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Abstract—A deep-learning-based Loitering Detection System
(LDS) with re-identification (ReID) capability over a multicamera
network is proposed. The proposed LDS is mainly comprising
of object detection and tracking, loitering detection, feature
extraction, camera switching, and re-identification of the loiterer.
The person is detected using You Only Look Once (YOLOv3) and
tracked using Simple Online Real-time Tracking with a deep as-
sociation matrix (DeepSORT). From the trajectory analysis, once
the time and displacements thresholds are satisfied, the person
is treated as a loiterer. When the loiterer moves one camera
to another, then the algorithm is switched to the appropriate
camera feed as per the proposed camera switching algorithm to
minimize the computational cost. Subsequently, the loiterer is re-
identified in the switched camera feed by comparing the features
of the loiterer extracted by the MobileNets with that of the other
detected persons based on the triplet loss criteria. The proposed
system provides an enhanced accuracy of 96 % on average fps of
33 (without ReID) and 81.5 % at average fps of 30 (with ReID).

Index Terms—Deep learning, Deep-SORT algorithm, loitering
detection system, MobileNets, Triplet loss, smart city, YOLOv3

I. INTRODUCTION

Intelligent video surveillance systems (IVSS) are widely
used in security applications to detect potential crimes and
suspicious activities in the early stage for smart city applica-
tions. Usually, the suspicious activity such as loitering often
leads to crime activities such as vandalism, terrorist attacks,
bank rubbery, pickpocket, steal and drug-dealing activity [1]–
[4]. Loitering can be defined as the act of staying in sensitive
place or public place for a protracted duration or for a period
of time longer than a given time threshold [1], [4]. Detection
of the loitering in real-time from the enormous amount of
video surveillance data by the human operator is an inefficient,
erroneous and tedious job. The timely detection and intimation
of the loitering of an individual in a particular geographical
area can help in preventing various crime activities. The video-
based Loitering Detection System (LDS) over a multi-camera
surveillance network, mainly involves three steps such as
object detection and tracking, loitering detection, and loiter
re-identification.

Different approaches such as pedestrian detection using
background subtraction and blob detection [1], pedestrian seg-
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mentation using background modeling [2], trajectory extrac-
tion using Median-Flow tracker and Spatio-temporal context
learning algorithm [3], and background segmentation [5], etc.
have been used to detects the object for developing the LDS.
Further, object tracking can be performed using tracking with
the help of blob extraction [5], Median-Flow tracker filter [3],
etc. Both object detection and tracking should be robust, fast
and efficient enough so that effective trajectory analysis can
be carried out in a complex surveillance environment to detect
loitering activity with low false positive.

Loitering activity can be detected based on two major
factors such as time and displacement. In the case of the
transportation system, loitering is detected when the period
of the presence of an individual in a particular area greater
than a given time threshold, which is set in terms of the
public transport waiting time [4]. There is a need for efficient
algorithms which can detect loitering activity across multiple
surveillance cameras with minimal false triggers.

Finally, person re-identification (ReID) is required to detect
the same loiterer across multiple surveillance camera net-
works. When a person is detected as a loiterer in a particular
camera, then the loiterer must be identified in other cameras
if the particular person is visible in other cameras within a
specified time interval. Various types of deep learning-based
ReID algorithms, such as FaceNet, GoogleNet, etc. can be
used to detect the loiterer across multiple cameras [6]. Though
many research works [1]–[5], [7]–[10] have been attempted to
improve the performance of the video-based LDS to make it
more suitable for real-time applications, still, there are ample
scopes to improve it with respect to the accuracy, processing
speed, and time latency.

In this regard, an approach of deep learning-based LDS
using multicamera video surveillance network is proposed and
implemented for real-time applications. The object is detected
using the You Only Look Once (YOLOv3) and is tracked using
a Deep Simple Online and Real-time Tracking (DeepSORT).
Subsequently, loitering is detected based on both time and
displacement thresholds. Finally, loiter is re-identified using a
triplet loss based ReID algorithm and real-time notification is
sent to the concerned users.

The rest of the paper is organized as follows. Section II
describes the proposed LDS. The methodologies are discussed
in Section III. The experimental results are discussed in
Section IV, followed by conclusions in Section V.



II. PROPOSED SYSTEM DESCRIPTION

The proposed LDS can detect loiterers in a particular
camera, and also can reidentify the loiterers across multiple
cameras.

A. System Model

The system model of the proposed LDS is shown in Fig.
1 and can be explained in three steps, such as high-end
computing, cloud computing, and user interfacing.
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Fig. 1: Complete system model of the proposed LDS.

TABLE I: Experimental Hardware and Software Setup

Hardware platform
High-end system Workstation (Dell Precision 7920)

CPU Intel Xeon 6140
(Dual processor, 64-bit, 18 cores)

GPU NVIDIA Quadro P6000 (24 GB)
RAM DDR4 (256 GB)
Network cameras Hikvision (4 MP)

Software platfrom
Operating system Ubuntu 18.04 (64-bit)
Deep learning framework Darknet-53
Programming language Python 3.6
CUDA compatibility CUDA 9.0, CuDNN 7.1

1) High-end Computing: The live video streams are cap-
tured by the network cameras (Hikvision 4 MP) and then
processed at the high-end computing device, i.e., Tower Work-
station (Dell) having experimental setup, as shown in Table I.

2) Cloud Computing: The processed information sent by
the high-end computation device is published through the
cloud services to the subscribers or users. Here, we have
used Twilio, a cloud communication platform which provides
limited free credits for research and development purposes.

3) User Interfacing: The user interface of the proposed
LDS, as shown in Fig. 2 is developed using Python program-
ming. The user interface provides facilities for selecting either
of the modes of operations, such as offline mode of operation
(post-processing of video data) and online mode of operation
(real-time processing of live video stream). The user can also
select the surveillance zone and corresponding default time
thresholds as shown in Table II. Further, the users can also set
their own time threshold and displacement threshold for any
desired application.

(a) Offline mode (b) Online mode

Fig. 2: Developed GUI for the proposed LDS.

TABLE II: Default Time Thresholds used in the Proposed LDS

Surveillance zones Time Threshold
Defense establishmnets 3 min.
Industrial establishments 4 min.
Educational institute, Hospital area 5 min.
Bus stand, Air port 10 min.
Railway stations, Residential area 15 min.
Others 25 min.

B. Sequence Diagram

The Unified Modeling Language (UML) sequence diagram
[11] used for software development, as shown in Fig. 3 to
explain the real-time collaborative relationship among the
various entities of the LDS. Here, total execution time (t) is
minimized by minimizing the data processing time for real-
time applications with the help of CUDA enabled high-end
workstation.

III. METHODOLOGIES

The complete process of the proposed LDS comprises five
major steps, such as object detection and tracking, loitering
detection, feature extraction, camera switching, and loiterer
re-identification.

A. Object Detection and Tracking

YOLOv3 [12] is used for object detection as it is as accurate
as Single Shot Detector (SSD), three times faster as compared
to the SSD, more than one thousand times faster than R-CNN



and one hundred times faster than Fast R-CNN. The same
network architecture of the YOLOv3 [12] and pertained weight
file for the coco data set are used for object detection in the
LDS.

Once the object is detected, then it is tracked using a Deep
Simple Online Real-time Tracking (DeepSORT) algorithm
[13]. DeepSORT is the extension of the SORT algorithm, i.e.,
it is SORT with deep association metric. SORT is inefficient
in tracking through occlusions. DeepSORT overcomes this by
replacing the association metric with a deep association metric
which combines both motion and appearance information.
Here, Convolutional Neural Network (CNN) trained on a large
scale person re-identification dataset is used to increase the
robustness against false positive and occlusions while keeping
the system suitable for online applications.

Fig. 3: Sequence diagram of the proposed system.

B. Loitering Detection

Once the object is detected and tracked, the loitering of
an individual is detected by exploring the trajectory path
with respect time duration and displacement covered. Hence,
loitering is defined as the activity of an individual who
spends abnormally long time duration on the same area or
performs slow movements around a particular area without
significant displacement [14]. Further, the time threshold and
displacement threshold are decided based on the intended
surveillance zone.

1) Time Threshold: The presence of an individual in a par-
ticular area for a duration greater than a given time threshold
is defined as loitering [4]. The time threshold Tth is decided
based on the corresponding application zones such as airport,
railway station, bus stop, defense area, etc. Let, a particular
video stream Vs is converted to a frame sequence fsq having
{fi=0→n} frames corresponding to the time instants {ti=0→n}
respectively.

{fi=0→n} = {f0, f1, f2, ..........., fn} (1)
{ti=0→n} = {t0, t1, t2, ..........., tn} (2)

The instantaneous time slots for which the object stays inside
the Region of Interest (RoI) is given by

∇t = tin+N − tin (3)

where tin is the first time instant at which the object is
detected, and N is the number of time instants or frames for
which the object stays inside the RoI. The total time duration
Tin (in second) for which the object stays inside the RoI is
given by

Tin = ∇t.fps (4)

where, fps represents the number of frames per second, i.e.,
frame rate. The condition for loitering detection based on time
threshold is given in Eq. 5.

Tin ≥ Tth (5)

Generally, Tth is taken as twice of the normal walking time
to cover the same distance.

2) Displacement Threshold: If the individual keeps moving
around a particular area without significant displacement, then
it can be treated as loitering. Resultant displacement Dr is
the difference between the distance covered L and actual
displacement Da. When the resultant displacement Dr is
greater than the displacement threshold Dth, then loitering
is said to have occurred. The displacement threshold Dth is
chosen to be 1

/
5th of the normal distance covered.

When both the time and displacement threshold criteria are
satisfied, then the individual is identified as the loiterer.

C. Feature Extraction

Once loitering is detected, then ten selected frames
{fs1 , fs2 , ....., fs10} with inter-frame time interval tif of 30
Sec are stored in a list. Then, the loiterer images in each
frame are cropped according to the corresponding bounding
boxes generated by YOLOv3. Further, these images of the
loiter, i.e. {is1 , is2 , ...., is10} are sorted in descending order of
their classification confidence level resulting from the object
detection using YOLOv3. Subsequently, the image having the
highest confidence level ihsj , i.e., frameout is used for feature
extraction by MobileNets [15] to be used for ReID. The Mo-
bileNets uses depth-wise separable convolutions (combinations
of depth-wise convolution and point-wise convolutions) to
build efficient, lightweight deep neural architecture by making
an optimistic trade-off between latency and accuracy. Further,
two hyper-parameters, i.e., width multiplier α for thinner



model and resolution multiplier ρ for reduced representation,
are used. We have used the pretrained baseline MobileNet
(α = 1 and ρ = 1) having 28 layers with depth-wise 3 × 3
separable convolutions for the feature extraction [15].

D. Camera Switching

Let, the camera at which loitering is currently detected is
known as master camera cm and all other cameras of the
same surveillance network is known as secondary cameras cs.
Hence, the multi-camera video surveillance network comprise
of a set of camera C, i.e., C = {cm} ∪ {cs}. A typical and
simple camera constellation consists of one master camera,
i.e., {cm} = {c0} and four number of secondary cameras
located in four directions, i.e., {cs} = {c1, c2, c3, c4} is shown
in Fig. 4.

Fig. 4: A typical camera constellation for surveillance network.

Algorithm 1 Pseudo code of camera switching

Input: Obbox (x, y) = (Oh, Ow) from YOLOv3 and ds.
Output: New master camera: cnewm .

Initialization: l = 0 for the frame at which loitering
detected first time.

1: for each frame fl of cm in l = 0 to f loiteringnos do
2: center (cntrx, cntry) = (Oh/2,Ow/2)
3: if cntrx ≥ (Ow − ds) then
4: switch to right camera (c1)
5: else if cntrx ≤ ds then
6: switch to left camera (c3)
7: else if cntry ≥ (Oh − ds) then
8: switch to bottom camera (c4)
9: else if cntry ≤ ds then

10: switch to top camera (c2)
11: else
12: intimate all the cameras over the network
13: end if
14: end for
15: return camera switching, i.e., cm ← cnewm

A virtual boundary known as the camera switching bound-
ary within the surveillance zone of the master camera is
created to decide the timing of the switching. Further, this
camera constellation can be rearranged as per the practical

requirement. When the loiterer crosses the camera switching
boundary, the processing camera feed is switched to the corre-
sponding camera located in that direction. In other words, the
assignment of master and secondary cameras are dynamically
changed based on the location of the loiter. This is an effective
approach to reduce the computational overheads as compared
to processing all the camera feeds. The proposed algorithm
for the camera switching is presented in Algorithm 1.

Algorithm 2 Pseudo code of loitering detection with ReID

Input: Tth, Dth, and Rth.
Output: Loitering and ReID.

Initialization: cnt = 0, Loitering = False, ReID =
False.

1: for each frame fi in i = 0 to n do
2: for j = 0 to m do
3: yi = [xim, yim, wim, him] = Y OLOclassifier (fi)
4: DSi = [xim, yim, wim, him, idm] =

DeepSORT (yi)
5: idarray = DSi [4]
6: for id in idarray do
7: heapmap (id) = {xij , yij , wij , Tin, Da, L}
8: if Tin ≥ Tth then
9: Dr = L−Da

10: if Dr ≥ Dth then
11: Ltrimg = fi [xij : xij + wij , yij : yij + hij ]
12: cnt = cnt+ 1
13: end if
14: end if
15: end for
16: end for
17: end for
18: return Loitering
19: p = min

(
f loiteringnos , 300

)
20: for k = 0, k ≤ p, k ++ do
21: if cnt%30 == 0 then
22: Ltrselectedimg [k] = fi [cls, bbox, ConfLvl]
23: Ltrsortedimg [k] = BubbleSort

[
Ltrselectedimg (k)

]
24: frameout = Ltrsortedimg [0]
25: featureextracted =MobileNets (frameout)
26: end if
27: end for
28: if Loiterer moves out of current master camera cm then
29: make appropriate cs to new cm, i.e., cm ← cnewm using

Algorithm 1.
30: end if
31: for cnewm , l = 0 to n do
32: find framenewout using steps 3, 4, 22, 23, 24
33: end for
34: Compute `tri (θ) for featureextracted and

featurenewextracted using Equation 6.
35: if `tri (θ) ≥ Rth then
36: Loiterer is Re-identified and track it using step 4.
37: end if
38: return ReID



E. Loiterer Re-identification

After camera switching, the stored feature of the loiterer
is compared with that of the persons detected in the feed of
the new master camera based on the triplet loss [6] criteria
for loiterer ReID. Training using classification loss requires
a growing number of learnable parameters when the number
of objects increases; however, most of these parameters are
discarded after training. On the other side, the training using
verification loss results in an efficient network for cross-image
representation mode and hence found to be useful for ReID
problems. Triplet loss is a loss function used for learning the
similarity between two classes using artificial neural networks.
The triplet loss can be expressed in Eq. 6 [6]:

`tri (θ) =
∑

a,p,n,ya=yp 6=yn

[m+Da,p −Da,n]+ (6)

where D is a metric function which measures distances in
the embedding space. This loss function makes sure that the
projection from the anchor point (input) xa to the positive
(truthy) input xp, i.e., Da,p is minimized, whereas the distance
from the anchor input xa to the negative (falsy) input xn, i.e.,
Da,n is maximized, by at least a margin of m. The triplet
loss based TriNet [6] is used for the loiter re-identification as
triplet loss is one of the excellent tools for person ReID. The
proposed algorithm for the loitering detection with ReID is
presented in Algorithm 2.

(a) No loitering is detected (b) Loitering is detected

Fig. 5: Loitering detection in PETS 2007 dataset.

IV. EXPERIMENTAL RESULTS

The proposed LDS is implemented and tested for the
standard PETS 2007 dataset [16] and real-time applications
inside our campus. The time threshold Tth for the PETS
2007 dataset is 60 seconds. For the real-time implementations,
the time threshold Tth is selected as 5 minutes and the
displacement threshold Dth is selected as 1

/
5th of the normal

distance covered. Various performance evaluation parameters
are discussed in this section.

A. Loitering Detection and Loiterer Re-identification

The person is detected using YOLOv3 implemented on
the Darknet-53 platform which provides the highest measured
floating-point operation per second [12]. The implemented
YOLOv3 provides an accuracy of 34 AP. Further, the average

accuracy of the loitering detection based on the given time and
displacement thresholds for real-time implementation is 96%
at an average fps of 33.The results of the implemented LDS
for the PETS 2007 dataset and for the multi-camera network
are shown in Fig. 5 and Fig. 6 respectively. The experimental
analysis shows that for our real-time implementation, the re-
identification threshold Rth in terms of triplet loss is found to
be 17.7 which provides detection accuracy of 81.5% in ReID at
average fps of 30 and its confusion matrix is shown in Fig. 7.
We have also introduced a performance evaluation parameter
named as Loitering Profile (LP) which provides a summary
of the loitering activity with respect to loitering duration and
surveillance camera number, as presented in Fig. 8.

(a) No loitering is detected at Cam-1 (b) Loitering is detected at Cam-1

(c) Loiter is re-idenitified at Cam-2 (d) Loiter is re-idenitified at Cam-3

Fig. 6: Loitering detection with ReID.

Fig. 7: Confusion matrix of the proposed LDS.

B. Real-time Notifications

Once the loitering is detected using a live video stream, a
real-time notification comprising of the location and time of
the loitering are sent to the users registered WhatsApp number
using the cloud communication platform Twilio as presented
in Fig. 9.



C. Comparative Analysis
A comparative analysis of the proposed LDS with the state-

of-art is presented in Table III. The LDS is found to be more
efficient with respect to speed and accuracy as compared to the
existing techniques used for video-based loitering detection.
Also, ReID enables the LDS to continuously track and detect
the same loiterer over the multi-camera surveillance network.

(a) LP for PETS 2007 dataset (b) LP of real-time implementation

Fig. 8: Loitering profiles (LP) for the proposed LDS.

Fig. 9: Received notification received in user’s WhatsApp.

V. CONCLUSIONS

A deep-learning-based LDS using the multi-camera surveil-
lance network is proposed where the loiterer can be re-
identified in another camera feed using triplet loss criteria.
The object detection and tracking implemented using YOLOv3
and DeepSORT respectively ensure the high accuracy without
increasing the space complexity significantly. The real-time
implementation of the proposed system signifies that the
addition of re-identification to an efficient loitering detection
algorithm can provide better security features for smart city
applications.
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