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Abstract- Backdrop modeling is crucial in machine vision and image processing, such as automatic video surveillance
and human-machine interaction (HCI). It involves modeling the background, eliminating pictures from the background
image, and removing shadows from the final image. Moving objects leave a shadow behind them in the picture, which
is represented as a backdrop image due to ambient noise and variations in brightness. Shadow motion detection is
essential for recognizing objects in video streams, as shadow points are often misclassified as object points, resulting
in segmentation and tracking problems. Many techniques for modeling shadows have been developed, but algorithms
continue to be tested under various illumination settings. Block-based models have lately been adopted due to these
circumstances, splitting the picture into equal blocks and determining movement by a collection of blocks in the most
recent frames. This work presents a novel model based on PCA + LDA and hierarchical convolution features to
overcome the difficulties in block-based techniques. The proposed technique considers the distinction between fixed

and moving items based on the type of peripheral object.
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Introduction

Detecting a moving object in sequential images from
research areas is challenging [1, 2]. The use of visual and
image processing systems to detect and track objects in
different natural environments is highly complex. The
overall goal is to identify motion in the image in three
different ways. In the first praxis, low-level applications,
in the second praxis, intermediate processing, and in the
third praxis, high-level processing is performed [3, 4].
From the first praxis, the identification of scene
components and segmentation, from the second praxis,
object identification, and tracking, and from the third
praxis, string analysis of images and scene analysis can be
enumerated, which is the most important part of motion
identification. The input video is converted to a series of
images (or consecutive frames). These images provide
information about the scene in sequence. In general, the
scene is divided into two parts: fixed and dynamic or
variable. The fixed part of the scene consists of the parts
that do not move, the background, and the variable part
of the scene includes the moving parts, the objects.
Conventional motion detection models are based on
subtracting the image from the background, which
requires constant updating of the background model. In
this regard, methods such as light flux [4] and temporal
subtraction [1, 5] are common approaches to background
subtraction. But the optical flux model has a lot of
computational load and can not be used in practical
conditions. In contrast, frame subtraction (FDM) models
[6] are easy to implement and can be quickly calculated.

However, the weakness of these methods is that the
motion detection in them is not done accurately and there
is always noise in the image [6]. In the background
subtraction (BSM) model, the values of different pixels
change over time. Appropriate algorithms should take
this change into account in modeling. Therefore,
background modeling is very difficult despite issues such
as changing the speed of objects, changing brightness,
obstruction, and overlap. Recently, block-based models
have been highly developed in modeling and motion
estimation [7].

Among the tracking algorithms, the
discriminative correlation filter (DCF) [5-7] framework-
based tracking algorithm has significant benefits and has
been quickly deployed and improved. Bolme et al. [8]
employed the correlation filter framework, which used
the minimal output sum of square error (MOSSE) method,
to considerably enhance tracking speed. However, the
MOSSE tracker's tracking precision was insufficient to
fulfill the real demand. Henriques proposed the circulant
structure of tracking-by-detection with kernels (CSK)
algorithm [9, 10], which used the diagonalization of the
circulant matrix in the calculation process to simplify the
calculation of nuclear regression, so the target tracking
speed was greatly improved, as was the tracking
accuracy.

However, when the target scale grows larger, the
convolution computation for extracting target features
and training filters grows larger, resulting in a drop in
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target tracking speed. The kernel correlation filter
method (KCF) [11] was an enhancement of the CSK
technique that tracked the target using the histogram of
oriented gradients (HOGs) and enhanced tracking
accuracy. The HOG characteristics were extracted to
recognize the item and improve tracking accuracy.
Galoogahi et al. [12] proposed a backdrop-aware
correlation filter (BACF) based on HOG features that
efficiently controls an object's diversity in both
foreground and background.

Liu et al. [13] investigated a patch-based tracking
approach based on multi-CF models. Noise effects might
be successfully adjusted by combining numerous
sections. Danelljan et al. published a DSST technique
based on MOSSE in 2014 that employed HOG
characteristics to generate a scale pyramid for target
scale estimate [14]. However, when the goal size
increased, so did the convolution computation in training,
resulting in a drop in tracking speed.

The Kalman filter technique was employed in [15, 16] to
anticipate the state of the target, decide if the target was
occluded, and mark the target that was still occluded
afterwards. Due to the dynamic tracking environment,
the target may have varied deformations, severe
occlusion, and other difficulties throughout the long-term
target tracking process, which may cause tracking failure.
The ability to swiftly resume the target tracking
capability is critical for long-term target monitoring.
Zhang et al. [17] defined the descriptors for rotation and
scale normalization and merged color and texture
characteristics to conduct optimal similarity matching on
the descriptors in the front and rear frames candidates
for target tracking. Yuan et al. [18] created a target-
focusing convolutional regression model for the visual
object tracking task to place more emphasis on the target
sample than on the background samples. The target-
focusing loss function may effectively balance the
percentage of positive and negative data and avoid the
appearance model from overfitting to the background
samples.

Ma et al. [19] used an online random fern classifier to
redetect objects in the event of a tracking failure. To
address the drawbacks of using a single feature to
represent the target, certain tracking approaches based
on multiple feature fusion were developed [20-23],
which might increase the algorithm's resilience to some
extent.
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Deep learning has outperformed traditional image
processing approaches in terms of accuracy in face
identification and image detection as it has expanded fast
in the field of machine vision in recent years. Deep
learning, unlike previous approaches, does not require
manual feature creation and instead models the human
visual perception system and abstract expressions using
the characteristics of the original image. By pretraining
deep CNNs, extracting the last three layers of
convolutional features, and learning adaptive correlation
filters, Ma et al. [24] enhanced tracking accuracy and
resilience.

Qi et al. [25] concentrated on a hierarchical CNN-based
tracking framework (HDT) that made full use of multiple
characteristics and employed an adaptive Hedge method
to hedge these trackers into a stronger one. Valmadre et
al. [26] encoded the DCF learner as an end-to-end
differentiable CNN layer and tracking target. Despite their
effectiveness, all of these approaches are either
hampered by a higher computing cost or yield inadequate
tracking performance.

To tackle the challenges in block-based approaches, a
novel model based on PCA + LDA and hierarchical
convolution features is used in this study. Based on the
kind of peripheral object, the proposed approach
distinguishes between stationary and moving things.
Instead of simply removing pixels, the picture of each
frame is separated into equal blocks and differentiated
between the blocks in this work. Of course, edge
information and certain moving pieces may be eliminated
during this subtraction. Segmentation information can
also be utilized to overcome this problem and completely
separate moving portions. In this work, after presenting
several object detection methods such as PCA and LDA, a
combined PCA + LDA approach is provided to identify the
motion of a moving object in pictures, and the results of
applying this algorithm to one of the legitimate datasets
are compared to prior methods.

Hierarchical Convolutional Features

To remove the drawbacks of thinness and slowness, the
suggested approach combines both as regulators in a
single objective function termed LDA. The suggested
learning algorithm's input data is a sequence of cubes
with a time dependency, and each cube in this sequence
is indicated by t. The model is trained to learn the
integration properties of p(® from x(® data by tackling the
issue of minimizing the following finite cost function:

(1)

Subject toWWT =1
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The properties p® are obtained by converting the
following data from x(®:

p® = [HWx®)2

Where W € R¥*™ are the weights that connect the input
data to the simple neurons,and H € R™*¥ are the weights
that connect the simple neurons to the neurons. The
merging cells (usually H is fixed) n, k, and m are the input
dimensions, the number of simple neurons, and the
number of merging neurons, respectively. The limit of
normal orthogonality guarantees a variety of features and
prevents feature reproduction. The structure of this
model is shown in Figure 1. In this cost function,
minimizing the second expression increases the thinness
of the learned features. An ISA network can be described
by a two-layer network, consisting of nonlinear quadratic
and quadratic root functions in the first and second
layers, respectively. W weights are learned in the first
layer and H weights are constant in the second layer and
define the subspace structure of the first layer neurons.

w
Where the first expression is the reconstruction
condition that encodes the data xt using the vector matrix
multiplication as z®= Wx® and then the result using
another forward pass reconstructs x® =WTz®. This term
can also be interpreted as an automatic encoder
reconstruction cost. In this cost function, A and y are add-
on parameters that specify the importance of being slow
and thin, respectively.

N 2 N-1 N
min > O = wwxO[Z 42" [p© = pe0f| 4y Y [p@]
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In fact, each hidden layer neuron in the second layer is
obtained by merging neurons in a small neighborhood.
Interior search algorithm (ISA) and Slow Feature
Analysis (SFA) algorithms have normal orthogonal
constraints to prevent the reproduction of features and
the generation of various features. Applying this
limitation causes disadvantages such as preventing
learning of more than complete representations as well
as slowing down the optimization process, especially for
large-sized data such as video sequences. By applying this
condition to the proposed cost function (1), we will have
the following unlimited cost function, which can be
minimized by any general and unlimited optimization
algorithm:

(3)

In order to develop the LDA algorithm into high-
dimensional inputs, convolutional neural network
architecture has been used. In this model, PCA and LDA
have been used as subunits of the observer learning
algorithm. This architecture, called DL-LDA, is shown in
Figure 1.

First h_a_lf‘ofm;ut

et -

-

?;o;d-r:a‘l fi)rfrinput

Figure 1. Proposed DL-LDA architecture

The instruction of this proposed model is as follows: First,
we teach the LDA algorithm on small input components.
We then convolution the trained network with a larger
area of input. The combination of convolution phase
responses is then used as input for next-layer training,
with the next layer, another LDA algorithm, using PCA as

its preprocessing step to clear and reduce data
dimensions.

Blocking for motion simulation

Data platforms that are large in size, along with the
capabilities they have and the opportunities they provide,
create many computational challenges. One of the
problems with large data sets is that most of the time all
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the properties of the data are not critical to finding the
knowledge that lies in the information. Processing on all
pixels of an image, while increasing the processing
accuracy, is equally effective in reducing processing
speed and time. For this reason, processing on a batch of
selected pixels seems more logical. In such a way that the
image is divided into equal parts and the processing is
done on them in groups. To do this, methods are
proposed that filter less valuable data and process it on
higher value data. That is, they process the image by
reducing the size of the data. In many areas, data
reduction has been a significant issue. These methods
transform a multidimensional space into a space with
smaller dimensions. In fact, by combining the values of
existing attributes, they create fewer attributes so that
these attributes have all (or a large part) of the
information contained in the original attributes.

The problem of reducing the dimensions of the data can
be expressed mathematically as follows: We have a p-
dimensional random variable X = (xi,.., xx)T. The k-
dimensional variable S =(sy,...., Sx)T must be found in such

Training

convolution
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a way that firstly it is k < p, and secondly S has the
contents of X according to a specific criterion. Linear
methods try to obtain each of these k components from
the linear composition of the original component p.

(4) Si=wii+ .. wipxp  for i=1,..,k,or S=Wy
Where Wk« pis a matrix of linear mapping weights.
Tables, Figures, Equations

Figure 2 summarizes the PCA + DL-LDA combination
recognition system:

(5) Y=T x
(6) Z=Wy Tx

In the first expression, ® is the PCA transfer function that
maps the x image to the space below the y-faces. Wy is the
best DL-LDA transfer on the PCA subspace, which
transfers the PCA coefficients to the LDA subspace. Wy
transfer is the linear recording of a combination of image
space to the final LDA space.

features

Test

5
A
A

Tracker
result

DL-LDA

| 4

Y

PCA

Figure 2. The proposed tracker system based on convolution features a PCA and DL-LDA

Therefore, the PCA + DL-LDA hybrid model has been used
to evaluate the motion or tracking of objects in the
proposed approach. LDA method
distinguishes between still and moving images based on
the type of peripheral objects. Therefore, it is expected
that in the proposed model, with the help of the same

Because the

approach, the fixed parts will be extracted from the
moving part properly. First, different features of the
image for motion extraction will be introduced and
finally, the results of the algorithm will be presented.

Color space models
photometric still images and play a very important role in

have been used to produce

motion detection. An overview of some color space
models is described in Table I. In Table I, C1, C2, and C3
represent the first, second, and third colors, respectively.
Also, R represents red, G represents green, and B
represents blue. In addition, the other symbols are
defined as follows: H color, S color saturation, V value, |
intensity, Y value, I color phase, Q squaring, and Cb and Cr

pigments. Among the color models, in this article, we use
the standard RGB color space and the Y-based gray
model. Because RGB color space is very common and is
used in many common applications to detect motion.
Meanwhile, PCA and LDA processing are performed
entirely on the gray color space and the images are
evaluated with their gray values. The Y calculation
relation is the same as the YIQ relation in the fourth row
of Table I. After calculating the gray values of the pixels,
their mean values in the blocks are calculated and then
subtracted from their mean. The PCA algorithm is then
applied to it and the LDA algorithm is applied to its
output. Also, the transfer matrix is calculated in the initial
frames, and in the subsequent frames, new data is
obtained by multiplying the gray data in the transfer
matrix. Finally, by calculating the Euclidean distance
between the new and original data, the degree of
similarity of the data to the background and the fixed part
is obtained.
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Table I. Overview of color space

Model

Convert from RGB space

I=(R+G+B)/3

HSI If G=B; H = cos![(R - 0.5G - 0.5B)]
If B>G; H = 360 - cos1[(R - 0.5G - 0.5B)]
S=1- (min(R,G,B)/((R+G +B)/3))

HSV If G=B; H = cos-1[(R - 0.5G - 0.5B)]
If B>G; H=360 - cos-1[(R - 0.5G - 0.5B)]
S =1 - (min(R,G,B)/ max(R,G,B))
V =max(R,G,B)/255

C1C2C3 C1 =tan-1 (R/max(R,G,B))

C2 =tan-1 (G/max(R,G,B))
C3 =tan-1 (B/max(R,G,B))

YIQ Y =0.299*R + 0.587*G + 0.114*B
[=0.596*R - 0.275*G - 0.321*B
Q=0.212*R-0.523*G + 0.311*B

YCbCr

Y =0.257*R + 0.504*G + 0.098*B + 16
[=-0.148*R - 0.291*G + 0.439*B + 128
Q=0.439*R-0.368*G - 0.071*B + 128

In this paper, the square model is used to find movable
objects in a robust manner. The dimensions of the
window and the partial blocks of the image are selected
in such a way as to cover the dimensions of the moving
objects. For example, as shown in Figure 3, the motion is
limited to a rectangular frame, and only elements outside
the rectangular box are used in the previous frame. In this
example, a simple rectangular model is used to separate
the moving target from the background. Here, the
background includes all the elements of the image except
the moving object. For this purpose, all fixed objects are

considered part of the background. With the useful
extraction of a fixed model from the scene, motion
information can be extracted more accurately. This
section demonstrates the background modeling method
by principal component analysis (PCA). At the beginning
of the modeling process, the PCA model is calculated
using all existing frames. When multiple frames are
available, only the most recent ones are used. PCA model
updates for each new frame are also performed in the
modeling process. Summarizing these cases, the main
steps of the PCA algorithm are summarized in Table II.

Table II. Steps of background modeling and motion extraction by PCA algorithm

Input: n video frames f;

.....

For i=2 to kKmdo

the PCA model

End for
For i=kffm+ 1 to n do

model

End for

frand the target bounding box (rectangle) in the first frame r;
Output: the estimated bounding box rz, ..., ra
Compute the PCA background color model using frame fj, ... ., fi1

Compute the background confidence map using frame f;, fi.1, and

Estimate ri according to the confidence map and motion model

Compute the PCA background color model using frame fixfm, . .., fiq

Compute the background confidence map using frame f; fi.1, and the PCA

Estimate riaccording to the confidence map and motion model
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Figure 3. A new frame that uses only elements inside the box range

By applying the PCA algorithm in background modeling,
motion information can be extracted properly. Figure 4 is
a block diagram of the steps in Table 2.

‘ Color histograms
Oy ) @500, e J

— .

(xlvyl)! (xb y)), S :
‘ Centers of super-pixel

0 W

segmentation . Color histogram

Input new frame Super-pixel

Figure 4. Block diagram of motion extraction model

Finally, by applying the algorithm (Figure 4), the results
of Figure 5 are obtained.

Figure 5. An example of motion detection results

Obviously, moving objects (rectangular in shape) are extreme optical changes as well as shape changes in the
properly extracted. This can include modeling despite = environment.
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Results and discussion

In this paper, considering that the simulation database is
a monitoring image of the outdoor environment, it is
expected to have a good performance. Therefore, in this

Vol 44 No. 7
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article, the combination of PCA + LDA is used. Figure 6
shows the motion detection flowchart in this paper.

Input

Image in Video

Image segmentatio

'

Applying
PCA+ DL-LDA

images

Transfer matrix
storage in training

¥

Applying
PCA+DL-LDA
to new images

Compare images
and check
motion in

the
the image

3

F

Motion tagging
and object
tracking

Figure 6. The main flowchart of this article combines local information

To remove the background information and extract the
motion information using the block-based models, a
window with dimensions of 32*32 is established in the
picture, and PCA + DL-LDA is computed for each block. A
total of 12 frames are required to calculate motion

information. The motion in the image is estimated by
using a similarity value of 600 between the new pixels
and the background pixels as a threshold. The window
size in this article was set to account for the various
dimensions of items in the environment.
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Figure 7. Several sample frames of the test video

The scenario begins with 45 automobiles entering near  technique in Figure 6. In this figure, the simulator places
the frame, followed by 80 traffic jams moving around the = a bounding box around objects in the main frames, which
frame, and then 140 people entering near the frame. is moved by the movement of objects.

Figure 8 depicts the outcomes of using the proposed

Figure 8. Results of the proposed algorithm generated by block-based PCA + DL-LDA method
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Qualitative comparison of the proposed approach

In this paper, a new model is presented which is based
on image blocks and PCA + DL-LDA. This method is
used in background modeling and motion detection.
One of the important applications of this approach is
proper accuracy in motion detection and the use of
advanced models. The results of this article can also
be used to identify targets, track objects, and analyze

Vol 44 No. 7
July 2023

scenes. To evaluate the behavior of the 3 algorithms,
according to the qualitative issues presented in the
previous section, they are given the range of "low" to
"high" (Table III). This table compares a selected
method of pixel-based algorithms and one of the
block-based methods. The results show that PCA + DL-
LDA method, using the proposed algorithms and after
processing, is more resistant to noise.

Table III. Qualitative evaluation. 6 parameters have been selected to compare the proposed algorithms.

For each parameter, a vote from "low" to "high" is considered

Detection of | Computation | Scene Independence | Flexibility | Noise Approach

half shadow | alload independ | of the object to shade resistance | es

and indirect ence

shadow

low High low low low low FDM

medium Low medium medium medium medium PCA

High medium High High High High PCA+DL-
LDA

The capacity to deal with shadow size and power in
the pixel-based approach (FDM) is weak and the
capacity of the PCA block-based approach in this area
is average. However, higher flexibility is obtained by
the PCA+DL-LDA algorithm which is able to detect
even half of the shadows in an effective method.
Background hypotheses make the PCA, LDA, and
specifically PCA + DL-LDA approaches more scene-
dependent than the other two algorithms. Although
we can not claim that these algorithms are
implemented in a more efficient way, it seems that
PCA + DL-LDA takes more time than PCA and LDA
algorithms due to the amount of processing required,
but it is faster than the FDM algorithm.

The capacity to deal with shadow size and power in
the pixel-based approach (FDM) is weak and the
capacity of the PCA block-based approach in this area
is average. However, higher flexibility is obtained by
the PCA + DL-LDA algorithm which is able to detect
even half shadows in an effective method. Background
hypotheses make the PCA, LDA, and specifically PCA +
DL-LDA approaches more scene-dependent than the
other two algorithms. Although we can not claim that
these algorithms are implemented in a more efficient
way, it seems that PCA + DL-LDA takes more time than
PCA and LDA algorithms due to the amount of
processing required, but it is faster than the FDM
algorithm.

Quantitative comparison of results

This section presents the methodology used to
compare the two approaches. In order to
systematically evaluate the detection of different

shadows and to identify, two scales are important in
measuring quality: good detection (low probability of
incorrectly classifying a shadow spot) and good
differentiation (probability of classifying non-shadow
spots as shadow should be low, In other words, the
false alarm ratio is low). Here, two criteria for
evaluating object motion detection are proposed:
error detection rate (FRR) and false alarm rate (FAR).
Assuming FD is the number of incorrectly detected
pixels (in other words, shadow points that are not
correctly identified) and FM is the number of
incorrect pixels of moving objects that are lost, these
two criteria are defined as follows:

)7 (FRR% = FM/(FM + TD)x100
FAR% = FD/(FD + TD) x100 (8)

Another evaluation criterion used in this report is the
accuracy of recognizing objects as a percentage,
known as Accuracy. The relationship of this criterion
is defined as follows:

TP+TN

Accuracy = ———— 9
TP+TN+FP+FN

In this respect, TP (True Positive) refers to the
number of correctly detected and correctly classified
objects. TN (True Negative) refers to the number of
correctly detected background or non-object regions.
FP (False Positive) refers to the number of objects that
were incorrectly detected or mistakenly classified as
a specific class., and FN (False Negative) refers to the
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number of objects that were not detected or
mistakenly classified as background or another class.
Another criterion used is the recall rate, the
relationship of which is as follows:

TP
TP+FN

Recall = (10)

Table IV. Quantitative comparison table

% PCA [27] PCA+DL-
LDA

FRR 10.2 - 7.5

FAR 0.2 - 0.05

Accuracy 0.67 0.986 0.988

Recall 0.69 0.97 0.98

Table IV shows a small comparison between PCA and
PCA + DL-LDA methods according to the above two
criteria. As can be seen, the proposed approach is
more efficient in all features.

Conclusions

In this research, the suggested model in motion
detection utilizing block-based models was studied. A
novel technique based on picture blocks and PCA +
LDA was also developed. Hierarchical convolutional
features were suggested as DL-LDA in this work.
Important uses of this method include appropriate
precision in motion detection and target
identification, object tracking, and scene analysis. A
novel approach for tracking a moving target may be
described by replacing similarity with a moving area
extraction criteria that applies to both static and
dynamic backdrop models since the number of classes
in the scene can be specified in the LDA model. In
existing approaches, the interaction between the
number of items in the scene and the backdrop model
is restricted. However, putting the two together into a
single model may fix the difficulties. According to the
acquired findings, motion detection and removal of
fixed pieces are done more precisely. The findings also
suggest that the PCA + DL-LDA technique, employing
the provided methods and after processing, is more
resistant to noise.
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