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Abstract— The visual data, which are acquired from the
ubiquitous visual sensors deployed in metropolitans, are of great
value and paramount significance to enhance the effectiveness
and pursue the future development of smart cities. In this paper,
the essential building blocks of the unified visual data manage-
ment and analysis infrastructure that serve as the foundation for
the economical visual system in the city brain, are introduced
to facilitate the utilization of the visual signal in the artificial
intelligence era. In particular, we start by the discussion of
the front-end smart visual sensing in the context of economical
communication and service with the heterogeneous network, and
the functionalities and necessities of compact visual feature and
deep learning model representations are detailed. Subsequently,
the utilities of the infrastructure are demonstrated through two
intelligent applications at the back-end, including vehicle re-
identification and person re-identification. The standardizations
regarding compact feature and deep neural network representa-
tions, which are regarded as the key ingredients in this infrastruc-
ture and greatly facilitate the construction of the visual system
in the city brain, are also discussed. Finally, we envision how the
potential issues regarding the economical visual communications
for future smart cities might be pragmatically approached within
this unified infrastructure.
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I. INTRODUCTION

RECENT years have witnessed the dramatically increased
demand for the utilization of the visual data acquired in

the ambient environments to facilitate the construction of the
smart city, including city security, management and planning.
The acquisition, managing and analysis of the video big data
essentially constitute the digital retina of the smart city and
revolutionize the city brain [1], [2]. The recently developed
artificial intelligence technologies based on deep learning have
greatly advanced the image/video analytics services from the
fundamental scientific and technical perspectives. To fully cap-
italize on these advances in such an environment of extreme
growth data and constrained resources such as bandwidths,
there is a considerable concern regarding how the economical
visual data management and efficient analysis can be reached.
In particular, surveillance videos in smart city have already
become the biggest big data [3], [4], such that aggregating
and processing large-scale surveillance video stream data in
real-time are very challenging tasks. Millions of surveillance
cameras are deployed in urban areas form large scale camera
networks, and without the efficient management and utilization
of the visual data, it is impossible to monitor the current
dynamics and optimize the resource allocation in the long run.

The traditional cloud computing paradigm requires the
video data captured at the front-end entirely compressed
and transmitted to the back-end for further processing and
analyses. In practice, however, assembling and transmitting
thousands-of-thousands video streams simultaneously for real-
time analyses are unaffordable, such that the gap between the
large scale visual data and constrained resources becomes the
bottleneck. Therefore, prevailing attitudes are shifted towards
advanced economical techniques for the better utilization of
the big visual data in the artificial intelligence (AI) age.
In particular, the developments of AI hardware architecture
have made the intelligent processing equipped at the front-
end more promising and realistic. The essential difference
between the surveillance video and traditional broadcasting
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video is that ultimate receivers of most surveillance videos are
machines instead of humans, and this has made the compact
representation of visual data with smart sensing at the front-
end feasible and practical.

The purpose of this article is to investigate the economical
visual data management in smart city applications based
on the infrastructure of front-end smart visual sensing and
back-end intelligence. We start by brief discussions of the
necessities of such infrastructure, followed by the descriptions
on compact features and deep model representation, which
constitute the essential building blocks and achieve efficient
visual information extraction with feasible model adaptation at
the intelligent front-end. The applications of this infrastructure
are demonstrated in two main scenarios, i.e., vehicle and per-
son re-identification. To enable the interoperability, the stan-
dardization of compact feature representation and deep feature
representation are further discussed, where we perceive both
great promises and major challenges. Finally, we will provide
a vision on the unresolved problems left for future studies.

The contributions of this paper are summarized as follows,
• We investigate the infrastructure with front-end smart

sensing and back-end analyses, introduce the essential
building blocks and analyze the functionalities to facili-
tate the economical utilization of the visual data for smart
city applications.

• We provide an overview of the roles of the standards
in smart city applications, including compact feature
representation and deep neural network compression. The
new challenges arising from the standardization process
in real-application scenarios are also perceived.

• We clarify the future issues confronted and how they
might be pragmatically addressed, in an attempt to stimu-
late fruitful thoughts regarding economical data manage-
ment and communication in smart cities.

The remainder of this paper is organized as following.
The unified structure and application system are presented
in Section II. Section III details the front-end visual sensing
for economical visual information communication, and the
applications of back-end intelligent analyses are introduced
in Section IV. Section V discusses the standardizations for
economical communication. Section VI envisions the future
trend and Section VII concludes the paper.

II. THE UNIFIED VISUAL DATA MANAGEMENT

AND ANALYSIS INFRASTRUCTURE

In this section, we will describe the unified visual data
management and analysis infrastructure, including the moti-
vations, advantages, as well as methodologies. Moreover,
the application of this infrastructure in real world scenarios
is demonstrated, further providing evidence for economical
visual information management in smart cities.

A. The Unified Infrastructure With Front-End Smart Sensing
and Back-End Analysis

To begin with, we analyze the design philosophy behind
the unified visual data management and analysis infrastructure
from multiple perspectives. First, the recent developments of

TABLE I

THE COST COMPARISON BETWEEN TRANSMITTING COMPACT FEATURES
AND VISUAL SIGNALS IN A REAL SURVEILLANCE

SYSTEM (E.G., 100,000 CAMERAS)

deep learning have greatly facilitated the automatic visual
analysis, such that for many smart city applications the ulti-
mate receiver of the visual signal is the machine instead of
the human visual system. Second, equipping the smart sensing
capabilities such as feature extraction at the front-end camera
is feasible, and recently numerous methods emerge aiming
to reduce the computational cost for deep learning based
feature extraction at the front-end. Third, the feature data
are generally much more compact than the texture data, such
that transmitting feature is undoubtedly economical. Fourth,
the texture decoding given aggregated bit streams and the
subsequent feature extraction at the back-end impose high
computational cost, which also necessitates the shift of the
computations to the front-ends. In Table I, we present an
example of transmission cost comparison between compact
feature and visual signals in a real surveillance system. These
motivations have significantly raised expectations regarding
the efficient delivery of the visual data.

The unified video data management infrastructure is shown
in Fig. 1, from which it is obvious that the data transmitted
in the network linking the front-end and back-end could be
compact representations of features and deep learning models.
This is a distinguished feature of this infrastructure as the tra-
ditional information transmitted could be the texture bitstream.
More specifically, at the front-end, the features are extracted
and compactly represented, and further transmitted upstream
to the back-end for visual analysis. The scalability which
is naturally supported in handcrafted feature representation
greatly facilitates the economical utilization of the visual
data. For example, there are six operating points from 512B
to 16KB in CDVS [5], which provide flexible rate control
to deal with the variant scenarios with different bandwidth
limitations or fluctuations. Moreover, this infrastructure also
supports the downstream updating of the deep learning model
at the front-end, based on compact deep learning model
representation in the scenario of model communication. At the
back-end, many novel visual analysis applications can be
supported given the received features, including detection,
recognition, tracking and search. In [6], Choi and Bajic pro-
posed a collaborative detection method, which uses the smart
front-end devices to extract shallow features, then transmits
these features to the back-end where a deeper network receives
these features to obtain final detection results. This unified
infrastructure is expected to facilitate efficient visual data
management by largely reducing the redundancies within the
visual signal, which has also been proved to be efficient and
useful in many applications [7].

Generally speaking, both the handcrafted features and deep
learning features can be represented in a compact way, as they
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Fig. 1. Illustration of the unified front-end visual sensing and back-end intelligent analysis. Both feature and deep neural network are required to be frequently
transmitted in this infrastructure. The front-end edge devices extract features for preliminary analysis and the encoded standardized feature bitstreams are
transmitted to the back-end for further analysis. The standard bitstreams are the bistreams encoded in a unified bistream syntax. On the other hand, the deep
learning models are trained in the back-end and transmitted to the front-end, and frequent updating may occur at the front-end.

summarize the characteristics of the visual content at the
semantic level instead of the visual signal. From the com-
pression point of view, this can be regarded as a different type
of redundancy reduction in terms of modality transfer from the
raw visual signal space to compact feature space. Moreover,
the discrimination capability can be well maintained by com-
pactly representing the visual feature, and the scalability of the
feature representation also enables the adaptation of network
bandwidth fluctuations towards friendly network transmission.
In [5], the CDVS standard supports 6 different rate control
for feature compression, which can better adapt to the net-
work transmission, especially in wireless or mobile networks.
With these amazing characteristics, the economical visual
data management in the smart city scenario can be fullfilled.
For handcrafted descriptor, the (CDVS) was standardized by
MPEG for mobile visual search. Recently, towards the big
video data, MPEG is working on the compact descriptor for
video analysis (CDVA) standard, in which both the handcrafted
and deep learning features are adopted.

To fully support the smart sensing capabilities at the front-
end, recent methods seek to achieve the light-weight feature
extraction with deep neural networks based on parameters
pruning [8]–[10], matrix factorization [11]–[14], filter selec-
tion [15]–[20], quantization [21]–[24], distilling [25], [26], etc.
In addition to these techniques for compact deep neural net-
work representation, the deep learning model communication
should be particularly supported with enhanced technologies in
this scenario [27]. To this end, the redundancy among multiple
deep learning models sequentially transmitted is exploited,
such that the dynamic and economical updating of the deep
neural network is enabled to incrementally improve the visual
analysis performance at the back-end.

At the back-end, the visual features of existing images/
videos are indexed to support the visual analysis and retrieval
applications. Here, we demonstrate the framework based on
vehicle and person re-identifications, which are two typical
applications in smart cities. In general, the received features

from the front-end are compared against the features at the
back-end. Moreover, the dataset at the back-end can also be
dynamically enlarged and updated, which also facilitate the
model updating by distributing the re-trained models to front-
end devices to improve the quality of the features.

B. Applications in Smart City

While the field of large-scale video management [28], [29]
with front-end smart visual sensing and back-end intelligent
analysis is still quickly evolving, it is interesting to discuss
how these technologies could be made use of in real-world
applications. A straightforward application is city security,
which is of paramount importance to the smart city. Here we
take the smart city blueprint in China as an example. It is
envisioned that by 2020, the video surveillance infrastructure
targeting at global coverage, network-wide sharing, full-time
availability, and full controllable become mature and well-
established. From 2016, the governments have increased their
investments and striven to build safe and smart cities, which
led to a large number of cameras equipped in various cities
across the country and gave birth to a large amount of video
data.

The efficiency and effectiveness requirements of security
applications make smart security an absolute demand. The
traditional strategy based on human viewing brings high
cost of manpower and resources, and is certainly inefficient.
In addition, the video data stored in each HD camera every
month has reached the PB level, and it is difficult to perform
simple playing back and retrieval. Thus, new challenges arise
in both academic and industry realms, and intelligent security
has become the sole way to address above problems.

One major purpose of intelligent security is to transform
the unstructured visual data into structured feature repre-
sentation that can be understood by computer vision algo-
rithms. As such, the “mass video data” can be converted
into “intelligent knowledge”, and the traditional require-
ment of “seeing clearly” is upgraded to “well understood”.
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The unified infrastructure with front-end visual sensing and
back-end intelligent analysis well supports such requirements,
and with the breakthroughs of artificial intelligence technol-
ogy, the desired visual target (pedestrian, vehicle, etc.) can be
quickly and accurately identified in an economical way in the
large quantity video data.

There is also an abundant menu regarding the real-world
applications based on the front-end visual sensing and back-
end analysis infrastructure, including the following,

• Together with the industrial partners, in the big data
platform of Huangdao District, Qingdao, we have realized
the application of pedestrian and vehicle re-identification
with hundreds of video streams, to provide the warning
services as well as the post investigations, which have
greatly improved the efficiency of police services.

• The large-scale video management system in Guangdong
Province China is established with the functionalities
of cross-region video analysis, management and mining,
facilitating real-time search and accurate identification
based on the dataset of billion-level target objects.

• We established the real-time analysis system in a certain
community, and the visual data generated by the public
cameras are converged to the cloud for real-time analysis.
Within less than one month after launching, the system
successfully identifies a theft by a quick target search.

III. FRONT-END VISUAL SENSING BASED ON

COMPACT FEATURE REPRESENTATION

As described in Section II, the compact feature representa-
tion plays an important role in the front-end visual sensing.
In principle, there is a vast and increasing proliferation of sur-
veillance videos acquired, and correspondingly the extracted
features are continuously transmitted as “feature stream” over
networks. The feature compression aims to eliminate the
redundancy for compact visual information representation and
meanwhile maintain the discriminative capability. From the
perspective of economizing the visual system of the city brain,
the intelligence analysis, which is elegantly shifted from the
back-end to the front-end, is able to significantly alleviate the
computational cost on the server side. The smart front-end can
perform preliminary feature extraction for the video content,
then these features are transmitted to the back-end for further
analysis. In the traditional visual system, the front-end only
transmits the raw visual signals to the back-end, such that the
workload of feature extraction and analysis are both completed
at the back-end.

The upstream feature streams, which convey the visual
information required for analysis, are more transmission
friendly, enabling the massive video data handled simultane-
ously in a city scale. In principle, such paradigm can better
support an economical visual data management system in
which the compact features and deep learning models are able
to communicate in an ecological closed loop. Towards visual
search and video analysis in various application scenarios,
we have intensively explored compact feature representation
from both the handcrafted and deep learning feature. Fur-
thermore, the techniques in MPEG regarding compact feature

representation such as CDVS and CDVA standards are also
discussed.

A. Handcrafted and Deep Features

The early visual analysis mainly relies on handcrafted
features such as SIFT [30], SURF [31], ORB [32], which
all own invariance properties in terms of scale and rotation
to some extent. In essense, these features can be combined
with vocabulary trees to achieve image retrieval task, which
is meaningful to the surveillance data analysis. In the appli-
cation of large scale retrieval, based on these traditional local
features, the aggregated features such as the VLAD [33] and
Fisher Vector [34] are proposed to improve the discriminative
capability and achieve compact feature representation.

Recently, the CNN based features have also been widely
used due to the powerful semantic information in representa-
tion. As a preliminary study, in [35], Babenko et al. proposed
to use the output of fully connected layers of CNNs to
generate feature representation, which outperformed canonical
handcrafted feature such as SIFT [36]. In [37], Azizpour et al.
proposed to use the max pooling of the intermediate output
of CNNs (e.g., the last pooling layer, named pool5) which
can generate more effective representations for image retrieval.
More recently, Tolias et al. [38] proposed Regional Maximum
Activation of Convolutions (RMAC), which performs region-
wise max pooling over a set of multi-scale regions in feature
maps to generate final feature representation. In the context
of front-end smart visual sensing, the deep models can be
upgraded in the cloud and deployed downstream to the front-
end, which is to support the progressive update of state-of-
the-art CNN based feature extractors.

B. Compact Feature Representation

The compact feature representation is also a major con-
cern in standardization working groups, such as the com-
pleted CDVS standard in MPEG which targets for visual
search. In CDVS, both handcrafted local and global descrip-
tors are standardized with scalable descriptor lengths (from
512B to 16KB). In particular, the local descriptors convey
the invariant characteristics of local patches, and the global
descriptors represent the aggregated statistics of the whole
image. The handcrafted feature achieved great success in
CDVS standard [5], and the exploration of deep learning
features has posed open issues in the ongoing CDVA standard.
The emerging video analysis standard CDVA which achieves
state-of-the-art video analysis performances with compact
descriptors, adopts both handcrafted features and deep learn-
ing features in an integrated framework. For deep learning
features, the adopted NIP descriptors are generated via three
stage nested pooling operations from the intermediate outputs
in a VGG16 network.

Compact feature representation is of great significance to
the economical feature communication, which substantially
reduces the size of raw features, such that thousands upon
thousands of bitstreams can be assembled and transmitted
simultaneously for efficient analysis, especially in real-time
smart city application scenarios. For example, for the MPEG
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Fig. 2. Illustration of the person ReID system, which contains 4 distinct stages. The person targets are first detected from input video streams, then the
corresponding feature representation is extracted from deep networks. After receiving the features, the matching operation is performed with the reference
features in the database to generate the final rank list.

CDVS standard, the compression ratio between the raw fea-
tures and compact feature representations can achieve up
to 25. The MPEG CDVA standard, which inherits the hand-
crafted features of CDVS [5], provides the promising basis
for intelligent video applications. The proliferation of such
economical services has greatly pushed forward the horizon of
the compression paradigm. Moreover, scalability is naturally
supported in feature representation, as a subset of features can
also capture the image characteristics. For example, in MPEG
CDVS standard, six operating points (from 512B to 16KB)
are provided. In CDVA, there are also three operating points
(16KB, 64KB and 256KB) defined [7]. As such, efficient
and economical feature communication between the front-end
and back-end can be naturally supported even when there
are fluctuations in network dynamics. Furthermore, the recent
research [39] also explored to compress the video deep fea-
tures from the aspect of inter-frame deep feature prediction.

In addition, from the perspective of minimizing the over-
all energy and/or latency of the system, the widely use of
deep learning features motivates some methods [6], [40] to
explore the collaborative paradigm for efficient deployment of
deep neural networks across the mobile cloud infrastructure,
which divides the network between the mobile and the cloud
to distribute the computational workload such that a more
scalable solution for front-end smart sensing can be expected.
In [40], an effective near-lossless deep feature compressor was
proposed. In [6], the impacts of both near-lossless and lossy
compression of feature data are also investigated. With the
collaborative strategy, the transmission cost can be reduced
by 70% without performance drop.

IV. BACK-END INTELLIGENT ANALYSIS

The back-end server is responsible for training deep mod-
els for delivering and performing analyses on the received
features. In this section, we first briefly introduce the role
of back-end in the paradigm for model training, deploying
and updating. Based on such paradigm, we then introduce
the two representative visual analysis tasks, i.e., vehicle and

person ReID, which is to search the target vehicle or person
images from a large-scale dataset with a given query vehi-
cle or person image (please refer to Fig. 2). In particular,
our works as well as the state-of-the-art methods on ReID
will be presented and analyzed. Subsequently, we discuss
the significance of these two tasks and challenges in the
application of smart city. Finally, based on the promising
performance improvements from the progressively developed
deep models, the economical towards model deployment and
updating are discussed and evaluated along with the deep
learning model compression approaches by exploiting inter
model redundancy.

A. Back-End Model Training, Deploying and Updating

The deep learning feature is data-driven, implying that
the discriminative capability of features can be incrementally
improved with more available training data and better model
structure. In particular, the visual analysis tasks of ReID
have drawn numerous attentions towards efficiently utilizing
different versions or different types of deep neural networks.
The widely used deep models derives a new problem, i.e., how
to efficiently deploy and update the deep learning models from
the back-end server to the front-end devices.

Considering the limited computation and storage capability
in the front-end, the back-end is expected to deliver the
light-weight deep models with high performance. In such
scenarios, the deep network compression is also a crucial
technique for producing compact deep models. Moreover,
in such paradigm, the model updating may dominate the form
of model transmission, since the new models will be deployed
to replace the previous models in front-end from time to time.
The average updating interval varies from several days to
several months, and also depends on the specific tasks on
the front-end devices. When the better models are achieved
by the improved optimization methods or more available data
on the back-end side, the previous models will be updated
on the front-end devices. In the updating procedure, both the
inter-model prediction as well as the model reusing should
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be paid attention to, in an effort to reduce the redundancy in
the model transmission. Correspondingly, towards the model
training, deploying and updating paradigm on vehicle and
person ReIDs, we will specifically discuss the two application
scenarios, performance as well as the insights on economical
for model deployment and updating.

B. Vehicle Re-Identification

Recently, vehicle ReID [3], [41] are highly concerned
in surveillance videos for the public security. Several
methods [42], [43] attempt to search vehicles with the vehicle
attributes such as color, vehicle models and spatial-temporal
characteristics. Not only the visual appearance characteristics,
but also the spatial-temporal information of vehicle tracks on
the camera networks were used by Liu et al. [42] to design a
coarse-to-fine search strategy for vehicle ReID. Shen et al. [44]
also used a two-stage framework that incorporates complex
spatial-temporal information for effectively regularizing the
ReID results. To derive robust feature representation, promis-
ing research efforts have been devoted to deep metric learning.
Significant progress has been made as reviewed below, which
shows the necessity of updating deep models in the proposed
infrastructure of front-end sensing and back-end intelligent
analysis.

Recent methods [45]–[47] tend to utilize deep metric net-
works (i.e., siamese or triplet network) to learn an embedding
space where “the samples of the same vehicle ID are closer
than those of the different”. The vehicle images are mapped
into such feature embedding space by the deep networks, and
the feature distance between the vehicle samples can well
represent their visual similarities. Liu et al. [45] introduced
a coupled cluster loss to simultaneously use vehicle model
and ID information to optimize a deep embedding model.
Bai et al. [3] proposed a group sensitive triplet embedding
model, which focuses on alleviating negative impacts of intra-
class variances by incorporating group-wise variances into a
structured triplet embedding model.

In particular, there are some more efforts aiming to further
improve the ReID performance, such as mining hard examples
for more efficient training [48] and strengthening the cross-
view feature representation [49], [50]. Undoubtedly, the deep
learning models have been improved in a variety of ways,
which is expected to generate robust feature representation.
Yuan et al. [48] proposed a hard-aware cascaded embedding
method that ensembles a series of models via a cascaded way
to select hard examples from the training set for efficient train-
ing. Zhou and Shao [49] focused on multi-view feature repre-
sentation, and proposed a viewpoint-aware attention model to
select core regions at different viewpoints for more discrim-
inative feature representation. Analogously, Zhou et al. [50]
proposed a long short-term memory (LSTM) network to model
appearance transformations across different views of vehicles
for generating cross-view feature representation.

C. Person Re-Identification

Compared with vehicle ReID, the challenge in person ReID
is that the person targets are of small scale and have more

pose variations. The current works regarding person ReID
can be divided into two branches: learning a discriminative
feature representation and learning a discriminative embedding
space. Cheng et al. [51] proposed a multi-channel parts fusion
strategy as well as an improved triplet loss to learn the
discriminative feature representation. Su et al. [52] proposed
a semi-supervised attribute learning scheme to learn binary
attribute features. In [53], Zheng et al. used both identification
and verification model to learn the feature representation.
In [54], Su et al. used a pose-driven feature representation
scheme where a sub-network first estimates a pose map which
is then used to crop the localized body parts. The local and
global person representations are then fused. Although great
research efforts have been made, the person ReID performance
gap in real surveillance scenarios is still challenging the deep
feature representation learning.

Likewise, the feature embedding has been widely adopted
to learn the discriminative distance metrics for person images.
Yi et al. [55] proposed a siamese network for optimizing the
feature distances between person image pairs, and several part
regions are divided and trained separately. Ahmed et al. [56]
designed a novel layer to capture local relationships between
the image pair. In [57], Zhang et al. proposed a local deep
descriptor alignment strategy to promote better similarity
matching between global descriptors. In [58], a compara-
tive attention network was designed to adaptively compute
image similarity. To further advance the embedding learning,
chen et al. [59] extended the pairwise similarity criterion to
the quadruplet.

Moreover, in a broader sense, the domain adaption is also
the recent research focus to further facilitate person ReID.
Since the domain gap will reduce the generalization capability
of ReID methods, the aim of domain adaption is to minimize
the distribution gap between the source and target domains.
Wei et al. [4] proposed a PT-GAN to bridge the domain gap
by transferring person images from source domain to target
domain and meanwhile it maintains the foreground of person
images unchanged during transferring. Deng et al. [60] used
Cycle-GAN to reduce domain bias via an extra similarity
constraint to change styles during person image transferring.

D. Our Methods and Discussions

In this subsection, we present our effective model training
for ReID tasks in the proposed infrastructure of front-end
sensing and back-end intelligent analysis, including adversarial
learning based EmbeddingGAN and group sensitive triplet
embedding (GSTE). We then present the performance com-
parison with the state-of-the-art methods on benchmarks and
discuss the open issues in the current ReID fields.

1) Embedding Adversarial Learning: Embedding learning
has been widely used in ReID, within which the feature dis-
tances between the vehicles are optimized for discrimination.
In the learning stage, selecting hard negatives for efficient
training can promote the model discriminative capability. Here,
we proposed an embedding adversarial learning scheme to
actively generate more hard negatives to further facilitate
embedding learning. Accordingly, the resulting strengthened
model can be updated to the front-end.
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The triplet network [61] is used for embedding learning. Let
< x, xp, xn > denote a triplet unit, where x is an anchor sam-
ple, xp is a positive sample with the same ID as x, while xn is
a negative sample with different IDs. The triplet constraints
can be formulated as d(x, xp) + α ≤ d(x, xn), where α is
the minimum margin between the positive and negative. The
triplet unit that breaks the margin constraint is regarded as a
hard triplet unit, and the xn is a hard negative for x. We design
a novel adversarial scheme on feature distance for generating
hard negatives. For the generator, the generated samples are
constrained to be located at a specific close region to input x,
which can be formulated as follows:

β1 ≤ d(D(x), D(G(x))) ≤ d(D(xn), D(G(x))) − β2,

(1)

where the β1 and β2 specify the desired regions. D and G is
the discriminator and generator in GAN. Therefore, the loss
for the generator can be formulated as:

LG_emb = Ex[max{β1 − d(D(x), D(G(x))), 0}]
+ Ex[max{d(D(x), D(G(x)))
− d(D(xn), D(G(x))) + β2, 0}]. (2)

Correspondingly, the discriminator tries to push the G(x)
away from x to enlarge their feature distances. Hence, the loss
for the discriminator can be represented as:

LD_emb = Ex[max{d(D(x), D(xp)) + α

− d(D(x), D(G(x))), 0}]. (3)

The generated hard negatives and real negatives are alter-
natively selected for optimization. The entire model can be
trained end-to-end via adversarial learning. As the training
continues, the generated hard negative would be more difficult
to differentiate in terms of visual appearance and feature
distance, and accordingly the discriminator becomes more
discriminative. In other words, the adversarial learning has
provided an effective approach to augment the discrimina-
tive power of feature representation, which brings about the
availability of updated models. In our implementation, we set
α = 0.3 in optimizing embedding discriminator. According to
the statistics of feature distribution in the embedding space,
the β1 and β2 is set to 0.6 and 0.3, respectively.

2) Group Sensitive Triplet Embedding: The captured vehi-
cle/person images from different cameras present large vari-
ances in visual appearance, also known as the intra-class
variance such as viewpoints, poses, illuminations. To alleviate
such issue for feature learning, we further employ a novel
group sensitive triplet embedding (GSTE) method. With an
introduced intermediate structure “group” between samples
IDs, GSTE tends to build a sort of “similar attribute, closer
distance” distribution in the embedding space.

Denote Sp and Sn as the set of samples of a given ID p and
a set of different IDs, respectively. The samples of each ID are
divided into G groups, and distinct groups represent intra-class
variance. Denote Sp,g (g ∈ {1, 2, . . . , G}) as a set of instances
in group g for the sample p. The objective is to minimize the
distances of samples of the same group and meanwhile push

Fig. 3. The CMC curve of different methods on VehicleID and VeRI dataset.

the samples away from the different IDs, which can be denoted
as:

min
M

G∑

g=1

∑

xi,xj∈Sp,g

‖xi − xj‖2
M

s.t.
∑

xi∈Sp,xn∈Sn

‖xi − xn‖2
M ≥ α, M � 0, (4)

where M is a metric matrix computed by the deep network,
and α is the minimum margin gap between the samples of
different IDs.

We design an intra-class variance structure in embedding
optimization. Given ID p, denote ap as an anchor in the set Sp

and ap,g as a group anchor in Sp,g. The intra-class within
group structure can be imposed as follows:

‖f(ap,g) − f(xp
g)‖2 + β ≤ ‖f(ap,g) − f(xp

i )‖2, xp
g ∈ Sp,g

(5)

where β is the minimum margin between different groups of
the same IDs, xp

g ∈ Sp,g and xp
i /∈ Sp,g. This can be explained

as a stronger distance constraint for samples with a similar
attribute of the same ID.

The inter-class relationship is also modeled by the con-
ventional triplet loss. The joint supervision from inter-class
and intra-class will build a group sensitive structure in fea-
ture embedding. Thus both the inter-class and intra-class
constraints are incorporated in the embedding learning, and
the relationship among multiple groups is also characterized.
We set α = 0.3, which is a widely used setting in the deep
embedding learning. Compared to the α constraint between the
inter-class relationships, the extra constraint β is a loose con-
straint to make the samples of one ID with the same attribute to
be closer in intra-class feature distribution. Therefore, we set
β = 0.1 in our implementation.

3) Results Comparisons and Discussions: In this subsec-
tion, we first briefly introduce the experiments setup, then ana-
lyze the comparison results with the state-of-the-art methods.
The significance and practical issues of the ReID techniques
in the smart visual system are also discussed.

Vehicle ReID experiments were performed on
VechileID [45] and VeRI [42] datasets. The VehicleID
dataset consists of 22,1763 images of 26,267 vehicles
(13,134 for training and 13,133 for testing). The VeRI [42]
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TABLE II

PERFORMANCE COMPARISONS OF VEHICLE RE-IDENTIFICATION
METHODS ON VEHICLEID (VEID) [45] AND VERI-776

(VERI) [42] BENCHMARKS. THE PERFORMANCE

IS EVALUATED BY THE MAP

TABLE III

PERFORMANCE COMPARISONS OF PERSON RE-IDENTIFICATION METHODS
ON MARKET1501 AND DUKEMTMC DATASETS. THE PERFORMANCE

ARE EVALUATED WITH TOP1 PRECISION AND MAP

dataset consists of 49,357 of 776 vehicles (576 for training and
200 for testing). The evaluation metrics are the widely used
mean Average Precision (mAP) and Cumulative Matching
Curve (CMC). Person ReID experiments were performed
on Market1501 [64] and DukeMTMC [75] datasets. The
Market1501 dataset contains 32,668 images of 1501 person
(751 for train and 750 for test). The DukeMTMC dataset
contains 36,411 images of 1404 person (751 for training
and 750 for testing). The evaluation metrics are the widely
adopted mAP and Top 1 Precision Rate (R1).

We report the comparison results of vehicle and person
ReID in Tables II and III, respectively. Moreover, the run-
time complexity FLOPs (Floating Point Operations) of listed
methods are also presented for comprehensive evaluation. For
vehicle ReID, our proposed EmbeddingGAN achieves the best
results over VehicleID [45] and VeRI [42] benchmarks. The
method HDC [48] has a similar motivation with our approach,
which uses hard aware cascade scheme to select hard examples

for better training. The performance comparisons with [48]
demonstrates the superiority of the active hard negative gen-
eration scheme in the embedding space. It is worth noting
that the network structure we used in EmbeddingGAN is
VGG_CNN_M_1024 which is a smaller and more shallow
network compared to the Googlenet used in [48]. In [49],
a viewpoint aware multi-view inference (VAMI) scheme also
involves generative adversarial network, which attempts to
facilitate ReID from the perspective of cross-view vehicle gen-
eration to alleviate the negative impacts of viewpoint variation
on feature representations. The vehicle ReID performance is
incrementally improved on the benchmarks. However, in prac-
tical applications, more complex scenarios may impose critical
challenges, and one important aspect is that the vehicle images
captured from the low illumination, poor quality and small
scale are not fully considered in the current benchmarks and
methods. The vehicle ReID by means of 3D information
and the skeleton of vehicles are also worth to be studied.
In one word, the continuously updated models for better ReID
performance can be expected, which is aligned with the design
principle of this infrastructure of front-end sensing and back-
end intelligent analysis.

As for the person ReID, our proposed GSTE method also
achieves the competitive performance compared with the state-
of-the art methods on Market1501 [64] and DukeMTMC [75]
datasets. The recent trends on person feature representation
are more on the attention scheme and part based scheme. The
state-of-the-art approach DuATM [74] used the dual attention
matching network to learn context-aware feature sequences
and performed attentive sequence comparisons simultaneously.
The AACN [73] also utilized pose-guided part attention and
attention-aware feature composition to strengthen the feature
representation under the pose variances of body parts and the
part occlusion. However, the scale of the current person ReID
benchmarks is still limited. For example, the widely used
benchmark Market1501 only contains 1501 persons and the
DukeMTMC contains 1404 persons.

In summary, the back-end analysis techniques are extremely
crucial in surveillance systems, especially with the explosive
growth on the data scale. As can be observed from both
Table II and Table III, the features tend to be more compact
and more discriminative. Moreover, the recent work [79], [80]
on hashing aimed to compress the feature into the binary form
further promotes the compactness of the discriminative fea-
tures. The recent attempts [81], [82] used deep network within
an end-to-end optimization framework to generate binary fea-
ture representation. The compactness is of great significance
for economizing the smart visual sensing system in this unified
infrastructure. To deploy the ReID techniques to the practical
applications, there remains open issues. One is the feature
extraction complexity in the front-end, as the multiple targets
appearing in the captured images may also require the light
weight deep models to generate feature representation with
low computational cost. Moreover, the ReID models should be
able to achieve scalable feature representations and meanwhile
the interoperability is expected in the practical application
scenarios. To resolve the interoperability, the standardization
will be involved, which will be introduced in Section V.
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Fig. 4. Illustration of progressive model updating via DoM.

E. Economics for Model Deployment and Updating

In this unified infrastructure, the dynamically acquired and
sampled data can also be continuously converged to the central
server for augmenting the training samples in model learning.
The progressively enhanced deep learning models at the back-
end further promote the smart visual sensing at the front-end,
such as the mentioned ReID system with necessary model
updating. For this purpose, the trained models are required to
be sequentially distributed to the front-end, enabling stronger
capabilities in feature extraction and representation. This
demands efficient deep learning model transmission, which
has been largely ignored in the existing literature. In view of
this, in [27], we studied the sequential deep learning model
transmission and attempt to remove the inter redundancy
among multiple deep neural networks, as illustrated in Fig. 4.

Formally speaking, given the to-be-compressed model G
with L layers, assuming the corresponding weights are rep-
resented with Wl (can be empty in the layer without weights
such as ReLU), the classical deep learning model compression
such as Han et al.’s approach [8] can be represented with the
following formulation.

W ′
i = C(W1, W2, . . . , WL), i = 1 . . . L (6)

where the reconstructed weights W ′
i in the i_th layer. Since

the compression are determined based on the redundancy
inside the given model through the compression algorithm C
(including pruning, quantization, entropy encoding,etc.).

Distinctly, regarding economicalal design for model deploy-
ment and updating, the inter model redundancies are further
taken into account in the scenario that there already exists
one or multiple deep learning models GV 1, GV 2…GV J

having high correlation with the to-be-transmitted one at the
receiver side. As such, we reformulate this with the inter-
prediction based compression algorithm C′ as follows,

W ′′
i =C′(W1, W2 . . . , WL; GV 1, GV 2, . . . GV J ), i = 1 . . . L

(7)

At the receiver side, the model can be reconstructed utilizing
the inter model prediction with the selected prediction model.
For simplicity, we validate this strategy by assigning only one
model (e.g., the latest updated model) as the prediction model.

We firstly conduct experiments on two classical deep learn-
ing models, i.e., Resnet50 [83] and VGG-16 [84] pretrained
on Imagenet [85]. In particular, they are retrained 20 epoches

Fig. 5. The bit rate reduction with the inter-model compression strategy
under different quantization bits.

with the learning rate of 0.001 on IMS dataset [86] using
Triplet loss, and the layers after ‘pool5’ are removed. The
inter-model prediction is applied to the retrained models and
the latest updated model is used to calculate the differences of
the models. Subsequently, we apply Scalar Quantization [21]
to the two retrained models with and without inter-model
prediction under different quantization levels by allocating bit-
per-layer from 6-bit to 4-bit. The results are shown in Fig. 5,
providing the bit rate savings when transmitting the model
differences compared to the original model. Clearly, the inter
model prediction can significantly remove the model redun-
dancy, leading to better compression performance.

Furthermore, experiments are conducted in the scenario of
person ReID to demonstrate the real-world model deployment
and updating. We train a ResNet-50 on Market1501 dataset
using Triplet and softmax loss [72] for 150 epochs with
the learning rate of 0.001. The first model with 100 epochs
is treated as the model-V1 and subsequently models V2 to
V5 are obtained for every 10 epochs after the first 100 epochs.
Along with the increment of the training, the performance is
further enhanced and all the improved models are aimed to be
subsequently transmitted. This simulates the real world model
updating, as the updating models are continuously transmitted
to the front-end for feature extraction. In particular, we follow
the strategy in [27] and adopt the Differences of Models
(DoM) representation, quantization and lossless encoding to
compress the delivered models based on the inter model
redundancy. Thus Eq. (7) can be reformulated as follows,

DoMi = C′(Wi − Pi), i = 1 . . . L (8)

where scalar quantization with encoding algorithm C’ is
applied to the differences between the to-be-transmitted
model W and prediction model P of L layers. In essence,
the prediction model can be assigned as the latest model
has already been transmitted. For example, DoM V2 can be
calculated based on the difference between V2 and V1.

The results of the model updating are shown in Fig. 6, where
the whole model V1 is firstly transmitted, and subsequently
the DoMs are conveyed to represent models from V2 to V5.
From Fig. 6, we can observe that based on the progressively
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Fig. 6. The performance of person ReID [72] on market1501 dataset with
incremental model updating. The incremental transmission occurs where the
newly transmission is built upon on the former ones (i.e., V3 is built upon
V2 and V4 is based on V3). The x axis represents the transmission cost based
on the former model. The x axis of 0MB represents the start-point of the next
model version.

transmitting of the DoM, the performance on the front-end
has been gradually improved. For example, for Model-V3 in
Fig. 6, we incrementally transmit the Model-V3 based on
the existing model Model-V2 using inter model prediction.
The increasing sizes with the performance variations are also
given. Similar trends regarding the performance improvements
with the increase of the transmitted incremental model can be
found from the initial version of the model (Model-V1) to
the model with the best performances (Model-V5) based on
the incremental updating built upon the model of the previous
version. It is also worth mentioning that the original model size
is around 56MB, and it is illustrated in Fig. 6 that when around
34MB is conveyed based on the former models, almost all the
information in representing the differences between V3 and
V2 have been transmitted. As such, the inter-model prediction
strategy can provide great potentials regarding the economic
model deployment and updating.

V. STANDARDIZATIONS FOR ECONOMICAL

KNOWLEDGE COMMUNICATION

With the advance of the Internet of Thing (IoT) [87] along
with the generation of big data, the pre-prossessing of raw
data before transmission is under great demand due to the
underlying unstructured and redundant characteristics. Similar
considerations have been witnessed, and Knowledge Centering
Networking (KCN) [88] is an innovative concept turning raw
data into knowledge. The modality of such knowledge varies
as different knowledge creation methods will result in different
types of knowledge, such as compact feature as well as deep
learning models. In this section, we discuss the standardization
activities towards future knowledge communication, including
both compact feature and network representation.

A. Compact Descriptors for Visual Search

Considering the significance of the feature transmission
in the smart visual sensing system, MPEG has completed
the standardization of Compact Descriptors for Visual Search
(CDVS) [5], which was published in Sep. 2015. The CDVS
uses handcrafted local and global descriptors to represent the

Fig. 7. Illustration of the MPEG-CDVA framwork [7].

TABLE IV

THE PERFORMANCE COMPARISON OF CDVS AND

CDVA ON CDVA EVALUATION BENCHMARKS

visual characteristics of images, and the normative blocks of
CDVS include the extraction procedure of both local and
global descriptors. More concretely, the local descriptors in
CDVS are the highly compressed SIFT descriptors via a
low-complexity transform coding. Moreover, a Scalable Com-
pressed Fisher Vector (SCFV) is aggregated from the raw local
descriptors, which owns competitive matching accuracy and
low memory cost. In view of the fluctuation of the available
bandwidth in the mobile environment, the CDVS supports
interoperability between different size bitstream. More tech-
nical details regarding CDVS can be found in [5], [89].

B. Compact Descriptors for Video Analysis

The increasing demand of large-scale video analysis pushes
the MPEG to move forward to standardize Compact Descrip-
tors for Video Analysis (CDVA) [90]. Due to the sequentially
correlated characteristics of video frames, generating the fea-
ture from each frame will result in both high feature redun-
dancy and computational costs. The multi-keyframe based
strategy was adopted in the ongoing CDVA standard, which
converts the problem of video retrieval into image retrieval.
In particular, the local and global descriptors of standardized
CDVS descriptors are extracted on the sampled keyframes of
a given query video, which are further packed together to
constitute the CDVA descriptors. Moreover, the deep learning
based NIP descriptors [91] are also adopted to further boost
the analysis performance. Table IV provides the performance
comparisons between CDVS and CDVA with NIP descriptors
extracted from different deep neural networks. The evaluation
framework of the ongoing CDVA is also illustrated in Fig. 7.
In the pipeline, both the handcrafted and deep learning features
are extracted and compressed. It is also worth mentioning that
the NIP descriptor [92] has been adopted into the Draft of
International Standard (DIS).

C. Deep Neural Network Compression

MPEG is also working towards the deep neural network
compression in view of the applications of video surveillance,
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Fig. 8. The semi-interoperability-enabled feature transmission framework. First, new features are required to register the form of the feature in the encoder
and obtain the corresponding certificate. The notation of 34D is an example to represent the certificate ID denoting the feature’s form, which is used to help
the encoder to recognize the input feature and perform adaptive encoding. Second, the features extracted at the front-end will be encoded as the standard
feature bitstream by the feature encoder according to its certificate. In the other side, the back-end uses standard algorithm to decode the received features
for further analysis.

self-driving vehicle, etc. Recently, the requirements towards
the Compressed Representation of Neural Networks (NNR)
has been identified, aiming to define an efficiently coded,
interpretable and standardized representation for trained neural
networks [93]. In [93], NNR seeks representations towards
different types of neural networks with scalability as well
as the compressed neural network inference under resource
limited environments. Moreover, the incremental updates of
compressed representation of neural networks is also treated
as one particular goal of NNR.

In the perceived requirements, not only the neural network
distribution and deployment, but also the retraining as well as
image/video processing with neural network are concerned.
Use cases have been wildly collected, including object recog-
nition, translation app, public surveillance as well as CDVA,
to extend possible usage of efficient neural networks and
represent it using NNR. As a result, a number of specific
NNR requirements have been considered, such as efficient
representation of neural networks and efficient incremental
representation of neural network. In our recent proposal,
we study the incremental representation [94] from different
use cases apart from the classical deep model compression in
Call for Evidence(CFE) [95].

D. Toward Standardization of Deep Learning Features

In the context of big video data, it is essential to further
ensure the interoperability for deep learning based video
analysis. In particular, the feature coding differs from video
coding in that feature coding pipeline involves both feature
extraction and compression, while video coding treats visual
pixel values as input. Moreover, the diversity of the deep
models also creates dramatically different features. Therefore,
a complete and exhaustive standard that should be able to fully
ensure the interoperability typically standardizes the procedure
of both feature extraction and compression. However, such
standardization scheme requires the deterministic deep model
and parameters. In the current stage, it is unlikely to use a
generic deep model to cover a wide range of tasks. In view
of this, the concept of semi-interoperability for feature coding

was proposed in [96], in which only the procedure from raw
features to the compressed feature bitstreams is considered,
and the final syntax specifying the deep learning features is
standardized. In this manner, the feature extraction procedure
is still open for research exploration in the future. The dif-
ferences between the semi-interoperability and full interoper-
ability lies in the interoperable way. In semi-interoperability,
the standard bitstream can achieve interoperation between
different encoder and decoder sides, however the features from
different feature extractors are still unable to interoperate with
each other. By contrast, the full-interoperability can achieve
the interoperation both at the standard bitstream and feature
levels.

In Fig. 8, we show the semi-interoperability feature trans-
mission framework. It can be observed that such semi-
interoperability standard is dual to the video coding stan-
dard, since only the decoder is standardized. In particular,
the decoder can only recover the features, but cannot account
for the explanation of the features as the deep network models
are not specified. Such semi-interoperability can ensure that
any feature bitstreams from the same deep model conforming
to such standard can be matched after decoding. In essence,
the proposed standard does not possess fully interoperability,
and the feature bitstreams under such standard may contain
different information. In this way, this standard can be kept
with long-lasting vitality, and the new emerging deep models
are also able to seamlessly collaborate with this standard.

VI. ENVISIONING THE FUTURE

Despite significant recent progress on this typical infrastruc-
ture has been made at both technology and standard lev-
els, there remains significant room for further improvement.
In particular, with the fast development of deep learning
technologies, there is a gap between the current economical
visual information management system and what is desired in
the context of video big data. As such, it is expected that a
wide spectrum of functionalities could be further supported, to
meet the grand challenges faced by smart city initiatives. Here,
we envision the future technologies from four perspectives,
including scalability, interoperability, utility and feasibility.
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• Scalability: In principle, scalability requires the encoded
stream containing one or more subset bitstreams such
that the subsets themselves generated by dropping packets
can be successfully decoded. The scalability of compact
feature and deep neural network representations is a
desirable property that supports the adaptation according
to dynamic network conditions and decoding capabili-
ties. Scalable video coding has been extensively studied
in both literatures and standardizations. As the feature
representation is able to summarize the visual charac-
teristics at different granularities, the scalability is also
naturally supported in feature and neural network rep-
resentation by focusing on appropriate feature dimen-
sionality or network layers. Regarding MPEG-CDVS,
where handcrafted features are adopted, six descriptor
lengths including 512 bytes, 1K, 2K, 4K, 8K and 16K
are supported. The global feature descriptor adopted
in CDVS-Scalable Compressed Fisher Vector (SCFV)
achieved rate-scalable representations by choosing a sub-
set of Gaussian components. However, to achieve scal-
ability in deep feature representation, it is necessary
to identify the importance of each component. This is
a challenging task as the deep learning features are
usually end-to-end learned. For deep neural networks,
the significance of the layer should also be well inter-
preted to maximize the representation capability given
the constraint. This demands to open the “black-box” of
deep learning, which is a meaningful task with grand
challenges.

• Interoperability: The standardizations of compact fea-
ture and deep neural network representations enable the
interoperability such that any bitstream that conforms
the standard can be properly decoded and utilized. This
excellent property has greatly facilitated the applica-
tions of video compression based on a series of coding
standards, including H.264/AVC [97], HEVC [98] and
the on-going VVC [99]. It can be anticipated that the
deep learning techniques will gradually become mature
and generic. By then, the full interoperability may be
achieved by a standardized unified model that can be
applied to various tasks. However, instead of the well-
established image/video signal, the rapid advancements
of the deep learning techniques are now dramatically
upgrading the network structures and feature represen-
tations. This presents technical barriers in standardizing
the compact features and deep learning models. Over-
all, here we are trying to claim that at the current
transitional development stage, there are flexible and
practical alternative solutions for the standardization that
can be considered and deployed. The concept of semi-
interoperability is presented in [96], which suggests that
only the pipeline from raw features to the compressed
bitstream is standardized and specified, while how the
feature can be generated is left open. Moreover, con-
veying the intermediated features instead of the top-
layer features to improve the generalization ability of
feature representation could also be an alternatively and
promising solution [100].

• Utility: An excellent economical image/video manage-
ment strategy is to achieve the good trade-off between
the bitrate for representation and the ultimate utility. This
is based on the widely applied rate-distortion theory,
inspired by the fact that there is a growing interest of
using the ultimate utility as the optimization function.
However, one important issue that could possibly impede
this progress is the lack of mathematical understanding
of the properties of the utility functions, such that the
rate-utility relationship is very difficult to be theoretically
characterized. In particular, when there are multiple tasks
simultaneously required to be performed, how to achieve
a good balance between these tasks also requires further
study, especially in the scenario where different tasks
are evaluated by different utility functions. Therefore,
a unified function that can well characterize the utility
in the analysis tasks can lay the groundwork for the
potentials of deploying the infrastructure in more prac-
tical applications.

• Feasibility: Though the proposed infrastructure has sev-
eral satisfying characteristics that can be well exploited
in economizing the visual system of city brain, a major
drawback is that it is extremely difficult to recover the
visual signal at pixel level given the compact feature
representation, leading to difficulties for further inves-
tigations such as human viewing. This may limit the
feasibility of the infrastructure as there is a deficit of
generative models based on the compact feature in analy-
sis tasks. A promising strategy is combining feature and
texture streams coherently, and this could be useful when
both analysis and human viewing are required. However,
the texture bitstream will largely increase the bitstream
volume, such that some excellent properties of feature
compression no longer exist. It is also worth to explore
extracting images/videos feature at compressed domain.
Performing feature extraction in compressed domain has
obvious advantages. First, the feature extraction com-
plexity can be reduced by removing the overhead of
decompression and less computing workload in com-
pressed domain. Second, compression algorithms already
implicitly reveal some features of the images which can
provide good insights for image description based on
feature representation. Overall, we hope to make the point
that each technology has its corresponding application
scenarios.

VII. CONCLUSION

In this paper, we took a certain viewpoint regarding how
efficient and economical visual data management and analysis
ought to be achieved in smart city applications. Though the
recent advances of deep learning techniques have greatly
facilitated many visual analysis tasks, there are still unprece-
dented challenges regarding how these techniques can be
feasibly and practically applied in real application scenarios.
Therefore, rather than providing an exhaustive survey of all
relevant techniques, we have emphasized on the front-end
visual sensing and back-end analysis, both of which rely
on the economic and efficient visual data representation.
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The relevant technologies, standardizations as well as appli-
cations are all discussed, and instructive examples are also
provided to illustrate the importance of visual information
in ensuring the city security. It is expected that the relevant
techniques and standardizations will greatly benefit the con-
struction of the visual system in the city brain.
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