ3: What do the different proposed metamorphic rules
bring to the method?
This RQ explores the contribution of the different rules
proposed in Sectionto MET-POSE. It is composed
of two sub-RQs:

— RQ3.1 Are there subsumption relationships amongst
the proposed rules?
This RQ explores possible subsumption relations be-
tween the different proposed rules. A rule subsumes
another rule if it finds the failure-inducing images
another rule does, making the second rule redundant.
— RQ3.2 Do the different metamorphic relations reveal
the same types of faults?
This RQ assesses whether the different metamorphic
rules find the same failure-inducing images, which
would indicate the violations of these rules could have
their roots in the same fault in the system.

B. System Under Test

In order to explore the three RQs defined in Section[V-A] we
applied MET-POSE to Mediapipe Holistic [4], a state of the
art human pose estimation system. Its underlying DL model
is BlazePose GHUM 3D [25]. The BlazePose [26] model is
a lightweight convolutional neural network that predicts the
co-ordinates of body parts.

Holistic is composed of three sub-models, each one respon-
sible for the keypoints of the: face (468 landmarks), hands (21
landmarks each), and overall body pose (33 landmarks).

We used Holistic in static image mode. Using the system
in this mode provides a deterministic output, as verified by
the use of the Id rule (i.e. there is no difference between two
different generations without a transform). This ensures that no
noise from non-determinism is integrated into the error metric.

C. Datasets
We tested the SUT with MET-POSE with two datasets:

e« PHOENIX [27] is a dataset created for sign language
recognition. It contains 947,756 video frames from a
signed German weather forecast. Given that this dataset is
used in the field of sign-language recognition and transla-
tion, the dataset contains manually labelled annotations in

Note that these rules are general examples that cover general (human) pose
estimation challenges and that, as described in Section MET-POSE can
be used with any metamorphic rules, allowing users to tailor the rules they
use to the particular application they want to test pose estimation for.



the form of written text translation of signs, but no ground
truth keypoints. The images are in a very controlled
environment, with all video frames having a similar plain
background, with subjects wearing plain black clothes,
and without large changes in the subject’s distance from
the camera or in the angles of their poses.

e FLIC [28] is a dataset containing 4,552 movie frames
curated from popular movies. All images include one
or multiple subjects (people) as it is specifically a hu-
man pose estimation benchmark. The environment of
this dataset is less controlled, with situations changing
drastically depending on the movie scene images were
taken from. This provides a contrast to the controlled
environment of PHOENIX. FLIC contains ground truth
(gt) manual annotations of 11 keypoints obtained from
multiple annotators through Amazon Mechanical Turk.
We have mapped a subset of keypoints from Mediapipe
to the corresponding keypoints of the FLIC gt.

Both of these datasets use publicly available images. FLIC
was specifically curated to benchmark pose estimation sys-
tems, while Phoenix requires that the person signing remains
in frame, meaning that both datasets have an easily identifiable
person in the frame. This is in contrast with other datasets that
are built for general object classification such as COCO [29]],
which contain comparatively fewer human subjects or have
these subjects positioned very far away from the camera.
We ran our experiments on representative subsets of these
two datasets in order to reduce the cost of our experiments.
Specifically, for PHOENIX we used the dev subset (55,775
images). For FLIC, we used the images labelled as test,
excluding the FLIC-full extension, i.e., 835 images.

D. Metamorphic Rules and Error Metrics

In order to explore the research questions that Section [V-A]
details, we applied MET-POSE using a set of the rules that
Section[[V-A]describes using a range of configurations of these
relations. Table [l details this set of configurations, which is
denoted by AllRels.

Not all of the relations and configurations in AllRels are
relevant to the data in PHOENIX and FLIC and to test-
ing Holistic without finetuning, leading to artificially high
error rates. We thus also use a restricted set of relations
and settings, highlighted in bold in Table [I| and denoted by
SubRels. Additionally, we consider Grey and Mirr, in order
to assess whether MET-POSE can find problems with concept
understanding in these systems — an area previously shown
to be faulty in other deep learning-based models [11]]. Finally,
we determine whether MET-POSE can surface particular faults
in the pose estimation system such as over-reliance on colour
(which can vary substantially based on the lighting and other
conditions) or orientation (e.g., dealing with left and right
handed signers in PHOENIX, or with mirrored input from
online calls)- two features that should not impact its output.

To assess violations of all rules used in the experiments we
use the same error metric Err, , . defined as:

if Oezpct = @ v Otrans = @, inf
elif Oezpct - 0 A Otrans = @, 0

elsev lmklrvé?rdnksLQAIP (k;pexpcty kpi'r'ans)

Erryngs (OEZPCM Otrans) =

If the pose estimation system only returns keypoints on
the original image or the modified image, Err,,,. returns
an infinite value. Indeed, the transformations used in these
experiments do not modify which landmarks the system should
detect on the image, at most they change the expected position
of the returned keypoints. Failing to detect any landmarks on
just one of the pair of images is thus the worst violation of a
rule possible. However, if the pose estimation system returns
no keypoints for both images it displays a coherent behaviour
w.r.t. the metamorphic rule and the rule is not violated. Note
that, in general, not returning keypoints does not denote a fault
in itself as an image could contain no visible person. However,
FLIC and PHOENIX both only contain images containing
people s0 Oypig = () does denote a fault, albeit not one that
would violate our proposed rules.

If the pose estimation system returned keypoints for both
images then FErr, .. returns the median of the distance
between the expected keypoint (following the metamorphic
rule’s relation and the keypoints returned by the system on
the original image) and the keypoint returned by the system on
the modified image for each landmark Imk. Using the median
as a measure of the overall error of the system on an image
attenuates the effect of outliers on the error value. Indeed, if
only a single keypoint’s coordinates are extremely inaccurate,
many applications would still work. Note however that the
error of all keypoints in an image could be aggregated in other
ways (min, max, ...) depending on the needs of the use case
the pose estimation system is tested for. Here the distance used,
L2,/p is the normalised Euclidean distance as described in
Mediapipe’s model cards [[30]—[32], i.e., depending on which
of the 3 groups described in section [V-B| the landmark belongs
to, the distance is normalised by dividing by either the distance
between the subject’s: shoulders; irises; or their wrist and the
first joint of their middle finger.

As we test Mediapipe without a particular use case, setting
a meaningful value for the error threshold is not possible.
We thus assess violations using a large range of values for
the threshold and report the performance of MET-POSE using
these different values.

VI. RESULTS

This section analyses and discusses some of the results from
our experiments following the research questions defined in
Section The code used to generate the reported results
is available in the companion repository [33]].

A. RQI

Figure [] shows the proportion of images in each dataset
leading to a rule violation when testing Holistic with MET-
POSE for different sets of rules and different error threshold



TABLE I: Full list of metamorphic rules settings, settings in bold are included in SubRels

0.6, 1), (0.8, 1), (0.9, 1.1), (0.95, 1.05), (1, 1.4), (1, 1.25), (1, 0.8), (1, 0.6), (1.05, 0.95), (1.1, 0.9), (1.25, 1), (1.4, 1)

10, 3), (10, 5), (10, 7), (10, 9), (30, 3), (30, 5), (30, 7), (30, 9), (50, 3), (50, 5), (50, 7), (50, 9), (80, 3), (80, 5), (80,
7), (80, 9), (125, 3), (125, 5), (125, 7), (125, 9), (150, 3), (150, 5), (150, 7), (150, 9), (180, 3), (180, 5), (180, 7), (180,

(5, 0), (5, 40), (5, 70), (5, 100), (7, 0), (7, 40), (7, 70), (7, 100), (9, 0), (9, 40), (9, 70), (9, 100), (11, 0), (11, 70), (11,

Transformation € SubRels  Configurations
Id v
Stchy 2 N
Mirr}; v horizontal, vertical, both
Rot? v 5, (0.5, 0.5)), (10, (0.5, 0.5)), (15, (0.5, 0.5)), (25, (0.5, 0.5))
Resi v 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 0.95, 0.98
Gammaj v 0.25, 0.5, 0.85, 0.95, 1.05, 1.15, 1.5, 1.75
Bright? v (-20, 0.8), (-20, 1.6), (0, 1.05), (0, 1.15), (20, 0.4), (20, 0.8), (20, 1.2), (20, 1.6), (30, 1.15)
Bilat? v
9)
Motion%
100)
Grey v
F1t(CWheels, 2) v

Flt(Cchans?, 3)

F1t(Cfilly,2)

(10, skin), (30, skin), (90, skin), (-45, skin), (10, clothes), (30, clothes), (90, clothes), (-45, clothes), (90, hair), (90,
background)

([0.9, 1.1, 1.1], RGB, skin), ([1.1, 1.1, 0.9], RGB, skin), ([0.8, 1.3, 1.3], RGB, skin), ([1.3, 1.3, 0.8], RGB, skin), ([0.6,
1.4, 1], RGB, skin), ([1.4, 1, 0.6], RGB, skin), ([0.45, 1, 1.2], RGB, skin), ([1.2, 1, 0.45], RGB, skin), ([1, 1, 1], BGR,
skin), ([1, 1, 1], XYZ, skin)

([0, 0, 255], background), ([255, 180, 120]%, background), ([33, 28, 27]b, background), ([0, 0, 255], skin), ([255, 180,

120], skin), ([33, 28, 27], skin), ([0, 0, 255], clothes), ([255, 180, 120], clothes), ([33, 28, 27], clothes)

@ close to skin colour on phoenix dataset

values when considering the body pose landmarks. These
results confirm that MET-POSE can find faults in the system
as it finds violations of the rules. They also confirm the
central role of the rules and the error threshold value used
in MET-POSE, which is why we have chosen to keep these
characteristics customisable so they can be defined by users
of the framework to suit their particular application.

When the threshold is set very low, e.g., to 0.01E| as the
leftmost columns of the graphs illustrate, MET-POSE is very
sensitive and most images lead to violations. With high error
threshold values MET-POSE is much more lenient and the
proportion of images leading to a violation quickly drops.
However, MET-POSE still finds images that lead to an infinite
error, i.e., where the pose estimation system detects the subject
only in one of the original and modified images, as defined in
Section These cases are always considered violations of
our proposed metamorphic rules.

Figure [5] shows the proportion of images in PHOENIX lead-
ing to a rule violation with Grey and Mirr, for different error
threshold values when considering the hand landmarks. These
results, when contrasted with those in Figure E[, show once
more the importance of adaptability in MET-POSE. While
focusing on the body pose landmarks quickly exposes very
few errors on FLIC when using only the Grey and Mirr,,
using hand landmarks exposes many more rule violations. This
is consistent with the goal of PHOENIX, i.e., the fact that it
is a sign language dataset, where the hands, arms, and face,
are much more the focus than the general body pose.

B. RQ2
This RQ focuses on the difference between classic, ground

truth based testing and MET-POSE. Thus, it relies on FLIC,

2In this setting, a median error of more than 1% of the distance between
the subject’s shoulders leads to a violation.

belose to clothes colour in phoenix dataset
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the only dataset in our experiments with ground truth labels.
Figure [6] shows: the proportion of images leading to both a
classic test failure and a rule violation, a classic test failure
only, and a rule violation only for different error thresholds.
A classic test failure is defined as a normalised distance
between the ground truth keypoints and the keypoints output
by the system on the original image greater than the error
threshold. These results show that for low values of the error
threshold, both methods perform similarly in the number of
failures they find, even when using a single rule in MET-
PoSE. This is explained by both methods being too sensitive
with that configuration and considering nearly all outputs as
faults. With higher values of the error threshold we see that
MET-POSE finds many more failures than classic testing when
using AllRels or SubRels. The answer to RQ2.1 is thus that,
overall, MET-POSE finds more failures than classic testing.

Regarding RQ2.2, we see that in all cases, there is some
overlap between the images that lead to failures for each
method, however each method also finds failures that the other
method did not detect, with MET-POSE finding more failures
when using more complete sets of rules.

As discussed in RQ2.1, both testing methods perform sim-
ilarly for smaller values of the error threshold while MET-
POSE finds more failures for higher values. This indicates that
MET-POSE finds larger failures overall.

C. RO3

To analyse the contribution of different metamorphic rela-
tions when using MET-POSE we can look at their subsumption
rates. A rule M subsumes a rule M, if, when M detects
a failure for an image then M; also detected that failure.

O von [ only MET-POSE 0 only classic testing
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Fig. 6: Percentage of images in FLIC leading to a classic test
failure or a rule violation with varying error thresholds using
body landmarks

This means that running M is sufficient to detect the failures
My detects. Given two rules, M; and My, we explore the
degree to which M; subsumes M using the subsumption
rate SubRate !

if M is never violated,1

# images violating M; and M
# images violating My

SubRate i, am, =

else,

Figure [/| shows the subsumption rates of all pairs of rules in
SubRels for each dataset for a set value of the error threshold
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dataset, using body pose landmarks and a 0.2 error threshold.

(0.2). These results show that the subsumption rates between
the rules are very dependent on the dataset used, indicating
that the different rules make different contributions to MET-
POSE, i.e., they find different types of errors.

Figure 8] focuses on the different settings of the Motion rule
and how they subsume each other. While one might expect
that settings that introduce more discrete blur would clearly
subsume settings that introduce stronger blur, the results do
not show such a clear result. This is probably due to the
complex nature of Mediapipe Holistic, which means that the
direct effects of a transformation on the system’s output are
not easily predictable — further illustrating the value of the
proposed testing procedure.

The data in Table [l confirms that the different rules reveal
different types of faults. Indeed, when using a reasonable
error threshold (not so low that nearly all images lead to rule
violations), most images lead to a violation of only a small
number of rules. This again suggests that the different rules
assess different aspects of the system as, in most cases, the
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Fig. 8: Subsumption rates of various motion blur settings

same input leads to a violation only for specific rules.

VII. RELATED WORK

The use of machine learning systems is becoming increas-
ingly common in many diverse fields. Testing strategies for
these systems are therefore being more widely recognised
as a necessity, especially in safety critical systems [34]. In
particular, these systems are tested with different focuses
in mind such as: robustness to degradations (350 [36]
[37], testing for faults when using ML frameworks [38§],
testing the adequacy of the datasets used to train and test
these systems and testing the biases embedded in these
systems [8]], [40].

In particular, metamorphic testing is a convenient method
to circumvent the oracle problem found when attempting to
test many of these systems. This method has been used to test
a wide range of ML systems, including: autonomous delivery
robots [41]], image classification systems [42], recommender
systems [43]], search engines [44] and chat bots [45]).

More particularly, when looking at pose estimation systems,
we can find previous work focused on the pose estimation of
hands [17], and on predicting the trajectory of humans, done
by autonomous systems [46]].

When looking at the particular model tested in this work, it
has previously been explicitly evaluated on individuals from
different regions of the world which has been reported in the
model’s corresponding Model Card [30], [47].

One of the main differences between the related work and
the framework presented here is that we avoid the need for
ground truth labelled data, meaning that MET-POSE can work
with datasets without ground truth, which has not been done
in previous metamorphic testing applied to pose estimation.
We also do not focus only on robustness to degradations.
We present a framework that can be used for various specific
interests of the applications, which can be image degradation,
but can encompass a wide range of potential concerns from
fairness issues to sensitivity to image quality. Even if we do
not focus on suggesting novel metamorphic rules, when novel
metamorphic rules are needed for a specific application, MET-
POSE can be applied to new datasets without the expense of
labelling ground truth keypoints.



TABLE II: Images that violate different numbers of rules at given error thresholds

in PHOENIX (PH) and FLIC (FL)

Error 0.01 0.05 0.1 0.2 0.3 0.7 1.0 2.0 5.0 20.0 inf
# failed rules thresh. PH FL PH FL PH FL PH FL PH FL PH FL PH FL PH FL PH FL PH FL PH
0 2 0 2 0 2 0 2 0 2 0 9 11996 56 17794 98 18767 135 18813 138 18821 138 18821
1 0 0 0 0 0 0 0 0 0 0 35 23192 51 28258 77 28789 113 28759 121 28752 122 28752
2 0 0 0 0 0 1 0 10363 0 14486 52 11742 54 7144 44 6180 74 6171 84 6171 84 6171
3 1 0 1 0 1 1401 1 18521 1 24116 48 5985 52 1616 47 1334 44 1330 47 1329 49 1329
4 0 0 0 0 0 5129 0 15246 15 11806 48 1956 36 617 33 446 41 443 46 443 45 443
5 to 30 (25%) 9 0 198 53427 534 49229 635 11644 643 5367 494 904 446 346 414 259 354 259 355 259 353 259
31 to 61 (50%) 16 0 373 2668 206 16 136 1 118 0 111 0 104 0 92 0 59 0 36 0 36 0
62 to 91 (75%) 5 2635 163 38 58 0 46 0 41 0 35 0 30 0 26 0o 14 0 7 0 7 0
92 to 121 464 53684 94 2 46 0 32 0 25 0o 12 0 11 0 10 0 6 0 2 0 2 0
122 (100%) 338 42 27 0 7 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

VIII. THREATS TO VALIDITY

We list (and classify following [48]]) threats to the validity
of our work here:

o Construct Validity: A possible threat is the validity of the
metrics used to reach our conclusions. The results would
be different if instead of counting the number of inputs
that fail with at least one metamorphic rule, we required
multiple failures for each input to be counted. They
would also look different depending on the metamorphic
relations we take into account, or if the modified images
are out of scope of the system under test. The image
aggregation metric can also change the results depending
on whether we measure the mean, median, minimum or
maximum error of all keypoints in an output.

To mitigate this, we consider the median error as an image
aggregation metric, which is less sensitive to outliers
compared to the mean or the maximum. We also show
the number of failed inputs for different selections of
metamorphic relations. We choose to count the inputs
when they fail for only one metamorphic relation in-
stead of many because this is enough to show that the
framework found a problem that would be relevant to the
application engineers. Finally, we show how a wide and
varied selection of different metamorphic relations do not
completely subsume each other, so the errors found come
from the test with various different rules, and not only one
rule finding all the problems.

We also note that in this work we are not trying to find
specific problems in the SUT, and so the influence of the
metrics discussed here is reduced. They show that MET-
POSE can be used to find problems in such systems, but
the focus is not on which specific problems we found.

o Internal Validity: Another threat is that the results shown
were found by chance or due to mistakes in our imple-
mentation, and not because of the causes that we expect.
To mitigate this, we have carefully inspected our imple-
mentation, and manually confirmed each step done until
the results aggregation. We have also added an identity
metamorphic relation as a sanity check to ensure that the
system results do not change when we run the system
with the same input twice, in which case we would need
to run our experiments a number of times to reach a
statistically significant conclusion.

External Validity: The current work may not generalise to
other datasets or systems beyond the ones in this work. It
is also not explored how effective it would be when used
in a real application setting with a specific set of relevant
input features and output requirements. In general, DL
models are evolving rapidly and so it is common that
many methods are rendered obsolete quickly.

To mitigate these, we have designed this framework in
a way that it is highly dataset and system agnostic: any
image is processed equally, not depending on its colour,
number or type of subjects, etc.; and MET-POSE tests
the SUT as a black-box. The only change required to use
different ground truth annotations, or different systems, is
due to the non-standardised pose estimation outputs and
annotations, which is unavoidable. We have also left not
only the specific metamorphic relations but also the error
metric open to modification for different applications,
facilitating adaptability to different contexts.

IX. CONCLUSIONS AND FUTURE WORK

In this work we propose MET-POSE, a metamorphic testing-
based framework for pose estimation systems. We have fo-
cused on making this framework both system- and dataset-
agnostic, due to the rapid developments of the area of pose
estimation systems. This should help the approach remain
relevant even if architectures or methodological changes occur
in the area.

We applied MET-POSE to Mediapipe Holistic using two
datasets from different application domains. Results show that
MET-POSE can detect failures of the system without ground
truth data, i.e., without human annotations. They also show
that, by leaving the definition of the metamorphic rules and
the metrics used to assess violation of these rules open to
the user, MET-POSE is adaptable and can test pose estimation
systems for different use cases.

As future work, we plan to apply MET-POSE to different
systems and use cases. This will first confirm the framework’s
adaptability. We also plan to show that, by using application-
specific rules, practitioners who build these pose estimation
systems can gain a better understanding of how they operate
and even use this information towards repairing their systems.
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