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Abstract—Person re-identification is a prominent topic in
computer vision due to its security-related applications, and to the
fact that issues such as variations in illumination, background,
pedestrian pose and clothing appearance make it a very chal-
lenging task in real-world scenarios. State-of-the-art supervised
methods require a huge manual annotation effort for training
data and exhibit limited generalisation capability to unknown
target domains. Synthetic data sets have recently been proposed
as one possible solution to mitigate these problems, aimed at
improving generalisation capability by encompassing a larger
amount of variations in the above mentioned visual factors, with
no need for manual annotation. However, existing synthetic data
sets differ in many aspects, including the number of images,
identities and cameras, and in their degree of photorealism,
and there is not yet a clear understanding of how all such
factors affect person re-identification performance. This work
makes a first step towards filling this gap through an in-
depth empirical investigation, where we use existing synthetic
data sets for model training and real benchmark ones for
performance evaluation. Our results provide interesting insights
towards developing effective synthetic data sets for person re-
identification.

I. INTRODUCTION

Person re-identification (Re-Id) consists in matching im-
ages of a person of interest across different non-overlapping
cameras. It has become a relevant research topic because
of its widespread applications, chiefly in the fields of video
surveillance and public security. At the same time, it is also
a challenging computer vision task due to the presence of
occlusions, both static and dynamic, and variations in visual
factors such as illumination changes, shadows, differences in
background, different camera type and perspective (e.g., orien-
tation and scale), as well as different pedestrian poses, sizes,
clothing appearance and attributes. Significant advancement
has been achieved recently with the advent of Convolutional
Neural Networks (CNNs) [[1]]. The most effective state-of-the-
art methods employ supervised learning techniques and require
a training set of cross-camera pedestrian images manually
annotated with their identities. Although such methods have
achieved excellent within-data set performance [2], [1], they
suffer from over-fitting to a different extent and exhibit a
limited generalisation capability to unseen target domains,
which is highly desirable in real-world applications [3], [4],
[S]. This is mainly due to the limitations of existing data set,
e.g., relatively limited number of samples, limited variabil-
ity and distribution of visual factors, as well as annotation
errors [6]. In addition, emerging privacy regulations impose

restrictions on data collection, also affecting Re-Id. Such issues
hinders the development of large-scale and diverse source
training data necessary for building effective CNN models.
The interest in synthetic images has significantly grown in the
last years in several computer vision applications, as possible
solution to mitigate the above-mentioned issues. Synthetic
images allow to generate very large data sets that can be
automatically annotated without errors; they also allow (in
principle) to control the data distribution and balancing of
visual factors such as the ones mentioned above [1]. Existing
synthetic data sets for Re-Id differ in size, number of identities
and camera views, as well as in several visual factors such
as illumination, pedestrian clothing appearance, background,
and camera perspective. In particular, some of them focus
on a single visual factor (e.g., clothing appearance [7]]) or
on realistic environment simulation (e.g., scene lighting [8])).
Other data sets contain variations of different visual factors,
such as viewpoint, pose, illumination and background [9]], or
pedestrian clothing, race, attributes and environments [10];
however, their empirical analysis was limited to one single
factor, e.g., the influence of pedestrian rotation angles [9].
As another example, the large-scale RandPerson synthetic
data set (almost 2M images) [10] was shown to improve the
generalisation capability of Re-Id models with respect to the
one attained by training on real-world benchmark data sets
two orders of magnitude smaller, including Market-1501 and
DukeMTMC-relD, but not on MSMT17, whose training set
is just twice that of DukeMTMC-relD; this seems to suggest
that just increasing data set size is not sufficient to improve
generalisation capability, but the influence of the other factors
is not clear. We also point out that in some works on synthetic
data sets, the training data also included real images, which
does not allow to understand the contribution of synthetic data
alone [8]; moreover, only a few synthetic data sets have been
directly compared [10]. A comprehensive and thorough analy-
sis on the effectiveness of synthetic data sets for training Re-Id
models is therefore still lacking; in particular, an evaluation of
how the different features involved are beneficial to generalise
to real images. This work makes a first step towards filling this
gap through an in-depth quantitative evaluation of different
factors that characterise existing synthetic data sets. To this
aim, we train a widely used Re-Id model on publicly available
synthetic data sets and test it on benchmark data sets of real
images. In particular, we carry out a focused evaluation of
the contribution of three factors on which it was possible to



operate to make the available synthetic data sets more directly
comparable: the number of camera views, of identities, and of
images per identity. Our analysis provides interesting insights
on the role of the above factors and their interaction with data
set size, overall quality of simulated scenes (especially human
models and background), and the distribution and balance of
the number of identities per camera and the number of images
per identity in each camera. We believe that our results are a
useful starting point towards the definition of guidelines on
the development of effective synthetic data sets for Re-Id.

This work is organised as follows. Synthetic data sets in
computer vision and in Re-Id are described in Sects. |lI|and
Sect. [[V] and [V] report our experimental setting and results; a
discussion if finally given in Sect.

II. SYNTHETIC DATA SETS IN COMPUTER VISION

Synthetic data have become very common for different real-
world computer vision applications, such as medical image
analysis [11], face recognition [12]], crowd counting [13],
tracking [14], object (e.g., vehicle) and pedestrian detec-
tion [15]. In recent years they are being increasingly used
in place of real images for training deep learning models,
since the generated images present high-quality and precise,
automatic annotations, avoiding the effort of manual annota-
tion and numerical limitations [16]. Existing approaches to
generate synthetic images can be grouped into three main
categories: image composition, adversarial networks (AN), and
computer graphics engines (CGE). The simplest approach is
image composition: it consists in superimposing a real or
synthetic object model (e.g., a pedestrian) on a real image
which is used as the background scene [17], [18], [19],
[20]. The AN-based approach consists in generating synthetic
images through an adversarial learning strategy [21]. It is
mainly used for image-to-image translation, to reduce the
gap between a source and a specific target domain, or for
training data augmentation. The most known architecture is the
Generative AN (GAN) [22], which has then been extended to
CycleGAN [23]], StarGAN [24] and Deep Convolutional GAN
(DCGAN) [25]. CGEs allow producing fully synthetic images,
instead. The most used CGEs are two well-known game design
software, Unity [26] and Unreal [27]; the video game Grand
Theft Auto V [28] (GTA for short); and the computer graphics
tools MakeHuman [29], Adobe Fuse CC (Adobe for short) [30]]
and Blender [31].

Focusing on computer vision tasks related to video surveil-
lance, the most widely used approach is the one based on
CGE. It allows controlling every detail in the scene and,
thus introducing variability of visual features, including human
models. Since different CGEs present different features (e.g.,
MakeHuman and Adobe are more effective in generating
3D human models, whereas the other CGEs are better at
generating 3D scenes), sometimes they have been used in
combination to generate a synthetic data set, e.g., MakeHuman
and Blender [32], [33], [9]. GANs have also been used to
make synthetic images generated by CGEs look more photo-
realistic [34].

published data downloaded data

data set year #IDs #images #cam #IDs #images #cam  access date
SOMAset [7 2017 50 100,000 250 50 100,000 250  2021/12/28
SyRI [8 2018 100 1,680,000 280 100 56,000 280 2021/10/12
PersonX [9 2019 1266 273,456 6 1266 273,456 6 2021/09/22
RandPerson [10! 2020 8000 1,801,816 19 8000 132,145 4 2021/10/12
VC-Clothes [32] 2020 512 19,060 4 512 19060 4 2021/12/07

GPR |34 2020 754 443,352 12 - - - N.A

GPR+ [35 2021 808 475,104 12 - - - NA
FineGPR [36] 2021 1150 2,028,600 36 1150 4600 4 2021/12/10
Synthetic18K |37 2021 18,306 1,408,600 4 11,673 909908 - 2021/12/17
UnrealPerson [33 2021 3000 120,000 34 2800 1,255,297 28 2021/12/09

BLE I

SYNTHETIC DATA SETS DETAILS (NUMBER OF IDENTITIES #ID, IMAGES
#IMAGES AND CAMERAS #CAM) EXTRACTED FROM THE CORRESPONDING
PAPERS (LEFT) AND THE DOWNLOADED VERSIONS (RIGHT, TOGETHER
WITH THE ACCESS DATE). DOWNLOAD LINKS (IF AVAILABLE) ARE IN THE
CORRESPONDING REFERENCES.

To the best of our knowledge, all of the publicly available
synthetic image data sets for Re-Id have been generated
using CGEs exclusively (see Sect. [[I). The reason is that
CGEs allow to generate complex 3D human models, and in
particular to control and to introduce variations to all the
fine-grained details of pedestrian appearance, e.g., clothing,
attributes and accessories [32]], [33], scene details such as
illumination and shadows [33], [9], complex background and
camera perspective [9]], and even occlusions with static objects
or between pedestrians [33]].

III. SYNTHETIC DATA SETS FOR PERSON RE-ID

To our knowledge, ten different synthetic data sets have
been developed so far for Re-Id. Their main characteristics
are reported in Table E} Two of them, GPR and GPR+, turned
out to be not available online. For most of the other data sets,
the statistics reported in the respective papers (Table[l, left) are
different from the ones of the versions available for download
(Table[l| right). All ten data sets are described in the following.
Fig. [T reports two example images from each of them.

SOMAset was generated using MakeHuman and
Blender [7]. It focuses on application scenarios where
Re-Id has to be also performed under different clothing
(clothing-independent or long-term Re-Id). To this aim,
it contains 8 different types of clothes for each identity;
each of the 50 x 8 = 400 subject-clothing combinations
is rendered from 250 different camera orientations, with
a different pose for each orientation. SyRI was generated
using Unreal and Adobe [8]]. Unreal was used to generate
the virtual environment, composed of several scenes (e.g.,
shopping mall, museum, classroom) acquired under 140
illumination conditions. Adobe was used to generate human
models with different body shapes and clothing. PersonX
was generated using Unity [9]], under different illuminations
and viewpoints (i.e., front, right, back and left). Human
models present different ages, body shapes, clothing, etc.,
and in some cases they carry accessories (e.g., backpack,
hat). For each of the six cameras, the same pedestrian
models (same identity, clothes, poses and viewpoint) have
been used, and each pedestrian image has been rendered
four times using three different realistic backgrounds and
one background with a uniform colour. RandPerson was
generated using Unity and MakeHuman [10]. It contains



images of several scenes (e.g., streets, cities, gyms) under
different illuminations, Different pedestrian clothes have been
generated from 10,000 texture maps, obtained by combining
more than 625 colours and 16 patterns (e.g., stripes, spots).
VC-Clothes was generated using GTA [32]. It contains four
scenes (street, gate, parking lot and a natural scene) under
different illumination conditions. Similarly to SOMAset,
it focuses on clothing-independent Re-Id: human models
present different clothes for each identity, as well as different
ages, body shapes, etc. GPR was generated using GTA, and
then the resulting images were modified through a GAN to
make them look more photo-realistic [34]. Different weather
and illumination conditions were simulated from 26 different
scenes, e.g., mountain, street, mall. Human models present
different body shapes, clothing, etc. Two further versions
of GPR were generated using the same CGE: GPR+ [35],
which contains a higher number of identities and of images
than GPR, and FineGPR [36], which contains even more
identities, cameras and images. Moreover, nine scenes (e.g.,
school, park, street) were created under seven weather (e.g.,
sunny, clouds) and illumination conditions (both day- and
night-time). Human models present different attributes in
terms of upper- and lower-body clothing colours, hats,
bags, etc. Syntheticl8K [37] was generated using Unity,
and contains one indoor and three outdoor scenes (e.g.,
town square, subway station) under different weather and
illumination conditions. Human models present different
body shapes and clothing, and in some cases, different
accessories (e.g., bags). UnrealPerson was generated using
MakeHuman and Unreal [33]], and contains four scenes (three
urban outdoor and one indoor) under different illumination
conditions; human models present more than 200 types of
clothes and in some cases different accessories (e.g., masks,
glasses, hats).

As mentioned above, most data sets’ released version differ
from those described in the respective papers. In particular,
for RandPerson, SyRI and FineGPR, a much lower number
of images were actually available, respectively 7.3%, 3.3%
and 0.22% of the amount stated in the papers. In addition,
the released version of RandPerson contains images from four
cameras instead of nineteen, and in the experiments reported
in the corresponding paper [10] only images from such four
cameras have been used, to reduce redundancy and training
time. However, it is not clear which visual factors introduced
redundancy. On the contrary, the number of images of the
downloaded version of UnrealPerson is about ten times the
one reported in the corresponding paper [33], although the
number of cameras is lower (28 instead of 34). In general,
the main criterion adopted to generate the above data sets
is to introduce a certain amount of variability in pedestrian
appearance, including different body shapes, clothes, attributes
and accessories, to a different extent depending on the data
set; different ages and races have also been considered in
VC-Clothes and SOMAset. Variability in the virtual scenes
has also been introduced: all data sets except for SOMAset
present different scenes, cameras and illuminations, even if

with many differences among them (e.g., SyRI presents the
highest number of illumination conditions, 140). Interestingly,
only RandPerson and UnrealPerson focused also on generating
photo-realistic scenes: they were generated under a set-up
similar to real video surveillance systems, with multiple people
moving at the same time and partial occlusions by static
objects or by other people. The degree of photo-realism can
be observed from the examples in Fig. |1} Focusing on human
model appearance, in our opinion SyRI presents better visual
details, whereas RandPerson and PersonX look less photo-
realistic than the other data sets in terms of body shape and
textures. Focusing on the background scene, RandPerson and
GPR exhibit the highest degree of photo-realism.

It is evident that existing synthetic data sets for Re-Id exhibit
many differences among them and since a comprehensive and
thorough analysis of this issue is still missing, it is pertinent to
ask how and to what extent the performance of Re-Id models
trained on synthetic data is affected by the different features
involved.

IV. EXPERIMENTAL SETTING

The main goal of our experiments is to give a first evaluation
of the effectiveness of synthetic training data, focusing on
different features that can be observed in existing data sets
related to data set dimensions and visual factors. Besides GPR
and GPR+, which were not available online, we excluded from
our experiments Syntheticl8K since the available documen-
tation did not allow us to recover the camera ID of each
image. On the other hand, we included SOMAset and VC-
Clothes, although they focus on the more challenging clothing-
independent setting and thus, for each identity, they contain
images with different clothes. To perform our evaluation, we
considered a single ResNet50 CNN model [38] pre-trained
on ImageNet, which is widely used in Re-Id, usually as a
backbone for more specific architectures. Although it does
not achieve state-of-the-art performance on benchmark data
sets, its choice is suitable to our goal, which is not to attain
competitive performance but to compare synthetic data sets
on common ground. To directly evaluate the effectiveness
of synthetic data, we considered a cross-domain setting: we
used, in turn, each synthetic data set as the training set,
without adding to it any real image, and a data set of real
images as the testing set. For this reason, in the case of
VC-Clothes and PersonX, which were originally subdivided
into a training set and a testing set (query and gallery sets),
we used for training also all the testing images. For testing
we used three well known benchmark data sets: Market-1501
(Market for short) [39], DukeMTMC-reID (Duke) [40] and
MSMT17 (MSMT) [41]], which are summarised in Table

As performance measures we used both the cumulative
matching curve (CMC) at ranks k£ = 1,5,10,20, and mean
Average Precision (mAP). During training, we used horizontal
flip and random crop with a probability of 0.5 to reduce over-
fitting. For optimisation, Stochastic Gradient Descent was used
with momentum 0.9 and weight decay 5 x 10~%; the learning
rate was set to 0.00035.
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Fig. 1. Synthetic data sets samples (left to right): SOMAset, SyRI, PersonX, GPR, RandPerson, VC-Clothes, FineGPR, Synthetic18k and UnrealPerson.

#IDs / #images #Cameras
Data set Train Query Gallery -
Market 751/ 12936 750 / 3368 751 /15913 6
Duke 702 / 16522 702 / 2228 1110/ 17661 8
MSMT | 1041 /30248 3060/ 11659 3060 / 82161 15
TABLE II

REAL DATA SETS DETAILS: NUMBER OF IDENTITIES AND OF IMAGES (#
IDS / # IMAGES) IN EACH SUB-SET, AND NUMBER OF CAMERAS.

Based on the above setting, we carried out the following
experiments. We first evaluated the performance achieved us-
ing the whole synthetic data sets for training. For PersonX we
also separately considered images with a realistic background
and with a uniform background. However, since these data sets
present significant differences in their dimensions and visual
factors (see above), the above experiment does not allow to
understand the contribution of each such aspect. Therefore
we identified three features, that are the overall number of
images, cameras and identities, on which it was possible to
operate and compare synthetic data sets under more similar
conditions. Accordingly, we progressively introduced several
constraints on the above features, leading to five different
experimental settings involving subsets of the considered data
sets (see Table |I_VD In Experiment 1 (Exp-1) we reduced the
data sets to a common number of cameras, which was set to
4, corresponding to the lowest number of cameras among the
considered data sets (RandPerson and VC-Clothes). Whenever
possible we chose four cameras from different scenes; for Per-
sonX, we selected three cameras with a realistic background
and one with a uniform background. In Experiment 2 (Exp-
2) we reduced the data sets to a common number of both
cameras (4, the same as Exp-1) and of images per identity
(16, corresponding to the minimum value across the data sets,
except for VC-Clothes and RandPerson that do not contain
an equal number of images per identity, but present less than
16 images for some identities). For each identity, we selected
the first 16 images. In Experiment 3 (Exp-3), we considered
instead a common number of cameras (4, the same as in Exp-
1 and Exp-2) and of identities (512, which is the minimum
value among the considered data sets, corresponding to VC-
Clothes); we selected the first 512 identities of each data set.
In Experiment (Exp-4), we reduced the data sets to a common
number of identities (512, the same as in Exp-3) and of images

per identity (16, the same as in Exp-2). Finally, in Experiment
5 (Exp-5), we reduced the data sets to the same number of
cameras (4, the same as in Exp-1, Exp-2 and Exp-3), identities
(512, the same as in Exp-3 and Exp-4), and images per identity
(16, the same as in Exp-2 and and Exp-4). In each of the
above experiments, we also tried to understand how the various
visual factors (e.g., clothing appearance) contributed to model
performance.

V. EXPERIMENTAL RESULTS

The results of our experiments are presented and discussed
in the following.
Training on the whole synthetic data sets. The results
are reported in Table We observed that UnrealPerson,
which is the largest data set, attained the highest perfor-
mance on all target domains, and only RandPerson, which
contains the highest number of identities (and thus exhibits
in principle the largest variability in pedestrians’ appearance)
attained comparable performances, limited to Market. Instead,
SOMAset and VC-Clothes were among the data sets that
led to the worst performances: this was expected since they
present different clothing appearances for each identity (see
Sect. [M). Also SyRI attained a rather poor performance: this
may be due to the fact that it presents the lowest number
of images per identity in each camera. Two other data sets,
FineGPR and PersonX w/o background, attained a relatively
poor performance. This was expected for FineGPR, due to
its very small number of images; however, it is interesting
that it outperformed SyRI, despite the latter contains about
twelve times as many images: this seems to indicate that the
quality and diversity of synthetic images (see Sect. can
be more relevant than their bare amount. Another interesting
result is that PersonX w/ background attained a much better
performance than PersonX w/o background (we remind the
reader that the same pedestrian images are present in both data
sets): this clearly indicates that CNN models benefit from a
realistic simulation of the background; this is confirmed by
the fact that the performance of the whole PersonX (the union
of PersonX w/o and w/ BG) is slightly worse than PersonX
w/ BG, except for CMC at rank 20.

In table[ITl| we also report results obtained by training on real
data sets under a cross-data set setting, using the same model.



We first observe that training on UnrealPerson led to better
performances than training on each real data set, in all target
domains. This might be due to UnrealPerson’s high variability
and level of realism. Despite RandPerson presents a lower
number of cameras with respect to real data sets, it exhibited
comparable performances in most cases. This suggest that also
RandPerson presents a significant variability and a good level
of realism. Training on the other synthetic data sets exhibited
instead worse performances than those obtained by training on
real ones, and in some cases, the gap was remarkable. This
gap might be due to, e.g., the lower number of images (e.g.,
FineGPR), of identities (e.g., SOMAset), or on the absence of
a background scene (e.g., PersonX).

Exp-1: common number of cameras. Table [[V|shows that
reducing the data sets to a common number of cameras lead
to a considerable reduction of the number of images for Unre-
alPerson, and to a lower extent also for PersonX. UnrealPerson
attained the best performance also in this experiment, except
for CMC at rank 20 on Market, where RandPerson slightly
outperformed it. It is worth noting that, despite a drop in size
to 11% with respect to the previous experiment (see Tables
and , the performance of UnrealPerson did not worsen
that much. This seems to agree with the observation made
above about FineGPR and SyRI, that the quality and diversity
of synthetic images can be more relevant than their amount.
Further confirmation comes from the fact that PersonX is
outperformed by RandPerson and UnrealPerson, despite being
larger than them: this can be explained by three different
reasons: the human models of PersonX exhibit a lower quality
than the ones of RandPerson and UnrealPerson(see Sect. [[TI);
some images of PersonX present a uniform, non-realistic back-
ground; each pedestrian image in PersonX has been replicated
with all the different (uniform or realistic) backgrounds, which
reduces diversity.

Exp-2: common number of cameras and images. The
additional constraint on the number of images per identity lead
to a considerable reduction in the size of PersonX and Unre-
alPerson, and to a lower extent also of VC-Clothes. Even in
this case, the best performance in all target domains is attained
by UnrealPerson (except for ranks 10 and 20 when Market is
the target domain), although in this experiment RandPerson
has three times more images. Surprisingly, PersonX and VC-
Clothes attained a slightly better performance than in Exp-
1. In particular, since VC-Clothes contains different clothes
for each identity, it may have benefited from the increase of
discriminant capability of clothing appearance cues due to the
reduction of the number of images per identity.

Exp-3: common number of cameras and identities. Using
the same number of cameras and of identities should allow
the reciprocal influence between the number of images per
identity and the diversity in clothing appearance between
different identities to better emerge. We first observe that the
additional constraint on the number of identities with respect
to Exp-1 lead to a drastic reduction of the size of RandPerson
(which also incurred the highest reduction in the number of
identities) and to a lower extent for UnrealPerson and Per-

sonX. UnrealPerson remained the most effective data set, and
exhibited only a slight decrease in performance with respect to
Exp-1. Taking into account that also RandPerson outperforms
PersonX, despite containing in Exp-3 one order of magnitude
less images, this seems to confirm that a realistic background
and a higher amount of diversity in pedestrian appearance, as
well as a better quality of the human models, are beneficial
to the effectiveness of synthetic data sets, probably to a larger
extent than the overall number of images.

Exp-4: common number of identities and images per
identity. These two constraints also lead to a very similar
number of images among all data sets (see Table [[V]), making
them all more comparable. It is also worth noting that the
size of UnrealPerson was further reduced by one order of
magnitude with respect to Exp-2 and Exp-3: this time, this
led to a drastic decrease in performance, probably due also to
the lower number of identities per camera, and of images per
identity in each camera, with respect to Exp-3 (note that in
Exp-4 the constraint on the number of cameras was released,
and UnrealPerson has much more cameras than the other
data sets). In particular, less than one image per individual
was present in each camera on average, i.e., some identities
were not present in some cameras. Nevertheless, UnrealPerson
exhibited the best performances on all target domains.

Exp-5: common number of cameras, identities, and
images per identity. This last experiment combines all the
constraints considered in the previous ones, which makes the
considered data sets most similar in the corresponding factors.
Note that, with respect to Exp-4, only UnrealPerson and
PersonX were modified, by reducing the number of cameras,
which resulted in an increase of the number of images per
camera and the number of images per individual in each
camera. As can be seen from Table [[V)), this led to an increase
in performance of PersonX. Note also that UnrealPerson
becomes the best data set again, as in previous experiments,
although its performance is now lower. This is an interesting
result that again confirms our previous observations about the
relatively less relevant role of the bare data set size regarding
factors such as the diversity in pedestrian appearance.

VI. DISCUSSION AND CONCLUSION

The results of our experimental analysis of synthetic data
sets for training Re-Id models can be summarised as follows.
(i) The visual quality of synthetic images, particularly the
quality of human models and the presence of a realistic
background, as well as the diversity of their visual features,
seem to be more relevant than the bare amount of images. In
other words, simply increasing the number of synthetic images
is not effective if too simple human models or backgrounds
are used, and if no care is taken to introduce diversity,
especially in pedestrians’ clothing appearance. (ii) Another
relevant factor is the distribution and balance of the number of
identities per camera and the number of images per identity in
each camera. In particular, several images per identity should
be present for each camera. In general, having a balanced
distribution of such factors is a desired feature in synthetic



Target: Market Target: Duke Target: MSMT

Training mAP k-1 k-5 rk-10 rk-20 | mAP k-1 k-5 rk-10 rk-20 | mAP k-1 k-5 rk-10 rk-20

SOMAset 0.9 1.8 5.6 8.6 13.1 0.6 1.4 4.0 6.4 9.2 0.2 0.6 1.9 2.8 44

SyRI 4.8 124 253 323 40.6 3.0 8.9 17.7 21.8 273 1.1 5.1 10.1 133 17.3
VC-Clothes 4.8 159 28.7 357 43.2 39 122 21.6 26.5 31.8 1.1 5.0 103 133 17.5

% FineGPR 11.5 317 46.7 53.1 59.7 11.5 27.6 40.1 45.4 50.4 2.7 11.3 19.4 242 29.3
'§ PersonX w/o BG 13.7 325 51.1 59.1 66.3 7.1 17.1 279 323 38.3 1.5 4.8 9.5 12.6 16.5
> PersonX 21.8 454 63.3 70.3 77.1 17.2 335 46.2 522 583 2.7 8.8 152 19.1 23.7
PersonX w/ BG 222 48.2 64.3 70.4 76.6 17.3 332 47.3 542 60.8 2.8 9.4 159 19.9 24.6
RandPerson 36.4 64.8 80.8 859 90.3 29.9 50.7 65.5 70.8 76.5 72 22.0 329 384 44.1
UnrealPerson 41.7 70.8 82.8 874 90.7 41.6 64.6 76.5 81.0 844 11.3 309 42.8 48.8 54.7
_ Market - - - - - 30.88 5341 67.06 7249 7724 | 644 19.08 29.14 3436 40.22
5 Duke 3044 622 7824 8331 87.65 - - - - - 8.09 247 3644 4223 4815

MSMT 3833  69.77 8394 88.18 91.66 | 2849 47.17 6701 7433 7934 - - - - -
TABLE III

PERFORMANCES OBTAINED USING ALL AVAILABLE IMAGES OF THE CONSIDERED SYNTHETIC DATA SETS ON THREE REAL BENCHMARK ONES.

Training data set Target: Market Target: Duke Target: MSMT
Constraints Name #IDs  #images #cam. | mAP rk-1 k-5 rk-10 k20 | mAP k-1 k-5 rk-10 k20 | mAP rk-1 k-5 rk-10  rk-20
UnrealPerson 2800 138275 4 391 694 820 86.0 89.4 384 620 746 789 82.7 103 295 412 463 524
Exp-1 4 cameras RandPerson 8000 132145 4 36.4 64.8 80.8 85.9 90.3 29.9 50.7 655 70.8 76.5 7.2 220 329 384 44.1
PersonX 1266 182304 4 224 479  65.1 722 78 4 17.2 333 465 53.0 59.1 2.7 8.7 15.2 18.8 235
VC-Clothes 512 19060 4 4.8 159 287 35.7 43.2 3.9 122 21.6 26.5 31.8 1.1 5.0 10.3 13.3 17.5
UnrealPerson 2799 39739 4 371 684 807 846 88.4 365 615 738 779 82.2 108 32.0 434 489 54.2
Exp-2 4_cameras RandPerson 8000 125326 4 353 636 803 852 89.8 304 526 668 718 76.9 73 219 334 385 442
16 im. per ID PersonX 1266 20256 4 245 523 672 726 77.9 204 386 524 583 64.0 3.8 123 200 247 29.9
VC-Clothes 512 8176 4 9.3 269 417 417 55.0 9.4 254 365 428 47.9 2.8 122 20.1 245 29.5
UnrealPerson 512 37161 4 348 656 792 833 87.5 341 587 713 763 80.7 94 284 396 449 50.8
Exp-3 4 cameras RandPerson 512 8390 4 262 532 71.0 784 839 208 406 550 608 68.1 4.5 158 258 305 36.5
512 IDs PersonX 512 73728 4 19.1 425 59.1  66.1 73.0 16.1 313 446 510 573 22 73 13.0 163 20.7
VC-Clothes 512 19060 4 4.8 159 287 357 43.2 3.9 122 21.6 265 31.8 1.1 5.0 10.3 13.3 17.5
UnrealPerson 512 8192 28 299 606 768 818 86.1 29.6 554 693 732 774 102 321 439 494 54.8
Exp-4 512 IDs, RandPerson 512 7996 4 25.5 536 71.0 71.7 84.0 21.6 41.8 573 63.0 68.8 4.2 15.1 248 29.8 353
16 im. per ID PersonX 512 8192 6 14.2 336 50.6 57.9 65.5 10.9 223 349 404 474 1.6 54 10.2 133 17.4
VC-Clothes 512 8176 4 9.3 269 41.7 47.7 55.0 9.4 254 36.5 42.8 479 2.8 122 20.1 24.5 29.5
4 cameras UnrealPerson 512 8192 4 27.6 583 737 79.8 84.7 27.6 528 654 70.7 75.5 8.5 279 391 44.1 50.1
Exp-5 512 IDs RandPerson 512 7996 4 255 536 71.0 717 84.0 21.6 418 573 630 68.8 42 151 248 298 353
16 im. per ID PersonX 512 8192 4 189 421 595 665 73.9 160 323 448 511 574 24 8.0 142 177 22.1
i VC-Clothes 512 8176 4 9.3 269 417 417 55.0 9.4 254 365 428 47.9 2.8 122 20.1 245 29.5

TABLE IV

PERFORMANCE ATTAINED ON THE THREE TARGET DOMAINS USING FIVE DIFFERENT VERSIONS OF THE SYNTHETIC DATA SETS (SEE THE TEXT FOR
MORE DETAILS). BEST RESULTS FOR EACH EXPERIMENT ARE HIGHLIGHTED IN BOLD.

data sets, and certainly among the main ones that prompted
their use; however, it turned out to be not achieved to the
same degree in all existing data sets, and in particular in
RandPerson, that presents a significantly unbalanced number
of images over its four cameras (6,577 to 35,572). (iii)) A
further general observation that emerges from our results is
that the performance attained on the MSMT data set under
all the considered experimental settings, was always notably
worse than the one on Market and Duke (see Tables
and [IV). This could be expected to some extent since MSMT
is the largest and more challenging benchmark data set and
contains a significantly higher amount of cameras, identities
and images than Market and Duke (see Table [TV). On the one
hand these results show that there may still be a significant gap
to be filled by synthetic data sets before they can be effectively
used in real-world application scenarios, Indeed, few models
trained on synthetic images exhibited better or comparable
performances than those trained on real ones. On the other
hand, these results confirm the potential of synthetic images,
capable of bridging this gap by leveraging different features,
not necessarily related to image quality.

A possible limitation of our results is that they refer to a
single CNN model: extending our experimental investigation
to other models is an obvious and interesting follow-up.
A more focused analysis of the trade-off between the total
number of images and the number of images per identity in
each camera would also be interesting. For instance, among the

existing synthetic data sets, UnrealPerson and Synthetic18K
(if camera annotations are made available) seem to be the
most suitable for this investigation since they present more
than 16 images per identity in each camera. Finally, the
effectiveness of synthetic data sets may be improved by using,
e.g., synthetic-to-real domain adaptation techniques [13]], [34],
even in scenarios where the target domain is unknown (in
this case, benchmark data sets of real images could be used).
In this same scenario, collaborative training between multiple
synthetic or even real data sources could be used in order to
improve generalisation capability, by exploiting and combining
the features of multiple data sets. It would therefore be
interesting to investigate whether and to what extent such
techniques can alleviate the need for realistic human models
and background pointed out above.
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