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Abstract. Learning to discriminate, whether two person-images correspond to the same person or not, is a daunting challenge 
when only two images per person are available. This task is called single-shot person re-identification (re-id) and it assumes that 
each one of the two available images was captured from a different camera view entailing variations in pose, resolution, scale, 
illumination and background. Addressing this task through supervised training of a deep convolutional neural network is sus-
ceptible to model overfitting due to the critical lack of enough labelled data. This paper proposes to exploit the transference of 
learning previously acquired from a multi-object-tracking (MOT) domain. In this context, a unique deep triplet architecture has 
been trained on both domains. Six different levels of transfer learning have been implemented and evaluated, proving that the 
transference of leaning from a different domain remarkably increases the re-id performance. Experimental results validate accu-
racy and robustness of the proposed method as comparable to other state-of-the-art techniques. These results also confirm that, 
despite the data problem, deep learning is also applicable to the single-shot re-id task. 
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1. Introduction

Person re-identification (re-id) consists of matching 
people across non-overlapping camera views, at dif-
ferent locations and time. It has become one of the 
most studied tasks in video surveillance since many 
other applications, like tracking or behaviour analysis, 
rely on the person re-id performance [55].  

Even though many research efforts from the com-
puter vision field have focused on solving the re-id 
problem [17], it remains unsolved, [71]. This is be-
cause, in unconstrained scenarios, a person’s appear-
ance often changes dramatically across camera views 
due to changes in body pose, view angle, occlusion 
and illumination conditions. These changes cause in-
tra-class variations, that means quite different repre-
sentations of the same identity. Moreover, the pres-
ence of different people with a similar appearance in-
troduces inter-class ambiguities, i.e. similar represen-
tations corresponding to different people. The intra-
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class ambiguities tend to distance the representations 
of a person in the feature space. Conversely, inter-
class ambiguities close the features corresponding to 
different people. Therefore, the clustering of the fea-
tures according to the identity that they are rendering 
is a hard task, turning the recognition of the identities 
into a daunting challenge.  

Recently, the use of deep re-id models has been 
boosted by the success of Convolutional Neural Net-
works (CNNs) in various vision problems, like image 
classification [28], objects detection [39], face identi-
fication [57], transportation [21, 42, 63], structures 
analysis [11, 31, 47-49, 64, 68], medical diagnosing [2, 
40], or even in computational modelling [43, 61], 
combinatorial optimization [67], and big data manage-
ment [53]. Most of the networks used in person re-id 
treat this task as a pairwise binary classification to dis-
criminate between matched and mismatched pairs of 
images and they are trained with a supervised learning 
framework, like the work presented in [32].  



However, person re-identification poses a unique 
challenge to deep supervised learning, since a deep 
model with millions of parameters must be learnt from 
a small training set. Two types of re-id datasets can be 
found: multi-shot recognition, [4], where a tracklet of 
every individual (i.e. small sequence of images) is 
available for each camera view; and single shot recog-
nition, where only one image per person and per view 
is used. Figure 1 shows examples of matched pairs (in 
each column) from the single-shot PRID2011 dataset 
[23]. Every pair is formed by one image captured from 
each one of the two different cameras views, a and b. 
This paper is focused on the single-shot case, where 
the overfitting of the model is particularly acute due to 
the small size of the available labelled data. 

 

 

Fig. 1. Examples of matched pairs belonging to the single shot 
PRID2011 dataset. 

The objective of the presented work is to address 
the re-id data problem in deep models learning. Given 
the requirement of a large amount of labelled data to 
learn a non-overfitted model, able to generalise the so-
lution with unknown samples, and the small size of 
single-shot re-id datasets, the transference of learning 
from a different domain has been adopted.  

In contrast to the use of other re-id datasets or clas-
sification datasets, this paper proposes the use of a 
Multi-object tracking (MOT) dataset to pre-train a re-
id model, which has been subsequently fine-tuned 
with the re-id target dataset.  

With this approach, the re-id network architecture 
does not require any modification to transfer learning 
from one task to the other, i.e. from people tracking to 
re-identification. Instead of that, we propose the adap-
tation of the MOT dataset to feed a re-id network. 
Therefore, a new source dataset has been created by 
extracting people images from MOT sequences. 

The use of the proposed cross-sequence dataset pro-
vides certain benefits to the re-id model learning. First, 
the unbalanced nature of the re-id data, where there are 
only two instances of a certain individual against the 

 
1 The data generation tool has been implemented as a set of c++ 

functions, which are publicly available under http://github.com/ma-
gomezs/dataset_factory/tree/master/data_factory_from_mot 

high number of different people, is attenuated by our 
new source dataset. In the new dataset, many detec-
tions of the same person are extracted, making easier 
the convergence in the model learning process. 

In addition, samples from different MOT sequences 
have been compared in the training. This setting helps 
to avoid the dependence on the characteristics of a cer-
tain camera view, and consequently, to avoid the neg-
ative transfer of learning.   

Therefore, this paper addresses the single-shot 
reidentification problem by transferring the similarity 
degree of appearance learnt from MOT datasets, and 
its main contributions are: i) the creation of a new 
source dataset to pre-train a person re-id model from 
MOT sequences, by designing and using a data gener-
ation tool, which has been publicly delivered1; ii) the 
implementation and evaluation of different stages of 
transfer learning, according to different values for the 
number of layers that are initialized with the pre-
trained weights, and for the number of layers that are 
fine-tuned on the target re-id dataset. This prior anal-
ysis provides experienced knowledge about the best 
configuration for transferring learning from MOT to 
re-id domain, which is applicable beyond the pre-
sented experiments. iii) Finally, the last contribution is 
the learning of a degree of appearance similarity meas-
urement applicable to both, tracking and re-id tasks 
through a unique deep network architecture. 

The pair-wise binary classification performance of 
the pre-trained model has been tested on the MOT17 
dataset. Furthermore, the effects of the different stages 
of transfer learning on the final re-id capacity have 
been evaluated over two of the most challenging re-id 
datasets: PRID20111 [23], and VIPeR [18], proving 
the effectiveness of the proposed approach.  

The rest of the paper is organized as follows: Sec-
tion 2 presents the existing related work.  The used 
learning model is introduced in Section 3 and Section 
4 describes the different conducted stages of transfer 
learning. Section 5 evaluates the learning process evo-
lution and presents the experimental results, and some 
concluding remarks are given in Section 6. 

2.  Related work 

Traditionally, re-identification problem has been 
faced through two different types of approaches: first, 
those which enhance the design of distinctive feature 



representations, like graph representations [13] and 
spatial co-occurrence representations [56]. And sec-
ond, the methods to optimally combine and quantify 
visual features, such as boosting with AdaBoost [18], 
Ranking Support Vector Machines (Rank-SVM), [46], 
Probabilistic Relative Distance Comparison (PRDC), 
[70], or Metric Learning algorithms, such as Linear 
Discriminant Analysis (LDA) [9] and Logistic Discri-
minant Metric Learning (LDML) [19].  

These mentioned methods address the learning of a 
global weighting that reflects the stability of each fea-
ture component across two cameras, so they can be 
grouped under the paradigm of Global Feature Im-
portance (GFI) methods. On contrary, in [33], a Proto-
type-Sensitive Feature Importance based method is 
proposed to adaptively weight features according to 
different clusters of population.  

On the other hand, a new approach has been re-
cently adopted. This, which has been inspired by the 
success of deep Convolutional Neural Networks 
(CNNs) in image classification [28], is based on the 
learning of Deep re-id models.   

In general, two types of CNN models are commonly 
employed in computer vision. The first type is the clas-
sification model, which is used in image classification 
[28] and object detection [14]. The second is the Sia-
mese model using image pairs [54] or triplets [51] as 
input. The first two works in re-id to use deep learning, 
[30, 65], employed a siamese neural network [3] to de-
termine if a pair of images belong to the same identity. 
Yi et al. [65] add an additional cost function in the net-
work, while Li et al. [30] use a finer body partitioning. 
Siamese Networks consist of two deep CNNs 
branches, sharing parameters and joined in the last 
layer, where the loss function performs a pairwise ver-
ification. Later, Ahmed et al. [1] improved the siamese 
model by computing the cross-input neighbourhood 
difference features, which compares the features from 
one input image to features in neighbouring locations 
of the other image. 

Another variation of the Siamese network is the one 
known as Triplet model, presented in [51], where face 
re-identification is addressed. This model has been 
widely used to automatically find salient high-level 
representations from raw images, like in the work pre-
sented in [6]. The work presented in [16] demonstrated 
how triplet model helps to alleviate the unbalance na-
ture of the re-id datasets, by allowing multiple triplet 
combinations of re-id samples. 

In the Triplet model, each training input is a set of 
three samples, two are rendering the same person and 
the third one, a different identity. Therefore, this 
model allows the comparison between a matched and 

a mismatched pair, from each triplet input, so the ob-
jective function can maximize the relative distance be-
tween them. For that reason, this has been the learning 
architecture used in this work to train VGG16 net-
works [52]. Hence, each branch of the proposed Tri-
plet model is a VGG16 net. Other triplet approaches 
that chose the VGG16 model to learnt representative 
features are the presented in [72] and [32] to solve face 
and person re-identification problems, respectively. 
This last work also adds LSTM networks, since they 
adopted a multi-shot re-id approach, in contrast to the 
single shot re-id that is presented in this work. In [50] 
a combination of LSTM and VGG networks are used 
solve people tracking.  

However, addressing the re-id problem by means of 
Deep learning involves an exceptional challenge, be-
cause of the lack of training data. Single-shot re-id da-
tasets, such as PRID2011 [23] or VIPeR [18], provide 
only two images for each identity so currently most 
CNN-based re-id methods focus on the Siamese and 
Triplet model, treating the re-id task as a pairwise bi-
nary classification.  

The requirement of a large amount of labelled data 
to learn a non-overfitted model, able to generalise the 
solution with unknown samples, severely limits its 
scalability in real applications. To overcome this lim-
itation, some works employ unlabelled data from 
video-surveillance people detection, [8, 59]. Never-
theless, without labelled matching pairs across camera 
views, existing unsupervised models are not capable 
of learning what makes a person recognisable under 
severe appearance changes. Therefore, the matching 
performance of unsupervised approaches is generally 
lower than that for supervised learning methods.  

Given the inefficiency of unsupervised methods in 
re-id and the insufficiency of labelled data to apply su-
pervised ones, transferring the models learned from a 
larger auxiliary dataset becomes necessary. The liter-
ature presents transfer learning, also called domain ad-
aptation, [44], as a widely applied tool in deep re-id 
model learning, where the target task is short of la-
belled data. The most common deep transfer learning 
strategy is fine-tuning, [66]: firstly, a base network is 
trained on a large source data, then the weights corre-
sponding to the first n layers are copied in the target 
network, and the remaining layers are randomly ini-
tialised; and secondly, fine-tuning is performed over 
these layers or over all layers.  

In theory, domain adaptation can be performed by 
any unsupervised deep learning method, such as, auto-
encoder [22] and dictionary learning [27] which can 
be integrated as the later layers of a CNN network [60]. 
The method presented in [45] transfers a pre-trained 



model to solve re-id on an unlabelled target dataset.   
In addition, soft-label self-training based deep unsu-
pervised learning has become popular recently [25]. In 
[12], a novel co-training based unsupervised domain 
adaptation method is proposed, in [34] a semi-super-
vised approach is presented, and in [5], both super-
vised and unsupervised settings are proposed to per-
form a two-stepped finetuning strategy.  

On the other hand, to keep the advantages of super-
vised models and to cope with the lack of labelled 
training data, some recent works use auxiliary source 
datasets from a different domain, taking a multi-task 
joint training approach. These methods go beyond ex-
isting re-id datasets and consider much larger sources, 
like classification datasets. An example of vast classi-
fication dataset is ImageNet dataset [7], which con-
tains millions of images of thousands of object cate-
gories. This has been shown useful as source dataset 
for model pre-training in re-id. In [12], the ImageNet 
dataset is employed in a two-stepped fine-tuning strat-
egy, to solve a re-id model. 

However, transferring knowledge from a classifica-
tion dataset to a re-id dataset has a number of draw-
backs, due to the differences in the tasks for which 
they were meant, and the dissimilarities in their input 
data. In [12], several model architecture modifications, 
and different loss functions are proposed, to combine 
the learning on two different domains. Indeed, the in-
puts of a re-id model are person detection images, 
which have very different aspect ratios and much 
lower resolutions than classification images. Conse-
quently, the architectures used to train models with 
them are quite different. That implies the modification 
and adaptation of the traditional re-id architectures to 
be able to receive the transferred knowledge from the 
classification models.  

Other methods aim to minimise the discrepancy be-
tween the marginal [10, 69] or joint [35] distributions 
of the source and target datasets, by blurring the do-
main boundary [10], with a cross-domain loss. How-
ever, this method is unsuitable when the source and 
target domains have completely different tasks, like in 
[12]. A systematic study is presented in [66] which ex-
amines how transferable features of different layers 
are between different domains. This work concludes 
that the generalisation ability decreases when the dis-
crepancy between the source and target tasks increases.  

For that reason, instead of adapting the re-id model 
network to a completely different domain dataset, in 
this work, a new auxiliary source dataset is created 
from a different domain but keeping the necessary 
characteristics to feed a re-id model. A multi-object 
tracking dataset has been chosen, concretely, the 

MOT17 dataset from the MOT challenge. As most of 
the datasets from the people tracking domain, the 
MOT17 provides the localization of the people detec-
tions and their identities at every frame of a bunch of 
video sequences.  

In that way, the resolution and aspect ratio of the 
created auxiliary dataset is quite similar to those in re-
id datasets, so we keep the advantages of using an aux-
iliary re-id dataset, but with the possibility of getting a 
larger training dataset. Moreover, a pairwise binary 
classification can be adopted in both the pre-training 
step, with the new dataset and the fine-tuning stage, 
with the re-id target dataset. Hence the same network 
is used as source and target model. 

In order to use a unique architecture, other works 
use different re-id datasets as source and target da-
tasets. The cross-dataset transfer learning has been re-
cently adopted for re-id with the aim of providing 
transferable discriminative information from other re-
id labelled data to a given target dataset. Among the 
existing cross-dataset transfer learning works, the lit-
erature presents [29], where an SVM multi-kernel 
learning transfer strategy is adopted, and [37, 58], 
where multi-task metric learning models are employed. 
In [62], a single model is learnt across multiple re-id 
datasets before the fine-tuning in each one of them.  

The size of the training data, even when it is formed 
by a combination of re-id datasets, is relatively small, 
which tend to overfit a camera-pair-specific model. In 
consequence, that model cannot be directly transferred 
to solve re-id in a target re-id dataset containing people 
who never appeared in the source datasets, which were 
captured from a new camera pair.  

Besides that, the use of existing re-id labelled da-
tasets, each captured from camera pairs with different 
viewing conditions, to pre-train a model, allows learn-
ing the view-invariant features of a person’s appear-
ance. However, the differences between the source 
and target domains, due to the drastically different 
camera viewing conditions could result in a negative 
transfer [45].  

Therefore, the negative transfer of the pre-learnt 
view-to-view transitions should be avoided. For that 
reason, contrary to the cross-dataset approach, this 
work deals with the lack of data by means of creating 
a new vast dataset from multi-object tracking se-
quences. In addition, people detections from different 
sequences are compared in the pre-training of the 
model. In that way this is fed with input data captured 
from different cameras views, avoiding the learning, 
and consequently the negative transfer of specific 
camera-to-camera transformations. 



3. Re-Identification Model 

Considering single-shot re-identification task as an 
isolated module, its objective is to identify the person 
represented by an image from one view (probe image) 
among all the images from the other view (gallery im-
ages). 

This is achieved by calculating the distances be-
tween the probe image and all the gallery images. 
Then, the gallery image presenting the smallest dis-
tance is selected as the correct match. 

The distances are not computed directly over the 
raw images but over a representative feature array. 
Therefore, it is necessary to learn an embedding F(I), 
from an image I into a feature space, such that the dis-
tances between samples corresponding to the same 
person are small and, between different people are 
larger.  

This feature embedding has been modelled by a 
deep convolutional neural network, whose architec-
ture is described in Section 3.1. To train the weights 
of this neural network, a Triplet model has been em-
ployed, as it is described in Section 3.2.  

The objective of this model is to perform person re-
identification, so re-id domain is considered as the tar-
get domain. However, learning previously acquired in 
a different domain, called source or auxiliary domain 
can be transferred to initialize the weights of the model. 

The presented learning model has been used for 
both, its pre-training on a source dataset, and its fine-
tuning on a target dataset, allowing the use of a unique 
architecture to transfer learning between two different 
data domains. 

3.1. Model architecture 

The transformation of every image into its corre-
sponding point in the feature space is performed by a 
deep convolutional neural network, DCNN. Con-
cretely, the 16-layered network presented as the D ver-
sion of a set of Very Deep Convolutional Neural net-
works in [52] and hereafter called VGG16. The selec-
tion of this architecture has been inspired by its exten-
sive use in both domains, multi-object tracking [50] 
and re-identification [32], with demonstrated good re-
sults.  In addition, this architecture fits perfectly for 
the proof of concept of the proposed approach, con-
ducted in this work, and its configuration is easily im-
plemented with Caffe libraries [26].  

VGG16 presents thirteen convolution layers and 
three fully connected (FC) layers. Moreover, this net-
work presents a SoftMax layer as the final layer, which 

has been removed in this work. Besides that, the input 
size has been modified in order to adapt it to the re-
identification training samples dimensions. Therefore, 
the input of the proposed DCNN is a person RGB im-
age of 128x64 pixels and its output is a point of the 
feature space, represented by a 1000-dimensional ar-
ray. The layers specifications for the proposed 
VGG16-based embedding are listed in Table 1. The 
dimension of the inputs and outputs of every layer are 
determined by the size of the network input, and the 
successive performed operations (convolutions and 
pooling), whose parameters were defined in [52].   In 
addition, all hidden layers are provided of the rectifi-
cation (ReLU) non-linearity, [28]. 

 

Table 1 

Structure of the used VGG16-based model. The input and output 
sizes are described in #rows x #cols x #filters; the kernel, in #rows 

x #cols x #filters, stride, and #outputs for FC layers 

Layer  Input size Output size kernel 
Conv-1-1 128 x 64 x 3 128 x 64 x 64 3 x 3 x 3 
Conv-1-2 128 x 64 x 64 128 x 64 x 64 3 x 3 x 64 
Pool-1 128 x 64 x 64 64 x 32 x 64 2 x 2 x 64, 2 
Conv-2-1 64 x 32 x 64 64 x 32 x 128 3 x 3 x 64 
Conv-2-2 64 x 32 x 128 64 x 32 x 128 3 x 3 x 128 
Pool-2 64 x 32 x 128 32 x 16 x 128 2 x 2 x 128, 

2 
Conv-3-1 32 x 16 x 128 32 x 16 x 256 3 x 3 x 128 
Conv-3-2 32 x 16 x 256 32 x 16 x 256 3 x 3 x 256 
Conv-3-3 32 x 16 x 256 32 x 16 x 256 3 x 3 x 256 
Pool-3 32 x 16 x 256 16 x 8 x 256 2 x 2 x 256, 

2 
Conv-4-1 16 x 8 x 256 16 x 8 x 512 3 x 3 x 256 
Conv-4-2 16 x 8 x 512 16 x 8 x 512 3 x 3 x 512 
Conv-4-3 16 x 8 x 512 16 x 8 x 512 3 x 3 x 512 
Pool-4 16 x 8 x 512 8 x 4 x 512 2 x 2 x 512, 

2 
Conv-5-1 8 x 4 x 512 8 x 4 x 512 3 x 3 x 512 
Conv-5-2 8 x 4 x 512 8 x 4 x 512 3 x 3 x 512 
Conv-5-3 8 x 4 x 512 8 x 4 x 512 3 x 3 x 512 
Pool-5 8 x 4 x 512 4 x 2 x 512 2 x 2 x 512 ,2 
FC-6 4 x 2 x 512 1 x 1 x 4096 4096 
FC-7 1 x 1 x 4096 1 x 1 x 4096 4096 
FC-8 1 x 1 x 4096 1 x 1 x 1000 1000 
 

3.2. Learning model 

To learn the weights of the previously described 
deep neural network, a Triplet model approach is pro-
posed since it has been demonstrated to alleviate the 
unbalanced nature of the re-id datasets, [16]. Indeed, 
the number of instances of a query identity is very lim-
ited, specifically when compared with the vast quan-
tity of potentially available different people represen-
tations.  







 

Fig. 4. Triplet samples generated from MOT17 dataset. 

 

Before training and testing over the described re-id 
datasets, the model has been pre-trained using an aux-
iliary dataset. This auxiliary dataset, also called source 
dataset, has been created by extracting people detec-
tions from the MOT17 dataset5. This dataset includes 
seven variated and labelled real-world surveillance se-
quences, meant to train and test multi-person tracking 
algorithms. The MOT17 dataset belongs to the MOT 
challenge and contains the same set of sequences as 
MOT16 [38], but with extended ground truth. 
A data generation tool6 has has been employed to ex-
tract and combine people to create the training and 
cross-validation sets of triplets. From each frame, the 
appearing people have been extracted thanks to their 
bounding boxes, which are defined in the dataset 
ground truth, as well as, their identification number. 
Subsequently, triplets have been generated from the 
extracted people images, taking as the anchor and the 
positive images pairs of samples from the same indi-
vidual. These samples have not why to be consecu-
tive in time, that means that a certain time step is al-
lowed between the frames from which they come. 
Then, for each pair, the negative sample is added to 
form a triplet. The negative sample is an image from 
a different individual and can be taken even from a 
different sequence of the MOT17 dataset, as Figure 4 
shows.  

The person images have been resized to the same 
resolution than re-id datasets samples, 64x128, in 

 
5 Publicly available under: https://motchallenge.net/ 

order to be able to use the same neural architecture to 
train with the source and the target datasets. 

4.2. Levels of transfer learning 

Fine-tuning [66] has been the adopted transfer 
learning strategy in this work. This is composed of two 
training processes: firstly, the neural model (presented 
in Section 3) is trained on the source dataset, created 
from tracking sequences. Secondly, the model is fine-
tuned over the target dataset. To do that, the pre-
trained weights corresponding to the first 𝑙𝑇  layers 
have been transfered, and the remaining weights have 
been initialized using Xavier method [15]. Then, the 
learning algorithm is conducted over the target dataset, 
so that, only the weights of the last 𝑙𝑈 layers are up-
dated thorough the second training.  

Therefore, 𝑙𝑇  is the number of pre-trained layers 
transferred to the final model and 𝑙𝑈 is the number of 
layers whose weights are trained or updated by the tar-
get dataset. Considering a model of depth L, i.e., L is 
the total number of layers of the model, it can be de-
duced that: the weights of the first L- 𝑙𝑈  layers are 
learnt using the source dataset in the first training; the 
weights of the last L-𝑙𝑇 layers are trained in the second 
training with the target dataset; and the 𝑙𝑡+𝑙𝑈-L central 
layers are pre-trained in the first training process and 
fine-tuned in the second one. These deductions are 
represented in Figure 5, where the contribution of the 

6 The data generation tool has been implemented as a set of c++ 
functions, which are publicly available under http://github.com/ma-
gomezs/dataset_factory/tree/master/data_factory_from_mot 





been explained in Section 4.1. For that, different indi-
viduals from those appearing in the training and cross-
validation sets have been used. In order to provide a 
fair evaluation, the test set has been formed by 20000 
positive pairs and the same number of negatives ones, 
presenting a completely balanced proportion of sam-
ples from each class. 

The performance of the pre-trained model to 
properly classify the pairs samples of the test set has 
been rendered by a Relative Operating Characteristic 
(ROC) curve [20], shown by Figure 6. This curve plots 
the True Positive Rate (TPR), also called Sensitivity or 
Recall, against the False Positive Rate (FPR), also 
known as fall-out rate, at various discrimination 
threshold, th, settings.  

The TPR and FPR metrics are defined by Eqs. (3) 
and (4), respectively, where TP is the number of true 
positives, TN is the number of true negatives, FP is the 
number of false positives and FN is the number of false 
negatives.  The obtained values for these metrics are 
listed in Table 3.  

 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
 (4) 

 

  

Fig. 6. ROC curve of the pre-trained model. 

The classification test proves the high capacity of 
the proposed re-id architecture to learn to discriminate 
between positive pairs of images, belonging to the 
same person, and negative ones, corresponding to dif-
ferent people.  

The distance between the features of each image of 
a pair measures the degree of dissimilarity between 
them. Therefore, the chosen threshold, th, divides the 
distance space in two ranges of values corresponding 
to each class. The objective was to learn features that 
make the distance between two images of the same 
person lower than a certain threshold, and higher for 

different people images, in order to provide a high TPR 
and low FPR. 

The results show that choosing the value 0.7 for th, 
the model keeps the TPR higher than 90% and the FPR 
lower than 10%, which are considerably good values 
for a challenging task as re-identification, even in a 
MOT sequence. In addition, these results prove the po-
tential applicability of this model not only in re-iden-
tification task but also for a visual-based association of 
identities in a tracking algorithm.  

 
Table 3 

Metrics scores resulting from the binary classification performed 
by the model pretrained on the MOT dataset, for different values of 

th. 

th TN FN TP FP TPR FPR 

0 20000 20000 0 0 0 0 

0,05 19997 14727 3 5273 0,26365 0,00015 

0,1 19990 11599 10 8401 0,42005 0,0005 

0,15 19984 9516 16 10484 0,5242 0,0008 

0,2 19970 7879 30 12121 0,60605 0,0015 

0,25 19936 6542 64 13458 0,6729 0,0032 

0,3 19878 5428 122 14572 0,7286 0,0061 

0,35 19765 4540 235 15460 0,773 0,01175 

0,4 19600 3849 400 16151 0,80755 0,02 

0,45 19441 3370 559 16630 0,8315 0,02795 

0,5 19264 2968 736 17032 0,8516 0,0368 

0,55 19030 2646 970 17354 0,8677 0,0485 

0,6 18785 2340 1215 17660 0,883 0,06075 

0,65 18499 2082 1501 17918 0,8959 0,07505 

0,7 18166 1861 1834 18139 0,90695 0,0917 

0,75 17727 1612 2273 18388 0,9194 0,11365 

0,8 17093 1387 2907 18613 0,93065 0,14535 

0,85 16344 1166 3656 18834 0,9417 0,1828 

0,9 15356 863 4644 19137 0,95685 0,2322 

0,95 13751 430 6249 19570 0,9785 0,31245 

1 0 0 20000 20000 1 1 
 

5.2. Fine-tuned model evaluation 

In the second stage of transfer learning, the weights 
of a certain number of layers of the pre-train model are 
transferred to the network and then some of its layers 
weights are fine-tuned. In this work, six different lev-
els of transfer learning (defined in Section 4.2) have 







earlier layers of the network model, are kept. These 
low-level features have been trained on a larger and 
more variate dataset, so they not overfit the re-id train-
ing data. Then, the most high-level representations, 
coded in the further layers, are fine-tuned on a re-id 
target dataset to make them more discriminative.   

Furthermore, prediction accuracy have been also 
estimated during the training process.  This metric is 
the percentage of well-classified triplets over the total, 
considering as well-classified those triplets where the 
negative pair distance is larger than the positive pair 
distance by a threshold, 𝜆 . The accuracy, 𝐴𝑐 , for a 
triplet  𝐼𝑖 = 〈𝐼𝑖

𝑎, 𝐼𝑖
𝑝

, 𝐼𝑖
𝑛〉 ,  is calculated with Eq. (5). 

Table 6 presents the final average accuracy percentage 
values measured over the test samples. This value has 
been obtained for the models learnt with levels 0 and 
3 of transfer learning, over PRID2011 and VIPeR 
dataset. The table shows the accuracy increment 
produced by the transference of learning.  

 𝐴𝑐(𝐼𝑖
 𝑡) =

{1 𝑖𝑓 ‖𝐹𝑊(𝐼𝑖
𝑎) − 𝐹𝑊(𝐼𝑖

𝑝
)‖

2
+ 𝜆 ≤ ‖𝐹𝑊(𝐼𝑖

𝑎) − 𝐹𝑊(𝐼𝑖
𝑛)‖2 

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (5) 

Table 6 

Accuracy metric values comparison. 

  Accuracy, Ac (in [%]) 
PRID2011 
dataset 

Level 0 80.34 
Level 3 85.93 

VIPeR  
dataset 

Level 0 87.84 
Level 3 92.28 

 
 
The models that have been obtained by transferring 

the MOT dataset learning clearly outperform the mod-
els directly learnt on the re-id dataset.  This result can 
be taken as proof of concept to verify that transfer 
learning can be exploited to solve the re-id data prob-
lem, which is the main objective of this work.  

Although the proposed method does not directly ad-
dress the inter-class variations and intra-class ambigu-
ities problems, it implicitly alleviates them, through 
the pretraining of the model in a larger and more vari-
ate dataset. The higher scores of CMC demonstrate 
how the proposed transference of learning from MOT 
domain makes the re-id model capable of successfully 
managing a larger number of inter-class variation 
cases and intra-class ambiguities.  

Concretely the best performance is achieved when 
all the network layers are pre-trained in the source da-
taset and fine-tunned in the target one. This is what we 
have call level 3 of transfer learning. 

For that reason, the models obtained by applying 
level 3 of transfer learning have been compared with 
other state-of-the-art methods, and their CMC scores 
are listed in Tables 7 and 8, for PRID2011 and VIPeR 
dataset, respectively. 
 

Table 7 

Re-id methods comparison on PRID2011 dataset, ‘-’ indicates no 
result was reported. 

 

 Rank, r 

 1 10 20 50 100 

Proposed method 4 20 33 58 77 

PSFI+PRDC [33] 3 16 24 39 - 

PRDC [70] 3 15 23 38 - 

PSFI+RankSVM [33] 4 13 20 32 - 

RankSVM [46] 4 13 19 32 - 

LDA [9] 4 14 21 35 48 

Euclidean [24] 3 10 14 28 45 

GFI [36] 4 10 17 32 - 

LDML [19] 2 6 11 19 32 

PSFI [33] 1 4 7 14 - 
 
 

Table 8 

Re-id methods comparison on VIPeR dataset, ‘-’ indicates no re-
sult was reported. 

 

 Rank, r 

 1 10 20 50 100 

Proposed method 11 54 69 90 96 

PSFI+PRDC [33] 16 51 66 - - 

PRDC [70] 16 51 66 - - 

PSFI+RankSVM [33] 16 51 66 - - 

RankSVM [46] 15 50 65 - - 

LDA [9] 7 25 37 61 79 

Euclidean [24] 7 24 34 55 73 

GFI [36] 9 27 34 - - 

LDML [19] 6 24 35 54 72 

PSFI [33] 10 31 43 - - 
 
 



Instead of automatically find high-level features by 
using deep learning algorithms, the compared methods 
are mainly based on the computation of hand-crafted 
low-level features and the learning of a metric distance 
to compare them.  

Linear Discriminant Analysis (LDA), [9], and Lo-
gistic Discriminant Metric Learning (LDML), [19], 
are discriminant methods. They learn a metric distance 
over a set of previously computed features, on contrary 
to the proposed approach where the whole re-id model 
is jointly trained, resulting in a notable improvement.   

 
In [33], a Prototype-Sensitive Feature Importance 

based method is proposed to adaptively weight fea-
tures according to different clusters of population. On 
contrary, [36] present a Global Feature Importance 
(GFI) approach, addressing the learning of a global 
weighting, i.e. a vector of generic weights and invari-
ant to the population. Other examples of GFI methods 
are Ranking Support Vector Machines (Rank-SVM), 
[46], and Probabilistic Relative Distance Comparison 
(PRDC), [70]. No population discrimination has been 
made in this work, and the general weighting of the 
features to create a global person descriptor have been 
implicitly and automatically performed by the pro-
posed deep neural model learning. This proposed ap-
proach outperforms the previously cited methods and 
even the combination of some of them (PSFI+PRCD 
and PSFI+RankSVM).  

In [24], the Euclidean distance is directly applied to 
compare two person representations. This paper also 
proposes to use the Euclidean distance, with the differ-
ence that the compared descriptors have been learnt by 
a deep re-id neural model, which produces a remarka-
ble improvement in the performance.  

In general, the proposed re-id model presents better 
results than the other compared methods, which do not 
use deep learning models. Therefore, this paper proves 
that, as long as the lack of re-id data is faced by a 
proper strategy like transfer learning, a deep learning 
approach is applicable to solve the challenging task of 
single-shot re-id.    

6. Conclusions 

The main goal of this paper was to solve a problem 
derived from the lack of data when addressing the sin-
gle-shot re-identification task through the learning of 
a deep triplet neural network. With that objective, this 
paper proposes the transference of learning from the 

Multi-Object Tracking (MOT) domain to the Re-Iden-
tification (re-id) one.  

In order to avoid the overfitting of the proposed 
neural model, a huge amount of triplet samples have 
been generated from a set of MOT sequences. There-
fore, the MOT domain has been adapted to feed a re-
id neural model, and not the other way around.  

Different levels of transfer learning have been de-
signed and analysed, and the results have proved that 
the transfer of learning from a larger and different do-
main dataset provides a remarkable improvement in 
the re-identification performance of the proposed deep 
model. 

The method has been evaluated over two of the 
most challenging and commonly used re-id datasets: 
PRID20111 [23], and VIPeR [18], proving the effec-
tiveness of the proposed approach, which outperforms 
some of the most used metric learning methods.   

Besides proving the potential application of deep 
and transfer learning to solve single-shot re-identifica-
tion, this paper proposed a generalized solution to 
learn a degree of appearance similarity metric. The 
conducted evaluation presents this metric as a poten-
tial tool for comparing people images not only in the 
context of re-identification but also in people tracking 
applications. In people tracking, an identity associa-
tion process based on visual appearance can be pro-
vided by our degree of appearance similarity measure-
ment. This measurement is the result of comparing two 
images with our modelled deep features, and it can be 
used as the cost of matching a certain detection with 
previous captures of a certain tracked identity.  
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