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Abstract—In this article, two new models, namely granulated
RCNN (G-RCNN) and multi-class deep SORT (MCD-SORT), for
object detection and tracking, respectively from videos are devel-
oped. Object detection has two stages: object localization (region
of interest RoI) and classification. G-RCNN is an improved version
of the well-known Fast RCNN and Faster RCNN for extracting
RoIs by incorporating the unique concept of granulation in a deep
convolutional neural network. Granulation with spatio-temporal
information enables more accurate extraction of RoIs (object re-
gions) in unsupervised mode. Compared to Fast and Faster RCNNs,
G-RCNN uses (i) granules (clusters) formed over the pooling fea-
ture map, instead of its all feature values, in defining RoIs, (ii) only
the positive RoIs during training, instead of the whole RoI-map, (iii)
videos directly as input, rather than static images, and (iv) only the
objects in RoIs, instead of the entire feature map, for performing
object classification. All these lead to the improvement in real-time
detection speed and accuracy. MCD-SORT is an advanced form
of the popular Deep SORT. In MCD-SORT, the searching for
association of objects with trajectories is restricted only within
the same categories. This increases the performance in multi-class
tracking. These characteristic features have been demonstrated
over 37 videos containing single-class, two-class, and multi-class
objects. Superiority of the models over several state-of-the-art
methodologies is also established extensively, both qualitatively and
quantitatively.

Index Terms—Deep CNN, Foreground region proposal,
Granulation, Object detection and tracking, Video analysis.

I. INTRODUCTION

MULTI-OBJECT detection and tracking in videos is an
important task, and is used in a large number of appli-

cation areas [1], including event detection, automatic driving,
and robot navigation. Object detection and tracking can be done
using either image processing (IP) techniques or machine vision
system (MVS). Real-time videos consist of multiple objects.
These videos are generated on-line in Electronic Engineering
field using sensory system (camera). IP techniques are able
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to provide good results for image segmentation in videos, but
it is restricted to simple traffic flow [1]. On the other hand,
occluded multi-class objects cannot be classified using the IP
techniques. These issues are addressed by MVS due to the vast
improvement of deep convolutional neural networks (CNNs),
benchmark datasets, and GPU’s enhanced computing power.
MVS joins machine learning (ML) algorithms with artificial
intelligence (AI) for detecting and tracking multiple objects
from real-time videos. Most advanced ML algorithm is deep
learning that can generates and uses AI-features for detecting
and tracking multi-objects in real-time videos. Therefore, deep
learning is considered in this study.

Deep learning-based object detectors utilize deep CNNs as
their backbone to extract features from the input images/video
and classify the object(s) using these features. These detectors
are categorized as i) two-stage detectors [2] and ii) one-stage
detectors [3]. In two-stage detectors, first, approximate ob-
ject(s) regions are proposed. Thereafter, features are extracted
from the proposed region and used for the classification and
bounding-box regression for the object candidate. Widely used
region proposal methods are based on grouping super-pixels
(e.g., selective search [4], POLWHE [5], etc.,), sliding windows
(e.g., object in windows [6]), or wavelet transform (e.g., Kurtosis
Wavelet Energy [7]). In one-stage detectors, on the other hand,
bounding-boxes are predicted over input images without using
region proposal. Two-stage detectors have high object localiza-
tion and classification accuracy, whereas one-stage detectors
achieve high inference speed [8]. Because of the availability
of GPUs, two-stage detectors are considered as state-of-the-art
detectors, of late, compared to one-stage.

A significant improvement in object detection using two-stage
detectors has been achieved with the advancement of region-
based deep CNNs, namely region-based CNN (RCNN) [9], Fast
RCNN [10], and Faster RCNN [2]. These RCNNs are character-
ized by the concept of ‘region proposal’ based on pooling feature
information in an image frame. Their performances depend on
the accuracy in extracting the regions proposals. In RCNN and
Fast RCNN, region proposal is done using the selective search
method [4] that slows down their operation. Faster RCNN [2]
replaces the selective search with a region proposal network
(RPN), which is a fully CNN. All these two-stage detectors are
found to be effective for object classification in images due to
their proper training with million images from various bench-
mark datasets, including ImageNet [11] and PASCAL Visual
Object Classes (VOC) [12]. An improvement over Faster RCNN
is done in [13] for ship classification using Synthetic Aperture
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Radar (SAR) images. But it is restricted to the simple traffic
flow. However, all these detectors lack in dealing with temporal
information which is essential in estimating the localization of
object(s) in a video sequence; thereby making those less effective
for object localization and classification in video. Moreover,
since all these two-stage detectors use the entire pooling feature
map as regions of interest (RoIs) for classification, some un-
desirable regions (e.g., background) might affect the detection
accuracy for their wrong classification.

To address these issues, one may consider developing a
mechanism in the said RCNNs that can estimate roughly the
foreground regions (containing all possible objects) within the
pooling feature map of deep CNN. Both spatial and temporal
information of the entire feature map are used to estimate these
foreground regions. The probability of occurrence of object
candidates in those regions is higher than that in any other parts.
These foreground regions containing either single or multiple
object modules, and are called “granules”. Processing with these
granules, therefore, not only would obviate the exclusion of
desirable regions, but also reduce the operation (search) space for
further processing. This process reduces the cost-complexity in
video object detection. This constitutes the underlying principle
of the proposed granulated RCNN (G-RCNN) where the concept
of optimum granulation is used in the pooling feature map.
Accordingly, the architecture (e.g., deep CNN) of Faster RCNN
gets modified.

Granulation is a process of formation and representation of
granules, evolved through information abstraction and deriva-
tion of knowledge from data. A granule is defined as a clump
(cluster) of indiscernible objects drawn together, for example,
by likelihood, similarity, nearness, or functionality. Recently, the
efficacy of the concept of granular computing has been demon-
strated for efficient video object localization and tracking in vari-
ous uncertain situations under both supervised and unsupervised
modes [14], [15]. Spatio-color neighborhood granules based
on region growing method provide superior performance in
unsupervised detection and tracking of occluded and overlapped
objects [14]. In our proposed G-RCNN, we have adopted the
irregular shaped neighborhood granules in the pooling feature
map using both spatial and temporal similarity to localize the
object(s) region in video frames. The commonality between
the spatial and temporal maps is considered as the optimum
map (called RoI map), representing the foreground (i.e., object)
modules in the video sequence. Then, class specific SVMs are
used to classify these object modules.

After classification, these classified objects are used for track-
ing, which is a two-fold task. First, a representation model
of possible trajectories corresponding to each object, detected
in a video, is computed. Later, that model is used in global
optimization problem to estimate the affinity among the detected
objects across different frames in the same video. Available
tracking models are categorized as: (i) appearance models [16],
(ii) motion models [17], [18], and (iii) composite models [19],
[20]. Appearance models focus on computing easy-to-track ob-
ject features that encode appearances of local regions of objects
or their bounding-boxes [16]. However, such features are not
robust with respect to illumination variation and occlusions.

Moreover, this model cannot discriminate the objects with high
similarity. The motion models encode object dynamics to predict
their locations in the future frames. Such motion models include
submodular optimization (SOP) [17] and simple online real-time
tracking (SORT) [18]. In SOP [17], first, low level track-lets are
generated based on the overlapping criteria and minimum cost
flow, and then, the correct track-let corresponding to the detected
object is selected. In SORT [18], data association is done based
on motion-based association metric. These two motion models
fail in case of long inter-frame object occlusions and complex
motions. Composite models for tracking, on the other hand, aim
at striking a balance between motion and appearance modeling.
However, it is hard to achieve such balance in real-world [19].
In a composite model, a proper data association is done for each
target object based on both motion and appearance information.
Such composite models include deep affinity network (DAN)
[19] and deep SORT [20]. In DAN [19], two deep CNNs function
jointly to learn target object’s appearances and their affinities
in a pair of video frames in an end-to-end fashion. In deep
SORT [20], data association is done based on both motion
and appearance-based association metrics. Another deep model,
Siamese network [21] is widely used for multi-object tracking.
All the aforesaid models are good, both in time and accuracy, for
tracking one-class objects (domain specific), but not for multi-
class objects (general scenario). To address this issue, we have
proposed a multi-class deep SORT (called, MCD-SORT), where
frame-by-frame association for both motion and appearance
features is done only for the same-class target objects. These
same-class objects are detected from the aforesaid granulated
foreground modules (RoI map) as obtained from G-RCNN.
Consideration of the same-class objects, instead of all-class
objects, for frame-by-frame association, reduces the search-
ing space and computation time, and enhances the tracking
accuracy.

The effectiveness of our G-RCNN and MCD-SORT algo-
rithms along with various comparisons has been demonstrated
extensively over 37 videos containing eight different objects.
These videos are taken from Multi-Object Tracking 15 (MOT15)
challenge dataset [22], Urban Tracker [23], and a steel plant
video data Video Analytics Road 19 (VAR19). VAR19 is a new
real-life traffic data, not available elsewhere, unlike PASCAL
Visual Object Classes (VOC) [12] and MOT15, which are bench-
mark data available on-line. The contributions and novelty of the
investigation are summarized below.

i) A new deep CNN model, named, G-RCNN for multi-
object detection has been introduced. This is an im-
proved version of the widely used Fast RCNN [10]
and Faster RCNN [2] providing superior performance.
G-RCNN takes video directly as input and considers
both spatial and temporal information, unlike Fast RCNN
and Faster RCNN. Incorporating granulated layers us-
ing spatio-temporal information within the deep CNN
(e.g., AlexNet [3]) architecture ensures better object(s)
localization (RoIs). Classification task being dealt only
with the objects present in RoIs, increases the detection
accuracy significantly. Speed-wise, G-RCNN is superior
to Fast RCNN, while comparable to Faster RCNN.
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Fig. 1. G-RCNN Architecture

ii) MCD-SORT is a more efficient version of deep SORT
[20] in terms of both accuracy and speed for tracking
multiple objects, as it involves frame-by-frame associa-
tion only within the same-class objects, instead of taking
all classes together as one class.

iii) Besides the investigation demonstrates a way of incorpo-
rating the recently emerged granular computing in deep
learning network for on-line object tracking and classifi-
cation directly from input video. This is unique.

iv) VAR19 is prepared by us based on an Indian steel plant
data. With class label information on a real-world sce-
nario, VAR19 is significant, particularly, when the avail-
ability of real-life video data is scarce.

The article proceeds as follows: Section II presents the charac-
teristics and training of the proposed G-RCNN. MCD-SORT is
described in Section III. Results, including comparative studies
are reported in Section IV. Finally, conclusion of the present
study has been discussed in Section V.

II. PROPOSED G-RCNN METHOD FOR OBJECT DETECTION

Characteristics and training of the proposed G-RCNN are
described in Sections II-A and II-B, respectively.

A. G-RCNN

G-RCNN is an advanced version of Faster RCNN. A short
description of RCNN and its variants is stated in Section B:
S.I (see the supplementary material S.I). G-RCNN has two
parts. The first part is called foreground region proposal net-
work (FRPN), which is a granulated deep CNN that provides
foreground RoIs over the video frame. Operation procedure of
FRPN is briefly explained in Section II-A1. The second part is
called classification network that deals with the classification of
objects in each RoI. A brief description of classification network
is stated in Section II-A2. Here, FRPN provides information to
the second phase regarding the location where to explore for clas-
sification. The entire system is a single unified network, called
G-RCNN as shown in Fig. 1. The feature generation network

of G-RCNN, named G-AlexNet, is illustrated in the same figure
also. It is the modification of AlexNet [3] architecture. AlexNet
consists of five convolution (Conv1, Conv2, Conv3, Conv4, and
Conv5), three pooling (Pool1, Pool2, and Pool5), and three fully
connected (FC1, FC2, and FC3) layers. A short description of
AlexNet architecture is stated in Section A: S.I (see the supple-
mentary material S.I). As seen from Fig. 1, G-AlexNet consists
of five convolution, three pooling, three granulation (Granule1a,
Granule1b, and Granule2), one RoI-generation (RoI-map and
fGt formation), one anchoring process (anchor generation at
each location in fGt and anchor feature maps), and three fully
connected layers. Granulation layers are incorporated after the
Pool1 layer, and RoI-generation and anchoring process are done
after the Pool5 layer of AlexNet to obtain the G-AlexNet. The
activation function used is rectified linear unit [24].

1) FRPN: FRPN accepts the current video frame (ft) having
three channels (R, G, and B) and its previous P frames (ft−1

to ft−P ) as inputs. FRPN network passes these input frames
through first convolution (Conv1) and pooling (Pool1) layers to
extract their reduced feature maps. Thereafter, a set of spatio-
color neighborhood granules (refer to Step 1) is computed on
each frame at Pool1 feature map in Granule1a layer. The network
also computes temporal granules over the frames sequence of ft,
ft−1, . . ., ft−P at Pool1 map in Granule1b layer. Then, these two
kinds of granules are combined by keeping their commonality,
resulting in spatio-temporal granules (refer to Step 2). This is
done over Pool1 feature map of ft in Granule2 layer. After that,
this spatio-temporal granuled feature map is passed through
several convolution (e.g., Conv2, Conv3, Conv4, and Conv5)
and pooling (e.g., Pool2 and Pool5) layers to generate its reduced
map containing the RoIs (refer to Step 3). RoIs characterize the
estimated objects region(s) in ft. Therefore, anchoring process
(refer to Step 4) is then performed at each RoI-pixel location
for obtaining its approximate region proposal. In this process,
several spatial windows of different scales and aspect ratios are
drawn over each RoI-pixel location. These spatial windows are
called anchors. Details of the operations are described below in
step-wise.

Step 1: Formation of spatio-color neighborhood granules
{GSCNG} in Granule1a layer.

Granule1a layer takes Pool1 feature map {fPool1
t } as input

and generates spatio-color neighborhood granules over it. Let
ft be the current frame on which ϑ number of filters having
size of (WConv1 × WConv1) are applied in the Conv1 layer to
generate the feature map of ϑ number of channels. Thereafter, a
filter size of (WPool1 × WPool1) is used on Pool1 layer to get
the reduced feature map, say {fPool1

t }. Max pooling operation
is done in this study to obtain this pooling feature map. Then,
spatio-color quadrant granules {GSCG} of different sizes are
obtained over all the channels of {fPool1

t } using quad-tree
decomposition [15] by considering both spatial and pooling fea-
ture similarity of pixels. All the spatio-color quadrant granules
{GSCG}, thus obtained, are mapped to the original ft, resulting
in fGSCG

t . In fGSCG
t , a 3× 3 (minimum sized) window is

moved and checked, if the pixels therein are of same intensity.
Neighborhood (8-connected) windows of equal intensities are
grouped by region growing technique; thereby forming different
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spatio-color neighborhood quadrant granules fGSCNG
t in the

image frame ft. Any two windows (grids), say, g and h, in
fGSCNG
t are related by Eq. (1), as follows:

fGSCNG
t =

{
(g, h) ∈ fGSCG

t , |(I(g)− I(h))| = 0 &
(g, h) are 8− connected

}
(1)

where I(.) represents the intensity of any pixel in grid (.).
A spatio-color neighborhood quadrant granule is basically a
collection of connected grids of same intensity. Therefore, its
shape is arbitrary. The fGSCNG

t , so formed over ft, can have
multiple such granules of arbitrary shapes of different intensities,
as well as granules of same intensity, but disconnected. The
Pool1 features of fGSCNG

t are called spatio-color neighborhood
granules (say, {GSCNG}) over fPool1

t map in Granule1a layer.
{GSCNG} is then fed to the Granule2 layer to obtain the spatio-
temporal granules.

Step 2: Formation of temporal {GTG} and spatio-temporal
{GST } granules in Granule1b and Granule2 layers.

Temporal information of the input video sequence is used
to obtain temporal granules {GTG} in the Granule1b layer
of G-AlexNet. Let P be the number of previous frames of
ft that are used as inputs to the FRPN. The FRPN computes
a sequence of Pool1 feature maps {fPool1

t }, {fPool1
t−1 }, ...,

{fPool1
t−P } corresponding to the inputs ft, ft−1, . . ., ft−P .

Note that each such Pool1 feature map consists of ϑ number
of channels as determined by the number of filters/kernels
used in the Conv1 layer of G-AlexNet. These feature maps
corresponding to each channel are fed to the Granule1b layer
to generate temporal granules over the same channel using
three point estimation [15] based on previous P frames.
These three points corresponding to each channel (say,
ϕth channel) are P1 = max(fPool1

ϕ(t) , fPool1
ϕ(t−1), ..., f

Pool1
ϕ(t−P )),

P2 = median(fPool1
ϕ(t) , fPool1

ϕ(t−1), ..., f
Pool1
ϕ(t−P )), and P3 =

min(fPool1
ϕ(t) , fPool1

ϕ(t−1), ..., f
Pool1
ϕ(t−P )). For each ϕth channel,

these points denote optimistic, most likely, and pessimistic
features, respectively, and are used to estimate the
background (mean) (fPool1

ϕ(t) (μ)) and standard deviation

(σPool1
ϕ(t) ) for the same channel of {fPool1

t } [15]. These

are defined as: fPool1
ϕ(t) (μ) = (P1 + 4× P2 + P3)/6 and

σPool1
ϕ(t) = (P1− P3)/6. Here, ‘mean’ represents the estimated

background value for the current frame [15]. A location (x, y)
in fPool1

ϕ(t) with value fPool1
ϕ(t) (x, y) is detected as foreground

if its difference from the mean (fPool1
ϕ(t) (μ)) value is greater

than σPool1
ϕ(t) . Otherwise, the location (x, y) is treated as a

background. All these foreground features constitute what is
called temporal granule(s) Gϕ

TG over that (ϕth) channel of
{fPool1

t }. This is expressed as:

Gϕ
TG =

{
(x, y)εfPool1

ϕ(t) |,
|fPool1

ϕ(t) (x, y)− fPool1
ϕ(t) (μ)| > σPool1

ϕ(t)

}
(2)

A set of temporal granules {GTG} formed over {fPool1
t } is

defined as:

{GTG} =
{
G1

TG ∪G2
TG ∪ ... ∪Gϕ

TG ∪ ... ∪Gϑ
TG

}
(3)

Both spatio-color neighborhood {GSCNG} and temporal
{GTG} granules are combined with Eq. (4) to extract the spatio-
temporal granules {GST } over all the channels of {fPool1

t } in
Granule2 layer.

{GST } = {GSCNG} ∩ {GTG} (4)

Basically, {GST } comprises the features of those pixels which
are present in both {GSCNG} and {GTG}. {GST } represents
the set of pooling features which characterize approximately the
object model.

Step 3: RoI extraction from {GST } in Pool5 feature map.
In this process, first, {GST } map passes through several

hidden layers (convolution and pooling layers) in G-AlexNet
to obtain its reduced feature map (called {fPool5

t }). Thereafter,
we select only those pixels whose corresponding features are
present in both maps {fPool5

t } and {GST }. These pixels to-
gether constitute the RoIs, i.e., the foreground (objects) regions,
corresponding to ft.

Step 4: Anchoring process.
Anchoring process is performed on each pixel of the RoI

feature map (containing RoIs). The objective of this process is
to determine its possibility to be in a class. Pixel location in RoI
map, representing the object localization, are first projected on
the original ft plane, resulting in fGt , say. At each such RoI-pixel
location in fGt , we place masks of different scales and aspect
ratios, called anchors. These anchors represent the foreground
region proposal.

Let l be the number of anchors used at each RoI-pixel location
in fGt . In our experiment, we have used anchors of three different
scales and three different aspect ratios, i.e., l = 9. These anchors
are of regular shaped. Let ψi × �i denotes the size of ith anchor,
which is constructed around a RoI-pixel location (x, y) in fGt .
Then, the coordinate of the left corner point of ith anchor is
(x− ψi/2, y − �i/2). The two-dimensional pixel-array, thus
generated inside an anchor, is called the anchor feature map.
The sequence of these anchor feature maps for all RoI-pixels is
sent to the classification network (refer to Fig. 1) for determining
the appropriate bounding-box(s), class label(s), and classifica-
tion/recognition score(s) of detected object(s) in a frame, as
explained in Section II-A2. The pseudo-code for RoI generation
is defined in Algorithm 1: S.II (see the supplementary material
S.II).

2) Classification Network: Classification network takes a se-
quence of anchor feature maps as input and generates classifica-
tion score and appropriate bounding-box for the detected object.
The classification task includes three steps, such as ‘anchor
classification’, ‘fitting bounding-box’, and ’object recognition,
as explained below in step-wise.

Step 1: Anchor classification.
In order to perform classification, each anchor map needs to

be resized to that of the training images used in G-AlexNet.
The resized 2-dimensional anchor map is then converted to
1-dimensional weighted array through FC1 and FC2 layers of G-
AlexNet. Thereafter, this 1-dimensional array is passed through
FC3 layer for SVM-classification and bounding-box generation.
For each input anchor map, the SVM classification provides its
most probable class with classification probability (say, anchor
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score) as output. As mentioned before, each RoI-pixel has 9
anchors; thereby resulting 9 anchor scores corresponding to c
object classes C = {o1, o2, ..., oj , ..., oc}. The class with max-
imum anchor scores is decided as the label of that RoI-pixel.
Let this score be denoted as RoIsc. Further, each object in the
image contains one or more such RoI-pixels, each having a
RoIsc. These scores are used to obtain the recognition score
and class label of the object. The information about the center
co-ordinates, height, width, and class label of the anchor having
maximum classification score for each RoI-pixel is used to fit
the bounding-box over the object. This is explained in the next
step.

Step 2: Fitting bounding-box.
All the anchors that contain maximum classification scores

for all RoI-pixels are used to fit the bounding-box(s) over
the object(s). A RoI-pixel (hence an anchor) may belong to
more than one object in case of occlusion. Therefore, we
compute the degree of overlapping (α) among the anchors
considering two together, to check if they are from the same
object or from two different objects. α of two anchors a1 and a2

is defined by the cardinality of their intersection, normalized by
that of their union. If the class label of two anchors are same and
α exceeds a threshold, say αT (usually taken 0.5), then, anchors
a1 and a2 are decided to be of the same object; otherwise, from
two occluded objects. If α = 0 (in case of non-overlapping), a1

and a2 are from two separate objects. Anchors, thus decided
to represent the same object, are combined (union) to form
the bounding-box of the object. As said earlier, spatio-temporal
granules (refer to the step 2 in Section II-A1) represent objects
region [15] in the image/video frame. Therefore, the common
region between each anchor and corresponding spatio-temporal
granulated region is used as the bounding-box over each oc-
cluded/separated object. In the next step, the bounding-box
information, such as class labels and RoIsc scores are used to
check whether the box belongs to either object or background.
Then, the recognition score and class label of the detected object
are obtained.

Step 3: Object recognition.
Let a bounding-box be characterized by ζ number of RoI-

pixels. Then, it would have ζ number of RoIsc values with
class labels (RoIsc, oak)

k∈c
a=1,2,...,ζ . Based on these (RoIsc, o

a
k)-

information, the class label and recognition score of the object
(o) are determined. Following two cases may arise:

Case 1: Class labels for all the ζ number of RoI-pixels are
same, say, ok, but with different RoIsc-values. Then, all the
RoI-pixels are called positive RoI-pixels. The recognition score
So of the object (o) is then determined by the maximum of these
ζ number of RoIsc-values.

Case 2: Class labels for all the ζ number of RoI-pixels are
not same. Then, the object o is assigned to the kth class ok,
if at least (ζ/2 + 1) RoI-pixels (i.e., majority) have the same
class label. These pixels are called positive RoI-pixels. The
recognition score of the object o is determined by the maximum
of RoIsc-values of those positive RoI-pixels. If this (majority)
condition is not satisfied, o is treated as ‘background’, and all
the ζ pixels are called negative RoI-pixels.

As we see, the detector G-RCNN is based on the proposed
G-AlexNet which, in turn, uses a pre-trained AlexNet archi-
tecture. Pre-trained AlexNet provides the information on class-
label of objects and bounding-boxes around them. Even though
the AlexNet was pre-trained, embedding of three layers (i.e.,
granulation, RoI generation, and anchoring process) within it,
necessitates its re-training to change the filter parameters in order
to make the G-RCNN functional. The training of G-RCNN is
explained in the next section.

B. Training of G-RCNN

For training of G-RCNN, we assign a binary class label (either
positive or negative) to an anchor at each location in fGt using its
c classification probabilities and intersection over union (IoU )
values with respect to various ground truth bounding-boxes. Let
there be l(= 9) number of anchors and r number of ground-truth
boxes corresponding to each location in fGt . We assign positive
label to an anchor, if its IoU > 0.75 [2] for at least one ground-
truth box. The anchor is negative, if its IoU < 0.25 [2] with
respect to all r ground-truth boxes. Only positive and negative
anchors over positive RoIs are considered for the training of G-
RCNN. Training using these positive and negative anchors of fGt
is done using back-propagation algorithm based on the output of
FC3, with stochastic gradient descent (SGD) search [2] and loss
function (say, L). The loss function and parameter initialization
for the training of G-RCNN are defined in Sections II-B1 and
II-B2.

1) Loss Function: Loss function (L) has two components,
namely classification lossLcl and bounding-box regression loss
Lbb. Let aji be the ith anchor at jth location in fGt . Let vji =

{vji (1), vji (2), ..., vji (c)}li=1, be the set of c classification scores
for aji , as provided by c number of SVMs. Each SVM designates
a particular class. Out of these c values, we select the vji value
whose SVM-class label matches with the ground-truth class-
information {gj(k)}, k ∈ c. If 
th (
 ∈ c) class is matched,
then, the log error associated with the said decision on aji is
called classification loss Lcl(a

j
i ). This is defined as:

Lcl(a
j
i ) = cls(aji , g

j)× log
{
1− vji (
)

}
(5)

where desision indicatior cls(aji , g
j) is defined as:

cls(aji , g
j) =

{
1, if aji (
) = gj(
)
0, otherwise

}
(6)

Let bxji be the bounding-box of the anchor aji in fGt . Let rj be
the ground-truth bounding-box at the jth location. Let b(.) be
the vector representing four parameterized values (center coor-
dinates, height and width) of a bounding-box (.). Parameterized
(normalized) values [2] are used to compute the bounding-box
regression error or loss Lbb due to the mismatch between rj and
bxji . This is defined as

Lbb(a
j
i ) = obj(bxji )×R|b(bxji )− b(gj)| (7)
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where the decision indicator obj(bxji ) is defined as:

obj(bxji ) =

{
1, if aji is a positive anchor
0, otherwise

}
(8)

and R denotes the smoothing error function, defined in [10].
Therefore, the total loss L associated with the aforesaid classi-
ficatory decision for an anchor aji in fGt is defined as

L(aji ) = Lcl(a
j
i ) + Lbb(a

j
i ) (9)

Error based on this loss function (refer to Eq. (9)) is back-
propagated from the output of FC3 to Conv1 using all the positive
RoIs of fGt feature map to obtain the optimal weights of each
layer in G-RCNN. Parameter initialization is required for the
training of G-AlexNet, as defined in the next section.

2) Parameter Initialization: All the new layers (e.g., granu-
lation, RoI generation, and anchoring process) in G-AlexNet are
randomly initialized with a Gaussian distribution of zero mean
and standard deviation of 0.01. Other layers (i.e., the shared
convolutional layers) are initialized by those of the pre-trained
AlexNet, which was trained over VOC07 data. The momentum
and decay parameters of stochastic gradient descent search
algorithm during training of G-AlexNet are set to default values
0.9 and 0.001, respectively.

After detecting the objects in a video frame by G-RCNN,
we track them. Detection of objects over frames leads to the
generation of several possible trajectories corresponding to each
detected object. Determining the exact trajectory for such an
object is called tracking. This is done by the proposed MCD-
SORT algorithm, as described in Section III.

III. PROPOSED MCD-SORT METHOD FOR OBJECT TRACKING

MCD-SORT is an advanced version of the well-known deep
SORT [20] used for tracking. The working principle of deep
SORT is stated in Section C: S.I (see the supplementary ma-
terial S.I). Deep SORT can handle both short and long-term
occlusions. It functions as follows: first, all possible assignments
(trajectories) are computed between the target object in ft and all
existing track-lets in previous frames. Second, the most suitable
assignment for each target object is predicted. Consideration of
the track-lets in previous frames for all classes increases the
searching space and reduces the tracking speed. MCD-SORT
overcomes this issue by restricting the computation of all such
possible assignments only between the target object and existing
track-lets of the same class.

Let {t : t1, t2, ..., tn} be the set of n trajectories containing
different numbers of track-lets. Let {tβ : t1β , t

2
β , ..., t

ξ
β} be a set

that represents the appearance descriptor of all the track-lets of
βth trajectory. ξ implies the total number of track-lets present
in βth trajectory. Let {o : o1, o2, ..., oν , ..., om} be the set of
m new objects detected in the current frame, as obtained from
G-RCNN. In MCD-SORT, we compute the similarity (with a
metric Q) to associate the νth newly detected object with each
trajectory having the same class track-lets, and select the one
with maximum similarity. The metric Q between βth trajectory

(tβ) and νth newly detected object (oν) is defined as

Q(tβ , oν)=

{
(λ1)E(tβ , oν)+(1− λ1)A(tβ , oν), if okν = tkβ
0, otherwise

}
(10)

where k ∈ c, β ∈ n, ν ∈ m, E(tβ , oν), and A(tβ , oν) are two
different distance metrics in 8-dimensional (viz, center co-
ordinates, height and aspect ratio of the bounding-box, and
their velocities) state space. These metrics are defined so as to
take care of both short- and long-term occlusions in tracking of
oν . Lower the value of Q is, higher is the similarity, which is
preferable. The effect of E and A on Q is controlled using λ1.
Metric E(tβ , oν) between tβ and oν is:

E(tβ , oν) =
√
oν − t1β (11)

where t1β denotes the predicted 8-dimensional Kalman state of
the latest track-let of βth trajectory. Metric A(tβ , oν), on the
other hand, is defined using the minimum cosine distance among
the ξ track-lets of tβ and oν , as

A(tβ , oν) = min
{
1− cos(oν , t

k1

β )
}

(12)

where cos(oν , t
k1

β ) represents the cosine similarity between oν
and tk1

β , and k1 = 1, 2, ..., ξ.
One may note that, while Eq. (12) addresses the association

of the oν with the tβ , Eq. (11) does so only for the latest track-let
of tβ . While computing Q(tβ , oν) (refer to Eq. (10)), one may
further put some thresholds, say, TE and TA onE andA values,
respectively, for excluding the unlikely association of the newly
detected object; thereby reducing the search space and hence,
the computation time. The metric Q(tβ , oν) (Eq. (10)) defines
the distance between oν and tβ . Accordingly, for n trajectories,
there would be n number of Q-values for the oν . The one with
lowest Q-value is decided as the assigned trajectory of the oν .
That is, the association rule for oν is:

D(tβ , oν) =

{
1, if Q(tβ , oν) = min {Q(tβ , oν) �= 0}
0, otherwise

}
(13)

All the said tracking operations are done for each detected
object to get its matched or unmatched association with existing
trajectories. If an existing trajectory does not get associated with
any newly detected object, then, one null track-let record is added
to its history. A trajectory with the number of null track-lets
greater than a predefined threshold (say, Tmax), is considered to
have left the scene, and therefore, deleted from the trajectory
set {t}. The pseudo-code of the MCD-SORT is depicted in
Algorithm 2: S.II (see the supplementary material S.II).

IV. EXPERIMENTAL RESULTS

In Section II, we have described the proposed model (G-
RCNN) by introducing the concept of granulation in deep CNN
architecture to generate the RoI map that represents various
object regions in images/video; thereby, increasing the detection
accuracy. While tracking, the system uses an advanced version of
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deep SORT algorithm called MCD-SORT (refer to Section III),
for accurate and speedy searching. In this section, we experi-
mentally demonstrate these features extensively over 37 videos
and provide a comparative study with several state-of-the-art
methods of both detection and tracking. Our experiment has
four broad objectives. These are to demonstrate:

1) (a) How G-RCNN improves over Fast RCNN and Faster
RCNN; thereby signifying the importance of granulation
in RoI map generation.
(b) How spatio-temporal granules improves object detec-
tion over spatial granules.

2) Superiority of G-RCNN over some state-of-the-art video
object detection techniques, such as TPN [25], D&T [26],
and THP [27].

3) The effectiveness of MCD-SORT over SORT and deep
SORT.

4) Superiority of MCD-SORT over some state-of-the-art
tracking algorithms, such as SOP [17], AMIR15 [28], and
AM [29], given a detection algorithm.

The experimental set up, performance metrics, datasets used,
and experimental results are discussed in following sections:

A. Experimental Setup

Algorithms are coded in Python 3.6 (anaconda), with Ubuntu
14.04 using an Intel i7 processor clocked at 2.50 GHz and
8.00 GB of memory. The libraries used are cv2, Numpy, and
TensorFlow. The GPU used is Quadro 6500. As mentioned in
Section II, the feature generation network of G-RCNN (e.g.,
G-AlexNet) is developed over a pre-trained AlexNet. Training
of G-RCNN and pre-trained AlexNet are based on single scale
images of 227× 227× 3 pixels corresponding to R, G, and B.
Test images are re-scaled accordingly. We have used the default
parameters of AlexNet in this experiment. These include,ϑ = 96
filters each having size 11× 11, with stride = 4 in the Conv1
layer; a filter of size 3× 3 with stride = 2 in Pool1, Pool2 and
Pool5 layers; 256 filters each having size 5× 5 with padding
= 2 in Conv2 layer; 384 filters each having size 3× 3 and
padding = 1 in Conv3 and Conv4 layers; and 256 filters each
having size 3× 3 with padding = 1 in Conv5 layer. Anchors
used over RoI map in Pool5 layer for object localization are of
different sizes and different aspect ratios, e.g.,10× 14, 14× 10,
14× 14, 20× 28, 28× 20, 28× 28, 40× 56, 56× 40, and
56× 56. Sizes of these anchor maps are selected based on the
sizes of objects present in the training images/video frames. For
object tracking by MCD-SORT (Section III), two thresholds,
TA = 9 and TE = 3 with λ1 = 0.5, and Tmax = 30 [20] are
used, respectively.

B. Performance Metrics

The performance metrics used in the study are mAP: mean
average precision (%), MOTA: multi object tracking accuracy
(%), IDS: identity switches (number)[30] , MOTP: multi object
tracking precision (%), MT: mostly tracked targets (%), ML:
mostly lost targets (%), and Speed (frames per second (fps)). A
detailed description of all these performance metrics is stated in
Section A: S.III (see the supplementary material S.III). Metrics

mAP and Speed are used for object detection [2], while MOTA,
IDS, MOTP, MT, ML, and Speed are used for object tracking
[30].

C. Dataset Created and Used

The effectiveness of our G-RCNN and MCD-SORT algo-
rithms along with various comparisons has been demonstrated
extensively over several benchmark datasets. Various static im-
ages and videos, containing different number of classes, as used
for training and testing are explained in the Sections IV-C1 and
IV-C2, respectively. Training performances of G-RCNN and
Faster RCNN are demonstrated in Section B: S. III (see the
supplementary material S.III).

1) Static Image Data:
i) VOC-train [12]: It has two parts, namely VOC 07-train

(07trn) and VOC 12-train (12trn). Both 07trn and 12trn
data contain 5K and 5.7K train images of twenty object
classes

ii) VOC-test [12]:VOC-test has two parts, e.g., VOC 07-test
(07tst) and VOC 12-test (12tst). 07tst and 12tst contain
5K and 5.7K test images of twenty object classes.

2) Videos:
i) MOT15 challenge dataset [22]: This dataset has 11 videos

each containing either one and/or two object classes,
namely person and car.

ii) Video analytics road 19 (VAR19): It has two parts, namely
video analytics road 19-train (19trn) and video analytics
road 19-test (19tst). 19trn data contains 2K train video-
frames of eight object classes (e.g., car, bus, loco, truck,
minivan, bike/scooter, bicycle, and person). Whereas,
19tst contains 30 real-world videos with the aforesaid
eight different classes of objects.

iii) Urban Tracker: It has two parts, namely Urban Tracker-
train (uttrn) and Urban Tracker-test (uttst) [23]. Both
uttrn and uttst data contain 626 train video-frames and
4 videos, respectively, each having four different object
classes e.g., bicycle, bike/scooter, person, and car.

MOT15 challenge,19tst, anduttst data are used as test videos.
From MOT15 challenge, we have used three videos, such as
TUD-Crossing (TUD), PETS09-S2L2 (PETS), and AVG-Town
Center (AVG). The total number of classes or objects (Ctest)
over these test data is eight.

For training, in general, we have used various static images
and video data, e.g., 07trn, 12trn, 19trn, and uttrn, containing
different number of classes (Ctrain). Note that four object
classes in uttrn and eight object classes in 19trn are common
in the aforesaid eight test classes (Ctest). Whereas, twenty
object-classes in 07trn and 12trn contain those six test classes
and extra fourteen classes. That means Ctest and Ctrain may
not be the same always in the experiment. In some parts of the
experiment, for the sake of fair comparison with Fast RCNN and
Faster RCNN, we have used 07tst and 12tst data.

Out of these data sets, 19trn and uttrn are created in our lab
based on real-life videos acquired from a steel plant in India
and urban tracker videos. VAR19 is a new real-life traffic data,
not available elsewhere, unlike VOC and MOT 15 which are
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TABLE I
COMPARATIVE PERFORMANCE OF G-RCNN-RPN IN TERMS OF MAP (%)

benchmark data available online. For annotation of the 19trn
and uttrn video-frames, we have labelled all the objects present,
fully or by more than 80%, in a frame by their respective
categories. Bounding-boxes over them are marked, and their
co-ordinates are recorded. If an object is occluded by less than
20%, then, it is marked as a ‘truncated’ object of the concerned
category.

D. Results on Object Detection and Tracking

Experiments along with comparisons are conducted to eval-
uate the effectiveness of the proposed algorithms (G-RCNN +
MCD-SORT) in multiple object detection and tracking, in line
with the four objectives (stated in the beginning of Section IV).
The objective 1(a) does not require G-RCNN to consider the
temporal information of images, while the objective 1(b) does.
That is, 1(a) and 1(b) need static images and videos, respectively
as inputs. Accordingly, G-RCNN used in objectives 1(a) and
1(b) may be designated as G-RCNN-rpn and G-RCNN-frpn,
respectively. Objectives 2, 3, and 4 need videos as inputs for
object detection and tracking. Objectives 1(a), 1(b), and 2
are discussed in Sections IV-D1, IV-D2, and IV-D3. Whereas,
objectives 3 and 4 are demonstrated in Section IV-D4.

1) Significance of Granulation in RoI Proposal: To demon-
strate the significance of granulation in RoI proposal, we pro-
vide comparative results for object detection of the proposed
G-RCNN-rpn with Fast RCNN and Faster RCNN in Table I
for 07tst and 12tst data. As said earlier, G-RCNN is developed
over AlexNet architecture. Therefore, Fast RCNN and Faster
RCNN are developed over the same architecture to make a fair
comparison. As 07tst and 12tst data are used for testing purpose,
we have used either 07trn or the combination of 07trn and 12trn
for training. First five rows (refer to Table I) correspond to results
with Fast RCNN and Faster RCNN for different combinations
of training and testing sets. The remaining are for G-RCNN-rpn
with same sets of combinations. It is seen from the table that in-
corporating granulation in deep CNN (viz, G-RCNN-rpn) results
in superior mAP score over all the respective cases. This signifies
that the RoI-pixels detected by the proposed G-RCNN-rpn are
more representative of object classes. GPU Quadro 6500 is
used for all these detectors. The speed of Fast RCNN, Faster
RCNN, and G-RCNN algorithms are 1.4 fps, 6 fps, and 5.5 fps,
respectively. Therefore, G-RCNN-rpn is also superior to Fast
RCNN in terms of speed (fps); whereas, Faster RCNN is little
faster.

TABLE II
PERFORMANCE OF G-RCNN-FRPN AND G-RCNN-RPN IN TERMS OF MAP (%)

2) Significance of Spatio-Temporal Information in RoI Pro-
posal: Here, we demonstrate the relevance of using the spatio-
temporal information (in G-RCNN-frpn) over the spatial infor-
mation (in G-RCNN-rpn) for the task of granulation. Therefore,
one needs video data for temporal information. Accordingly, in
this experiment, G-AlexNet is retrained with video data like
19trn and uttrn on the top of 07trn and 12trn, and tested
over 19tst and uttst videos. Table II shows the comparative
performance in terms of mAP for different combinations of
training data. First four rows correspond to the results of G-
RCNN-rpn and the remaining are for the G-RCNN-frpn. For all
the cases, G-RCNN-frpn is seen to be superior to G-RCNN-rpn
in terms of mAP. The speed of G-RCNN-rpn and G-RCNN-frpn
are 5.5 fps and 5.7 fps, respectively. Comparative results sig-
nify the relevance of spatio-temporal information over spatial
information. As expected, considering all the datasets (viz,
07trn + 12trn + 19trn + uttrn) for training, provides better
mAP-score (e.g., row 5 over 1, row 6 over 2, row 7 over 4,
and row 8 over 3). These results demonstrate the superiority
of G-RCNN-frpn over G-RCNN-rpn. Example results of such
detection by G-RCNN-frpn and G-RCNN-rpn for one frame of
19tst video are explained in Section C: S.III (see the supplemen-
tary material S.III).

3) Comparison of G-RCNN With State-of-the-Art Video Ob-
ject Detection Algorithms: We provide a comparative perfor-
mance of G-RCNN with some recently developed video object
detection techniques, namely TPN [25], D&T [26], and THP
[27]. All these techniques are based on deep CNN. We have used
07trn (image) and TUD video for training and testing, respec-
tively. One may note that the aforesaid comparing techniques
use different feature generation networks (e.g., GoogLeNet and
ResNet 101), and different GPUs, like Titan X and K40. Our
G-RCNN uses G-AlexNet as feature generation network and
Quadro-6500 as GPU. Detection accuracy (mAP) depends on
feature generation network only. Whereas, detection speed in-
volves both the computation time of feature generation network
and computing power of GPUs. Therefore, it may appropriate
and fair to make the comparison only in terms of mAP that
would reflect the effectiveness of the models with respect to
their feature generation networks. The results are reported in
Table III. It is seen that the G-RCNN is the best among the three
comparing detector in terms of mAP score.

4) Tracking Results: Here, we discuss, as per objectives 3
and 4 (beginning of Section IV), the tracking performance of
the proposed MCD-SORT, given any object detector. We have
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TABLE III
PERFORMANCE IN TERMS OF MAP (%), AND SPEED (FPS) FOR VARIOUS VIDEO

OBJECT DETECTORS

TABLE IV
TRACKING RESULTS OF SORT, DEEP SORT, AND MCD-SORT OVER 19tst,

uttst, TUD, AND PETS VIDEOS

demonstrated that MCD-SORT is not only an advanced version
of SORT [18] and deep SORT [20], but also superior to some
state-of-the-art trackers, such as SOP [17], AMIR15 [28], and
AM [29]. In this study, 30 videos from 19tst, 4 videos from
uttst, and 3 videos (e.g., TUD, PETS, and AVG) from MOT15
challenge are used. 19tst, and uttst have multi-class objects.
TUD contains objects of two classes. PETS and AVG have single
class (person) objects only.

Table IV shows the performance of MCD-SORT, deep-SORT,
and SORT for tracking over the datasets 19tst, uttst, TUD,
and PETS. From Table IV (first 18 rows), it is evident that
MCD-SORT is superior to SORT and deep SORT for multi-class
and two-class tracking in terms of all the metrics, respectively.
The speed of SORT and deep SORT algorithms are 60 fps and 21
fps, respectively with the GPU TitanX. Whereas, the speed of
MCD-SORT algorithm is 29fps with the GPU Quadro 6500.
As per speed, SORT has an edge since it uses only motion
information instead of both motion and appearance used in deep
SORT and MCD-SORT. For single-class tracking, as mentioned
in Section III, MCD-SORT boils down to deep SORT. This is
evident in Table IV (refer to rows 20 and 21, and rows 23 and
24). Additional results on the performance of MCD-SORT, deep
SORT, and SORT over the dataset AVG are explained in Section
D: S.III (refer to the supplementary material S.III).

For comparing the tracking performance of MCD-SORT with
the recently developed trackers, e.g., SOP, AMIR15, and AM,

TABLE V
COMPARING TRACKING PERFORMACE OF MCD-SORT OVER TUD AND AVG

VIDEOS

Fig. 2. Tracking results of MCD-SORT with G-RCNN.

we provide results in Table V corresponding to TUD and
AVG videos. The tracking results shown corresponding to Faster
RCNN and G-RCNN as detectors. The speed of these tracking
algorithms, such as SOP, AMIR15, and AM, are 14 fps, 6 fps,
and 11 fps, respectively. From Table V (last 8 rows), dealing with
single-class object(s) tracking in AVG video, it is evident that
MCD-SORT is the best among all the comparing state-of-the-art
trackers with respect to all performance metrics for both detec-
tors. Moreover, the tracking performance (indices-wise) is seen
to be much better with the detector G-RCNN than Faster RCNN.
This further supports our claims in Section IV-D1 regarding the
superiority of G-RCNN over Faster RCNN. Additional results
on the performance of MCD-SORT, SOP, AMIR15, and AM
over the dataset PETS are shown in Section D: S.III (see the
supplementary material S.III).

Similar conclusions also hold good for tracking two-class
objects (first 8 rows from Table V). For tracking with two-class
objects (persons and cars) in TUD video, it is seen that MCD-
SORT performs the best compared to the comparing trackers
in terms of all the metrics corresponding to both detectors
G-RCNN and Faster RCNN. Note that since the investigation
involves two-class tracking, the comparing methods (viz, SOP,
AMIR15, and AM) which were originally designed for single-
class tracking, are retrained here for two-class problem for the
sake of fair comparison. Further, among all the combinations of
detectors and trackers in Tables IV to V, proposed G-RCNN and
MCD-SORT results in the best tracking performance. Example
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results of such tracking by G-RCNN+MCD-SORT for 19tst,
uttst, PETS, AVG, and TUD videos are shown in Fig. 2.

V. CONCLUSION

An object detector called granulated RCNN (G-RCNN) is
described based on a newly developed deep CNN architecture
called G-AlexNet. G-AlexNet is an advanced version of AlexNet
where the concept of granulation is incorporated in the output
map of its Pool1 layer. G-AlexNet acts as the feature generation
network of G-RCNN to produce the effective regions of interest
(RoIs) of objects in videos for their detection, in unsupervised
mode. Both spatio-color neighborhood and temporal granules
are formed in this process. Unlike Fast RCNN [10] and Faster
RCNN [2], G-RCNN accepts videos directly as inputs. During
the training of G-RCNN, the loss function is based only on the
positive and negative anchors over the positive RoIs, unlike Fast
RCNN and Faster RCNN where all RoIs are used. The said
RoIs that are generated by G-RCNN, characterize the object(s)
regions more accurately as compared to Fast RCNN and Faster
RCNN. In G-RCNN, RoIs are generated using the granulation
over the pooling feature map. Whereas, in Fast RCNN and
Faster RCNN, the entire pooling features are used as RoIs. The
task of classification is restricted only to the objects in RoIs,
rather than considering the entire feature map, which leads to
a significant improvement in on-line object-detection accuracy
of G-RCNN. The use of spatio-temporal information in forming
foreground granules, as expected, is more effective than using
spatial information alone. The concept of using granulation in
deep CNN is unique. In another part, a new tracking algorithm,
namely multi-class deep SORT (MCD-SORT) is designed which
is an advanced version of the popular deep SORT where the
computation of association of detected objects with the existing
trajectories is restricted only within the objects of same cate-
gory. This reduces the runtime while increasing the tracking
accuracy.

Object detector G-RCNN is not only an improved version of
the well-known Fast RCNN and Faster RCNN, but also found
superior to the recently developed video object detectors TPN
[25], D&T [26], and THP [27] when tested over TUD-crossing
video (TUD). For a given detector, the proposed tracker MCD-
SORT, an advanced version of deep SORT, outperforms some
state-of-the-art trackers, e.g., SOP [17], AMIR15 [28], and AM
[29] for tracking single-class and two-class objects. Among all
the combinations of detectors and trackers considered in the
experiment, the one like G-RCNN + MCD-SORT is found to
be the best. We have used here the trained AlexNet as the basis to
develop the G-AlexNet, the proposed feature generation network
of G-RCNN. However, one can use any other type of deep CNN
to model the G-RCNN. VAR 19 data is prepared by the authors
based on the real-life videos acquired from a Steel Plant in India.
The preparation of VAR 19 is significant, particularly, when the
availability of real-life video data is scarce.

Although the proposed G-RCNN has been demonstrated for
obejct detection from traffic images, it can be made applicable
for other kind of images, such as SAR iamge. In this context,
recent application of deep CNN for change detection [31] in

SAR images may be explore as a future study of the proposed
G-RCNN, among other applications.
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