CHAPTER 5
CROWD BEHAVIOUR ANALYSIS USING
MACHINE LEARNING AND DEEP LEARNING
APPROACHES

5.1 Introduction

In this chapter, two deep models are proposed for crowd behavior analysis. The
first model, i.e., "MuST-POS: Multiscale Spatial-Temporal 3D Atrous-Net and PCA-
guided OC-SVM for Crowd Panic Detection (CPD)". On the contrary, the second model,
i.e., "TS-MDA: Two-Stream Multiscale Deep Architecture for Crowd Behavior
Prediction (CBP)," is designed to understand and predict different crowd behavior scenes
like normal, panic, congestion, fight, and abnormal activities. The proposed MuST-POS
is designed using conventional machine learning and deep learning technique and also
provide the solution using the One-Class Classification (OCC) approach. However, the
proposed TS-MDA is solely designed using deep techniques, which solves the objective
function as a multi-class classification (MCC)-based approach. Most of the existing
crowd panic detection models have adopted conventional [160][161][164] and deep learning
approaches [11], but the performance of such models is degraded due to a lack of handling
human shape variations in the crowd videos, which is the motivation behind the proposed
MuST-POS. The MuST-POS exploits both multiscale spatial and multiscale temporal
features to form scale-invariant spatial-temporal features to handle crowd shape changes
in the crowd videos.

Further, the existing MCC-based crowd behavior prediction models do not handle

human shape variation and minimize background influence, resulting in poor
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performance. In addition, the OCC-based approaches do not consider the dissimilarities
between several anomalies and treat them as a single class. So, to address these issues,
the second model, i.e., TS-MDA, is proposed. The details of these approaches are

described in the subsequent sections.

5.2 MuST-POS: Multiscale Spatial-Temporal 3D Atrous-Net and PCA
guided OC-SVM for Crowd Panic Detection

5.2.1 Proposed Method and Model

The proposed model utilizes deep learning as well as conventional machine learning
concepts. The overall block diagram of the proposed model is illustrated in Figure 5.1,
and the detail of the proposed MuST-POS model is displayed in Figure 5.2. The proposed
model consists of three modules: (i) a deep model, i.e., Multiscale Spatial-Temporal 3D
Atrous-Net (MuST-3AN), (ii) Principal Component Analysis (PCA), and (iii) One-Class
Support Vector Machine (OC-SVM). The MuST-3AN is designed to learn the normal
crowd behavior patterns by exploiting multiscale spatial-temporal features. The PCA
reduces the dimensionality of the extracted multiscale features from the MuST-3AN, and
the OC-SVM is used to predict the outliers, which are nothing but panic behaviors. The
following subsections will explain the proposed work in details,

e Architecture Details of MuST-3AN.

e Pre-Processing.

e Multiscale Appearance (spatial) Temporal feature Extraction.

e Dimension Reduction.

e Crowd Panic Detection using OC-SVM.

5.2.1.1 Architecture Details of MuST-3AN
According to Figure 5.2, the proposed MuST-3AN mainly has two streams: The

multiscale appearance stream (MAS) and the multiscale temporal stream (MTS). Both
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MAS and MTS are built on the same number of 3D atrous blocks. Each of these two
streams has seven such blocks but different in the number of kernels. The details of these

blocks are mentioned in Table 5.1.
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Figure 5.2: The architecture of the proposed MuST-PQOS
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Table 5.1: Block details of the MuST-POS

Block Name Layer Name No. of Kernel Size Dilation
Kernels Rate
3D_Atrous_Block11 Conv3D 32 5x5x5 3
LeakyRelL U NA
BN
3D_Atrous_Block12 Conv3D 64 5x5x5 3
LeakyReL U NA
BN
3D_Atrous_Block13 Conv3D 128 4Ax4x4 2
LeakyRelL U NA
BN
3D_Atrous_Blockl14 Conv3D 256 3x3%3 2
LeakyRelL U NA
BN
3D_Atrous_Block15 Conv3D 300 3x3x3 1
LeakyReL U NA
BN
3D_Atrous Block16 Conv3D 300 3x3x3 1
LeakyRelL U NA
BN
3D_Atrous_Block17 Conv3D 320 2X2%2 1
LeakyReL U NA
BN
3D_Atrous_Block21 Conv3D 16 5x5x5 3
LeakyRelL U NA
BN
3D_Atrous_Block22 Conv3D 32 5x5x5 3
LeakyRelL U NA
BN
3D_Atrous Block23 Conv3D 64 4x4x4 2
LeakyReL U NA
BN
3D_Atrous Block24 Conv3D 128 3x3x%x3 2
LeakyRelL U NA
BN
3D_Atrous_Block25 Conv3D 256 3x3x%3 1
LeakyReL U NA
BN
3D_Atrous_Block26 Conv3D 320 3%x3x%3 1
LeakyRelL U NA
BN
3D_Atrous_Block27 Conv3D 340 2X2X2 1
LeakyRelL U NA
BN
GAP Global Average NA
Pooling3D
AP AveragePooling3 NA 2X2%2 NA
D
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Each of the 3D_Atrous blocks has three different layers: a dilated Conv3D layer,
a Leaky ReLU activation layer, and a batch normalization (BN) layer. Each stream has
four 3D average pooling layers (AP) at different stages of the network for performing
multiscale analysis. The AP layer downscale the incoming features map to its half of size.
The network utilizes the 3D Global Average Pooling (GAP) at different levels of the
network to extract the global average of feature maps. We have used zero padding in the

Atrous and average pooling layers.

5.2.1.2 Pre-Processing

In the pre-processing stage, we have extracted frames and the volume of frames
from the video. The frames are rescaled to [200 X 200 x 3]. Let the N number of
rescaled frames be denoted by a set S = {sy, S5, ....., Sy }. Similarly, let the N number of
volume of frames be denoted by a set V = {v,, v,, ....., vy }. The volume of frames is
obtained by stacking grayscale frames from timestamp t,t — 1,t — 2. Each volume

element of set I/ is rescaled to [200 x 200 x 3].

5.2.1.3 Multiscale Spatial-Temporal feature extraction

The MAS is designed to extract multiscale spatial features from the frame. The
multiscale features can be used to handle scale variation due to perspective distortion.
The set S is inputted into the MAS. The MAS has multi-stages of atrous 3D convolution
layers. The reason for using the dilated 3D CNN is to cover a larger area on the image or
feature map by keeping the kernel parameters the same as the normal convolution layer.
For multiscale analysis, we have used four AP layers in four different stages of the MAS
module. The activated feature maps from the 3D_Atrous_Block12, 3D_Atrous_Block14,
3D_Atrous_Blockl5, 3D_Atrous_Block16, and 3D_Atrous Blockl1l7 are used for
multiscale spatial/appearance feature analysis. The selected feature maps at different

scales are fed into GAP layers for obtaining statistical features. Let the features obtained
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from the GAP layers be denoted as f/4%|;=1j=24567, here the variable iand j
represents the column index and layer index of the GAP layer.

The multiscale temporal features are extracted by using the MTS module. The
structure of MTS is the same as the MAS except for the number of kernels. The set V is
inputted into the MTS module. The activated feature maps from the 3D_Atrous_Block22,
3D_Atrous_Block24, 3D_Atrous_Block25, 3D_Atrous_Block26, and
3D_Atrous_Block27 are used for multiscale temporal feature analysis. GAP layers follow
the selected multiscale temporal features to extract statistical features like mean from the
input feature maps. Let the multiscale mean features are represented as
fi" iz, j=24,567

Now, these two multiscale spatial-temporal features are concatenated and
represented as f = [f}4%, f"*]. A single neuron follows the concatenated feature sets
for modeling the normal video sequences. Let, the predicted output of the MuST-3AN
network is represented by a set P = {p,, p,, ...., py} and let the ground truth labels are
represented as G = {g, g5, ...., gn}- We have only the normal crowd scenes for training,
so we got only one class for training the deep multiscale network. Due to such a reason,
we have used linear activation at the output layer. Let @yust—3an FEpresent the learnable
parameters of the MuST-3AN. We obtain the loss between the P and the G using the
mean squared error. Let the following Equation 5.1 defines the mean squared error loss

between the P and the G.

1
lossmysT—3aN = ;Z¥=1(Pk - gk)2 (5.1)

The minimization function of the proposed model can be represented using Equation 5.2.

argmin [lossmust-3an] (5.2)
®MuST-3AN
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To solve the above optimization problem, backpropagation with Adam optimizer
[170] has been used. The model is trained with a learning rate of 0.001. We have adopted

early stopping to halt the network and also to avoid overfitting.

5.2.1.4 Dimension Reduction

After training the MuST — 3AN on the normal crowd videos, we have extracted
the fused multi-scale features (f) for panic detection for video frames. Let the multi-scale
feature matrix for the video sequence is denoted as FN*L, where N is the total number of
sequences and the L represents the dimension of the multi-scale feature of each frame.
The concatenated multi-scale spatial-temporal features (f) are one-dimensional vectors.
The same feature vector can be given to the OC-SVM for crowd panic detection, but the
overheads of computational complexity for OC-SVM could be increased. Hence, by
considering this fact, we have used PCA [86] to reduce the dimension of the multi-scale
spatial-temporal features for the CPD.

The PCA can be defined as an orthogonal transformation of a set of features of
one coordinate system to features to another coordinate system in such a way that the
descending order of variances (obtained by performing some scalar projection on the
feature set) lie on the ascending order (1%, 2" and so on) of coordinates. The principal
decomposition of FN*L can be formulated as mentioned in Equation 5.3 [86],

T=FxW (5.3)
Where F is the N x L multiscale feature matrix, and W is the g X g square matrix. The
columns of W are the eigenvectors of FTF. The W is also known as sphering
transformation. Now, by admiring first [ principal components (obtained from first [
eigenvectors), we can have the truncated transformation of Equation 5.4 as,

T, =F xW, (5.4)

Here the dimension of T; is N x [. Empirically, we set the dimension of the PCA to 128.
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5.2.1.5 Crowd Panic Detection using OC-SVM

The dimensionally reduced feature set is given in to the OC-SVM [183] for
modelling the normal crowd scenes. To train the OC-SVM, we have got only feature
maps of one class. Generally, the OC-SVM tries to maximally separate the distance from
the hyperplane (dimensionally reduced feature space) to its origin. In this way, a binary
function is learned, which captures a region that surrounds the input data of one normal
crowd scene, and it returns one if the data points lie within this region otherwise it returns
-1, also known as outliers or panic. To maximize the distance between the hyperplane of
the reduced feature space and its origin, we must optimize the basic problem's quadratic

programming, which is defined as in Equation 5.5 [183].

min 0.5||w||, + ULNZ?LlEi —p such that {w.p(k;)) =2 p—¢& and & =0 (5.5)
w,p

Here k; is the training data corresponding to i*"* sequence of N normal sequences. The
mapping function ¢ () maps the primitive feature space to a higher dimension. The w is
normal to the hyperplane of the feature space. v € [0,1] is the upper bound of the outlier

(panic sequences), and ¢ is the relaxation variable.

5.2.2 Experimental Setup

The programming is written in python using Keras and TensorFlow. The model
had been executed on an intel-i7 8" Generation Laptop with 16 GB RAM, 4 GB GPU,
and on Google Colab. The batch size for all the datasets was set to 8. This paper adopted
three approaches to avoid overfitting: first, the L, norm is used to regularize all the kernel
weights; second, the early stopping is used to halt the network and third, data
augmentation is done during training. The learning rate is set to 0.001. The regularized
parameter (L,) coefficient is set to 0.01. The momentum of batch normalization. (BN)

and alpha of Leaky ReLU are set to 0.95 and 0.1, respectively. During training, data
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augmentation has been used to avoid overfitting on the small datasets. During data
augmentation, different patches of scale [200x200x3] are extracted from the original
frames, and the volume of frames containing crowd scenes only. One-third of the
extracted patches are rotated with 25° 30%nd 45° randomly. The size of data

augmentation contains 70% of the original training samples.

5.2.3 Result Analysis and Discussion

5.2.3.1 The UMN dataset

The comparisons of the performance of the proposed MuST-POS with other state-
of-the-art panic detection approaches are illustrated in Table 5.2. All the eleven sequences
of UMN contain around 7739 frames, including both normal and panic crowd behaviour.
The MuST-POS achieves average detection accuracy of 99.40%, which is the same as
DeepROD [11]. Singh et al. [148] achieved an average accuracy (Acc) of 99.20% on the
UMN dataset which is the second best results as far as Table 5.2 is concerned.

Table 5.2: Comparison of results with state-of-the-art methods on the UMN dataset

Sequ | [161] [160] [11] [164] Proposed
ences Model

ER Acc ER Acc ER Acc ER | Acc ER | Acc
S1 1.40 98.60 1.00 | 99.00 | 0.90 | 99.00 |1.44 | 98.60 | 0.48 | 99.52
S2 1.00 99.00 1.00 | 99.00 | 0.80 | 99.10 | 0.48 | 99.50 | 0.49 | 99.51
S3 2.00 98.00 3.00 | 97.00 | 0.00 | 100.0 | 2.91 | 97.00 | 0.55 | 99.45

S4 1.00 99.90 2.00 | 98.00 | 0.10 99.80 |2.77 | 97.00 | 0.59 | 99.41
S5 2.00 99.70 1.00 | 99.00 | 0.10 99.90 | 2.60 | 97.00 | 0.66 | 99.34
S6 0.50 99.50 1.00 | 99.00 | 0.50 | 99.50 | 2.76 | 97.00 | 0.52 | 99.48
S7 1.20 98.80 1.00 | 99.00 | 0.30 | 99.60 | 2.23 | 97.80 | 0.45 | 99.55
S8 2.30 97.60 2.00 | 98.00 | 1.30 |98.60 | 255 |97.50 | 0.45 | 99.55
S9 0.30 99.70 1.00 | 98.00 | 0.10 | 99.80 | 0.00 | 100.00 | 0.46 | 99.54
S10 0.70 99.30 1.00 | 99.00 | 1.00 | 99.00 | 1.03 | 98.90 | 0.89 | 99.11
S11 0.50 99.50 1.00 | 99.00 | 0.30 | 99.60 | 0.62 | 99.40 | 1.00 | 99.00
Aver | 1.00 99.00 150 | 9850 | 0.60 | 99.40 | 1.84 | 98.15 | 0.60 | 99.40
age
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© 0 ()
Figure 5.3: Examples of output of the proposed model on the UMN dataset. Figures (a), (b), (¢)
are normal sequences, and the model predicted as normal, figures(d), (e), (f) belong to starting
of panic behavior, and the model predicted as panic and figures (@), (h).

m Avg. Accuracy (%) mAvg. ER (%)

100%
90%
S 80%
Z 0%
g 60%
T 50%
O 40%
& 30%
w  20%
& 10%
0%

8§ & 8 % 2 86 & 8 g 8 g8 § =@ ¢

£ 2 2 2 &4 P 82 2 = f 2 2 & P

= [ [

wn wn wn

> =1 =1

s s s

UMN MED Pets-2009

DATASETS & APPROACHES

Figure 5.4: Comparison of average accuracy and average error rate between several
approaches on three datasets.
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So, by observing the performance of the proposed model on the UMN dataset, we
can conclude that the model efficiently deals with the scale variation issue by extracting
multiscale spatial-temporal features from the crowd scenes improves the performance of

the model.

5.2.3.2 The MED Dataset

The performance analysis on the MED dataset is illustrated in Table 5.3 where the
performance of the proposed model is compared with DeepROD [11]. Approaches like
[2] and [160] also shown their performance on the MED dataset but these approaches
only provided average accuracy on the MED dataset, so these data are not mentioned in
Table 5.3.

Table 5.3: Comparison of results with state-of-the-arts on the MED dataset.

Sequences | Ammar et a/ | Proposed
[11] Model
ER | Acc | ER | Acc

S1 4.00 | 95.50 | 1.54 | 98.46
S2 5.00 | 94.30 | 3.45 | 96.55
S3 2.00 | 97.70 | 2.28 | 97.72
S4 4.00 | 95.80 | 4.33 | 95.67
S5 6.00 | 93.40 | 1.36 | 98.64
S6 2.00 | 97.40 | 1.60 | 98.40
S7 0.40 | 99.50 | 5.33 | 94.67
S8 6.00 | 94.00 | 3.22 | 96.88
S9 1.70 | 98.30 | 2.49 | 97.51
S10 550 | 9450 | 1.75 | 98.25
S11 9.00 | 91.00 | 1.99 | 98.01
Average 4.00 | 95.60 | 2.39 | 97.61
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Models like [9, 150] and [1] obtain average detection accuracies of 95.60, 94.50,
and 74.82, respectively. In comparison, the proposed model obtains a detection accuracy
of 97.61% with a 2.39% error rate (ER). The proposed model tops the list as far as
performance analysis is concerned.

The following Figure 5.5 shows results obtained on some of the samples of the
MED dataset. Figure 5.4 illustrates a bar graph comparing the average accuracy and ER
of several approaches on the MED dataset. The performance of the proposed model on
the MED dataset shows the efficient utilization of multiscale spatial-temporal feature
modeling for crowd panic detection. Thus, the model can handle the scale issue due to
perspective distortion in the crowd panic video datasets. Figure 5.6 shows examples of
results on few frames of the Pets-2009 dataset. Figure 5.4 illustrates a bar graph
comparing the average accuracy and average ER of several approaches on the Pets-2009

dataset.

(a) (b) (c)

Figure 5.5: Examples of output of the proposed model on the MED dataset. Figure (a) is the
normal sequence, and the model is predicting as normal, figure (b) shows to starting of panic
behaviour, and the model is predicting as panic, and figure (c) shows the panic situations.

5.2.3.3 The Pets-2009 Dataset

The comparison of the performance of the proposed model with other state-of-
the-art on the Pets-2009 dataset is illustrated in Table 5.4. The proposed model achieves
98.37% of accurate detection of crowd panic behavior. The error rate of the MuST-POS
on Pets-2009 dataset is 1.63%. We followed the same training and testing criteria for the

Pets-2009 dataset as mentioned in [9, 138, 157]. In contrast DeepROD [11] achieved an
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average accuracy of 97.50 % with ER average ER of 1.40. Methods like [165] and [148]
also evaluated their performance on the Pets-2009 dataset but only provided the average
accuracy of 94.00 % and 93.80 % respectively. The proposed model achieves the highest
accuracy and lowest false alarm rate as compared with recent approaches of crowd panic
detection.

Table 5.4: Comparison of results with state-of-the-art methods on the Pets-2009 dataset.

Sequences | Ammar et al.[11] Proposed Model
ER Acc ER Acc
Timel4-16 | 2.70 | 97.30 1.77 | 98.23
Timel4-17 | 0.20 | 97.80 149 | 98.51
Average 1.40 | 97.50 1.63 | 98.37

(a) (b) (c)

Figure 5.6: Examples of output of the proposed model on the Pets-2009 dataset. Figure (a) is
the normal sequence, and the model is predicting as normal, figure (b) shows to starting of
panic behavior, and the model is predicting as panic, and figure (c) shows the panic frame and
the model is predicting as panic.

5.2.3.4 Ablation Study

The ablation study shows the effects of each stream of the proposed model. The
streams like MAS and MTS are the two critical modules designed to extract multi-scale
spatial and multi-scale temporal features from the crowd panic videos. It is essential to

show the influence of each module on panic detection. We split the network into two
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modules: the multi-scale spatial 3D atrous net and PCA guided OC-SVM (MuS-POS),
and the multi-scale temporal 3D atrous net and PCA guided OC-SVM (MuT-POS).

In addition, we have also experimented with single-scale analysis using single-
scale PCA-guided OC-SVM (Single-Scale POS), where all the multi-scale connections
are omitted. Similarly, to show the impact of PCA on CPD, we have examined the
performance of MuST-POS without PCA on different datasets. Table 5.5 shows the
results analysis of different cases of ablation study. The two streams perform differently
on the UMN dataset, in which the average accuracies of MuS-POS and MuT-POS are
95.54% and 96.78%, respectively. In this case, the spatial stream performs better than the
temporal stream. The performance is improved by combining these two streams (MuST-
POS). The UMN dataset is challenging and contains different crowd panic situations in
different environments.

Table 5.5: Comparison of results of different modules during ablation study

Datasets MuS-POS MuT-POS Single-Scale MuST-POS MuST-POS
POS (Without PCA)
Acc FlScore Acc FlScore Acc FlScore Acc FlScore Acc FlScore

S1 9136 | 9445 | 9536 | 97.00 | 95.04 | 96.79 | 98.24 | 98.86 | 99.52 | 99.69

S2 9528 | 97.06 | 97.22 | 98.27 | 96.49 | 97.83 | 98.43 | 99.02 | 99.51 | 99.70

S3 96.53 | 96.97 | 97.08 | 97.46 | 96.72 | 97.14 | 98.36 | 98,57 | 99.45 | 99.52

S4 97.22 | 9833 | 96.78 | 98.08 | 97.07 | 98.24 | 9853 | 99.13 | 99.41 | 99.65

S5 97.00 | 97.77 | 97.26 | 9796 | 9583 | 96.89 | 9856 | 98.92 | 99.34 | 99.51

S6 9499 | 96.80 | 96.20 | 97.57 | 9412 | 96.24 | 98.96 | 99.34 | 99.48 | 99.67

z

% S7 97.20 | 9831 | 9787 | 98.72 | 9564 | 9736 | 98.88 | 99.32 | 9955 | 99.73

'-E S8 9445 | 96.05 | 9535 | 96.70 | 9145 | 9391 | 9895 | 99.92 | 99.55 | 99.68
S9 95.74 | 97.47 | 96.80 | 98.10 | 9346 | 96.10 | 99.24 | 9954 | 99.54 | 99.72
S10 | 9467 | 96.88 | 96.30 | 9782 |91.71 | 9515 | 9792 | 9879 | 99.11 | 99.48
S11 | 9653 | 98.06 | 9839 |99.09 |9529 |97.35 | 9839 |99.10 | 99.00 | 99.44
Ave | 9554 | 97.10 | 96.78 | 97.88 | 9480 | 96.63 | 9858 | 99.13 | 99.40 | 99.61
rage

o O S1 94.10 | 96.69 | 9573 | 97.62 | 93.76 | 9650 | 9791 | 98.84 | 9846 | 99.15

ﬁg S2 93.10 | 96.00 | 91.03 | 94.77 | 89.79 | 94.02 | 9544 | 97.37 | 96.55 | 98.01
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S3 90.90 | 9454 | 9242 | 9537 |93.03 | 9578 | 96.67 | 9798 | 97.72 | 98.63

S4 91.15 | 9467 | 9134 | 9473 | 9269 | 9552 | 9490 | 96.87 | 9567 | 97.35

S5 9270 | 95.70 | 93.75 | 96.31 | 9218 | 9538 | 97.60 | 9857 | 98.64 | 99.19

S6 9235 | 9459 | 9288 | 9491 |9130 | 9379 | 9755 | 9822 | 9840 | 98.84

S7 89.11 | 9141 | 8994 | 9194 | 7810 | 8229 | 93.72 | 9491 | 9467 | 95.69

S8 90.75 | 9399 | 94.09 | 96.16 | 84.07 |89.73 | 9576 | 97.25 | 96.88 | 97.98

S9 92.03 | 9537 | 9353 | 9623 | 8955 | 93.84 | 9691 |98.20 | 9751 | 98.55

S10 | 96.77 | 98.13 | 96.10 | 97.74 | 90.72 | 9456 | 9852 | 99.14 | 98.25 | 98.99

S11 | 96.03 | 97.75 | 9513 | 97.25 | 87.63 | 9283 | 9753 | 98.60 | 98.01 | 98.87

Ave | 92.63 95.34 | 93.26 | 9573 | 89.34 | 93.11 | 96.59 97.81 | 97.61 | 98.29
rage

Tim | 9292 | 9322 | 9469 | 9487 | 89.82 | 90.12 | 9690 | 96.99 | 98.23 | 98.30
eld—
16

Tim | 91.83 | 9478 | 9481 | 96.74 | 88.14 | 92.38 | 97.03 | 98.14 | 9851 | 99.07
eld—
17

The Pets-2009

Ave | 9237 | 9400 | 9475 | 9580 | 8898 | 9125 | 96.96 | 97.56 | 98.37 | 98.68
rage

On the other hand, the MED and Pets-2009 datasets have multiple crowd panic
situations captured from a single environment. The MuS-POS and MuT-POS obtain
average detection accuracies of 92.63% and 93.26%, respectively, on the MED dataset.
However, in the Pets-2009 dataset, MuS-POS and MuT-POS achieve average detection

accuracies of 92.37% and 94.75%, respectively.

During single-scale analysis the Single-Scale POS obtains average accuracies and
average F1-Score of <94.80%, 96.63%>, <89.34%, 93.11%> and <88.98%, 91.25%> on
UMN, MED, and Pets-2009 datasets respectively. Figure 5.7 shows some panic samples
contain crowd scale-variation, which are not detected by Single-Scale POS but are
accurately detected by MuST-POS. On comparing the results of Single-Scale POS with
Multi-Scale POS, it can be concluded that the multi-scale analysis is desirable to achieve

better accuracy and address scale change due to perspective distortion.
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ﬁmm;nal Crowd Activi

(a) UMN-S1-Frame#560 (b)UMN-S7-Frame#4817 (c)Pets2009-S-17- (d)MED-S1-Frame#1562
Frame#82

Figure 5.7: Samples of panic situations which are detected as Normal by Single-Scale POS but
are detected as Panic by the proposed MuST-PQOS

On the other hand, the MuST-OS (without PCA) obtains average accuracy and
average F1-Scores of <98.58%, 99.13%>, <96.59%, 97.81%> and <96.96%, 97.56%> on
the UMN, the MED, and the Pets2009 datasets respectively. The performance of MuST-

OS (without PCA) is lower than the MuST-POS.

5.3 TS-MDA: Two-Stream Multiscale Deep Architecture for Crowd
Behaviour Prediction

5.3.1 Proposed Method and Model

A crowd behavior understanding model should handle the two most challenging
situations in the crowd scene: human shape variation due to perspective distortion and the
effect of cluttered background. The state-of-the-art CBP models [1, 136, 137] deviate in
handling such challenges. Nevertheless, from the literature on related research domains
like crowd counting, Sang et al. [184] proposed a scale adaptive CNN (SA-CNN) for
crowd counting in images and handles crowd shape change due to perspective distortion
by aggregating features from convolution layers of different scales. On the other hand,
the cluttered background can be removed from the scene by utilizing the universal
background subtractor [185], i.e., the visual background eliminator (ViBE). Hence, by
adopting the idea of SA-CNN [184] and utilizing the ViBE algorithm [185], a two-stream

multiscale deep architecture (TS-MDA) is proposed for the MCC-based CBP.
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The proposed model can handle human shape variations and minimize the cluttered
background effects by extracting multiscale spatial and multiscale de-background
temporal features from the scenes. The architecture of the proposed model is illustrated
in Figure 5.8.

The proposed model constitutes of the following sub-modules,

e Pre-processing.

e Candidates for TS-MDA.

e Architecture Details of the TS-MDA

e Multiscale Feature Extraction.

e Crowd Behavior Prediction.

e Loss Function and Optimization.

5.3.1.1 Pre-processing

At first, the video sequence is pre-processed before training the TS-MDA. The pre-
processing stage is followed by the generation of the candidate for training the TS-MDA.
During pre-processing, the RGB frames are extracted from the video sequence. The
extracted frames are resized into [150 x 150 x 3]. Let all the resized N number of frames
be represented as RF = {rf;,rf,, .....,vfy}. After video to frame conversion, the

foreground frames are extracted, as explained in the following subsection.

5.3.1.1.1 Foreground Image Extraction

The cluttered background can affect the performance of any model. So, it would
be better to eliminate the effects of background from the frames. The universal
background eliminator (VIBE) [185] is a popular algorithm to model fame's background,;
thereby, the foreground maps from the frames can be extracted. Let v*(x) be the pixel

corresponding to location x in the t** resized frame rf,. According to ViBE [185] the
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background pixel of the t** frame is modeled by a set of Z background samples/pixels
obtained from its previous frame. Let the background pixels from previous frame (rf;_;)
be represented as M*~* = {v{~',v5™", ......,v;"'}. Here, v/ " for j = 1 to Z represents
to the jt" pixel of (t — 1)t" frame which is classified as a background pixel and Z is the
total number of background pixels of (t — 1)* frame. The pixel v*(x) can be a member
of M¢ by defining a sphere ( let say Sg(v*(x))) of radius R centered on v*(x) and then
comparing Mt~ to the closest values within the set of samples. The v*(x) can be
classified into background pixel if the cardinality (#) of the intersection of
Mt and Sg(v'(x)) is greater than a threshold(#,,,:,,), and formally it can be written as
in Equation 5.6.
#{Sp(v*(x)) n Mt~} (5.6)
For time 0, the background samples are initialized randomly by using uniform law
and can be represented as
M°(x) = {v°(yly € Ne(x))} (5.7)
The background samples are updated for consecutive frames by updating Mt using
the Equation-1. After obtaining the background pixels for the resized frame rf;, the
foreground pixels can be easily extracted. Let the foreground pixels represent the
foreground maps by a set FM = {fm,, fm,, ....., fmy}. The foreground frames/images
are extracted from the scene by performing the elementwise multiplication between RF
and FM. Let a set FF ={ffi,ff2 ....ffn} represent the foreground frames and is
obtained by implementing Equation 5.7.
ffi=rfi© fm;,wherei =12,...,N (5.8)

Here, the symbol, i.e., © represents elementwise multiplication.
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Now, the volume of foreground images at stamp t is obtained by stacking the
foreground images from timestamp t, t—1, t—2. Let the set VF =
{vfi, vfs, ... vfy} represent the volume of foreground frames for the dataset. Each of
vf; = Concatenate([ff:, ffi—1, ffi—2]) for eacht = 1to N. Here, Concatenate() is

the concatenation operation.

5.3.1.2 Candidates for TS-MDA

The main moto of the proposed model is to extract multiscale spatial features and
multiscale temporal features from the MSS and the MTS, respectively. So, the MSS and
the MTS input should be the frames and volume of frames, respectively. Again, to
minimize the background effects, we used the volume of foreground images at timestamp
t as input to the MTS. Hence, candidates for the TS-MDA are the resized frames (RF)

and volume of foreground frames (VF) for MSS and MTS, respectively.

5.3.1.3 Architecture Details

The overall architecture of the proposed model is illustrated in the following
Figure 5.8. The deep architecture contains two streams: a multiscale spatial-stream (MSS)
and a multiscale temporal (MTS) stream. The MSS and MTS are inputted with the RF
and VF, respectively. The MSS contains four stages of convolution 3D (Conv_3D)
blocks. Each block contains a convolution 3D (Conv_3D) layer followed by a ReLU
activation layer followed by a batch normalization (BN) layer. The details of the layers
are mentioned in Table 5.6. The features maps are downscaled to its half after Conv_3D
Blockl, Conv_3D Block2, and Conv_3D Block3 by using a 3D max-pooling layer
(3DMP). 3D global max-pooling (3D_GMP) and 3D global average pooling (3D_GAP)
are used after every activation layer of Conv_3D layers. Similarly, the MTS contains four

stages of dilated ConvLSTM2D (Dil_ConvLSTM2D) blocks.
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Table 5.6: Details of the layers of the proposed model

Blocks Name Layers Name No. of Kernel Size | Dilation Rate
Kernels
Conv_3D Blockl Conv_3D 16 (5,5,5) NA
RelLU NA
BN
Conv_3D 64 (4,4,3) NA
Conv_3D Block?2 RelLU NA
BN
Conv_3D 128 (3,3,3) NA
Conv_3D Block3 ReLU NA
BN
Conv_3D 256 (3,3,3) NA
Conv_3D Block4 ReLU NA
BN
ConvLSTM2D 25 (3,3) (2,2)
Dil_ConvLSTM2D Tanh NA
Blockl BN
ConvLSTM2D 40 (3,3) (2,2)
Dil_ConvLSTM2D Tanh NA
Block2 BN
ConvLSTM2D 60 (2,2) (1,1)
Dil_ConvLSTM2D Tanh NA
Block3 BN
ConvLSTM2D 80 (2,2) (1,1)
Dil_ConvLSTM2D Tanh NA
Block4 BN

The details of these blocks are mentioned in Table 5.6. Each block contains a

dilated ConvLSTM2D layer, a Tanh activation layer, and a BN layer. The features maps
are downscaled to its half after Dil_ConvLSTM2D Block1, Dil_ConvLSTM2D Block2,
and Dil_ConvLSTM2D Block3 by using 3DMP layers. The 3D_GMP and the 3D_GAP

are used after every activation layer of dilated ConvLSTM2D layers. All the Conv_3D
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layers, dilated ConvLSTM2D layers and Max-Pooling layers are padded with zeros. We
have used return sequence as “true” in dilated ConvLSTM2D layers. The feature maps
from the activations of the fourth blocks of each layer are flattened. The flattened features
maps are concatenated with features from all the 3D_GAP and the 3D_GMP, followed
by a batch normalization layer that is fully connected (FC) with the output layer
containing different neurons, each representing a particular crowd behaviour. The

activation of the output layer is SoftMax.

5.3.1.4 Multiscale Spatial-Temporal Feature Extraction and Prediction

The proposed model utilizes Conv_3D layers to extract spatial features from the
RGB frames. Although Li et al. [186] proposed a Conv_3D network where the
convolution operation is performed along the temporal dimension for time-series data
analysis, but the Conv_3D layer can also extract fine-grained spatial features by
performing convolution across the channel dimension. For this, a slight change in the
shape of the input needs to be done. For example, in the proposed model, the shape of the
input image for Conv_3D should be [batch_size x 150 x 150 X 3 X 1] here, 3 defines
the channel dimension (i.e., RGB), and batch_size defines the size of the batch of
samples. We can use convolution 2D (Conv_2D) layers for spatial features extraction.

However, the Conv_2D layer uses a 2D filter to perform convolution over each
channel separately and then merges them into a single feature map. Thus, the same 2D
kernel of shape [a x b] (here, a, b represents the number of rows and columns of the
matrix) will be used for all the channels (R, G, B). So, the 2D kernel is not adaptive as
far as learning is concerned for three channels. So, to keep this in mind, we have used
Conv_3D layers with 3D kernels to perform convolution across the RGB channel. The

multiscale features can be used to deal with human-scale variation issues. The multiscale
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features for the spatial stream are obtained from the activations of different convolution

layers. The multiscale features include,

Statistical features like global mean and global max are obtained from each of the
low-level activated feature maps of Conv_3D Block1.

Statistical features like global mean and global max are also extracted from each
of the mid-level activated feature maps of Conv_3D Block2 and Conv_3D
Block3, respectively.

High-level features correspond to activated feature maps of Conv3D_Block4 are
extracted. The high-level features are in the form of multidimensional tensors and
flattened into single-dimensional vectors.

All the extracted features from different scales of the spatial stream are

concatenated. Let, FSP4tial represents the concatenated multiscale features of the spatial

stream. The process of multiscale temporal feature extraction is the same as spatial-

stream. The multiscale temporal features include

Statistical features like global mean and global max are extracted from the
activated feature maps of Dil ConvLSTM2D Blockl, Dil ConvLSTM2D
Block2, Dil-ConvLSTM2D Blocks3.

High-level temporal features corresponding to activated feature maps of
Dil_ConvLSTM2D Block4 are also obtained. The high-level features are flattened
into single-dimensional tensors.

The extracted features maps are then concatenated. Let a set FT¢™Poral represents

the multiscale temporal features. The multiscale spatial features (FSP#¢ial) and temporal

features (FTe™poraly are concatenated by simply appending one after another. Let,

Feoneate = Concatenate(FSPatial, FTemporal) represents the concatenated multiscale

features.
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5.3.1.5 Crowd Behaviour Prediction

The multiscale Spatial-Temporal features (F¢°mcat¢) are densely connected with
the output layer. The output layer is used to predict the crowd behavior labels. The output
layer contains different neurons, each representing a particular crowd behavior class like
Panic, Fight, Congestion, Obstacle, Neutral, or Normal behaviors. The SoftMax

activation is used in the output layer and it can be represented as,
eVPin
Yepp = Ug=1[ypout] = U§=1SoftMax(ypin) = Up=1 [EK ymn] (5.8)
Here, K resembles the number of available classes, the set Y.gp =
{ylout,yzout,y%ut,..,yKout} represents the predicted crowd behavior labels. The

Ypin lp=1,23,.x refers to the weighted information transmitted from the concatenate layer

to pt" output neuron.

5.3.1.6 Loss Function and Optimization
Let @rs_mpa, represents all the trainable parameters of the proposed model. Let

={T,, T, Ts,.., Tx}* be the ground truth labels of the it"* crowd scene. The loss on

lCBP
the i*" crowd scene is obtained by using categorical Cross-Entropy between Ti.pp @Nd
Yipp- LEL Li(Tl-CBP, lCBP) be the Cross-Entropy loss on the it* crowd scene and can be

represented as follows.

Li(@rs-mpa) = Li(Ticgp Yiegp) = [~ Zp=1Tp log ypout]i (5.9)

Now, the problem becomes an optimization problem such that the loss between

true and predicted distribution has to be minimized. The proposed work adopted mini-
batch based gradient decent approach using Adam optimization [170] method to
minimize the loss function. The mini-batch based optimization problem can be

represented as,
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argmin[L(@rs—ppa)l b (5.10)

OTs-MDA

here b is the batch of samples. To minimize the above optimization problem, first,
the mean of cumulative losses for a given batch b of samples of size Batch_Size is

obtained.

ZBatch Size L (Tl

[L(Drs-mpa)]® (5.11)

~ Batch _Size cBP’ lCBP)

After finding the mean of cumulative of losses for a given batch of samples, b, the

gradients of loss for the given batch are obtained as,

[VL(Drs- MDA) = [ VoTS MDAL((DTS MDA)] (5.12)
After finding the gradients of loss for the given batch b, the learnable parameters
of the proposed TS-MDA are updated using the Adaptive Moment (Adam) [170] update
rule. The Adam [170] optimizer utilizes the cumulative history of gradients to update the
@rs_mpa 10 solve the decay problem. For a given iteration itr the cumulative history of

gradients for a given batch b can be calculated by using the following equations (5.13-

5.16).
m? =By xmP™r + (1 = B;) X [VBrs_pmpal® (5.13)
vl =By x v+ (1 = By) X ([VOrs—mpal®)? (5.14)
_ b _ b
mb = 1_m—11tr and vb = ﬁ (515)

, Where $,=0.9 and (,=0.999. Now, the parameters are updated by using the

following Equation 5.16 [170].

—

Drs—mpa = Drs—mpa — \/v_Az+e x mb (5.16)

Here, 7 is the learning rate. According to Adam optimizer [170], m? and v? are

the weighted first and second-order moments whereas m? and v? are their corrected
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moments obtained for a batch b. Furthermore, itr is the iteration number. The Algorithm-
1 shows step-by-step processes used to optimize the proposed TS-MDA. The model is
trained until the iteration (itr) reaches maximum iteration (Max_Iteration), or the early

stopping criteria are satisfied. The patience parameter of the early stopping is set to 10.

Algorithm-5.1 Optimizing the TS-MDA

Input: Resized frameset, RF = {rfy,rf3, ....., rfy}, foreground image set,
FF ={ffi, ffs, .. ffy} Where N is the total number of frames are inputted
into MST and MTS respectively.

Ground-Truth Labels: The set T gp represents ground-truth crowd
behavior labels for N number of frames.

Parameters: 1, @rs_ypa, momentum, B, and S,

Initialisation: Max_Iteration = 2000, Batch_Size (Different for
different dataset), itr =1,8; =0.9, [(,=0.999,n = 0.01, regularize
parameter of L, =0.01 and patience = 10.

Output: Optimized TS-MDA

While early-stopping or itr = Max_Iteration is satisfied, do

For each batchb =1 to [L]do

Batch_Size

For each sample i in batch b do

1. Find FiSpatlal1 FiTemporal’ and FiConcate_

2. Find the predicted crowd behaviour label Y;
5.8.
3. Findthe Lossi.e., L;(@rs_mpa) Using Equation 5.9.

cpp USINg Equation

end for
4. Find the mean of cumulative of loss for the given batch b using
Equation 5.11.
5. Find the gradients of the loss using Equation 5.12.

6. Obtain Cumulative History of gradients using Equations 5.13t0 5.15

7. Update network parameter @rs_pp4 Using Equation-12.
End For

6.itr+=1
End While
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5.3.2 Experimental Setup

The program is written in Python by using TensorFlow and Keras. The batch size
and learning rate for the datasets are set to 128 and 0.01, respectively. Measures like early
stopping and kernel regularization have been adopted to avoid overfitting the proposed
model. The early stopping is used to halt the network to avoid overfitting the dataset. The
patience value of early stopping is set to 10. The model is trained until the early stopping
criteria are satisfied. The L, norm is used for kernel regularization, whose value is set to
0.01. The programs have been executed on different computing nodes of the Param

Shivay supercomputer.
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Figure 5.9: Accuracies obtained by the proposed model using leave-one-sequence-out
on the MED dataset.

5.3.3 Results Analysis and Discussion

5.3.3.1 The MED dataset

The procedure for training and testing is followed as prescribed in [2], i.e., leave-
one-sequence-out cross-validation is performed to evaluate the model's performance. In
each execution of leave-one-sequence-out, the train set contains 30 percent of video
sequences of the entire training set covering all classes of samples. Figure 5.9 shows a

graphical representation of the experimental results obtained on the MED dataset during
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leave-one-sequence-out. As shown in Figure 5.9, the proposed model achieves accuracies
of 77.43%, 67.71%, 58.91%, 85.38%, 88.54%, 91.40%, 75.73%, 85.41%, 72.53%,
97.95%, 68.5%, 74.51%, 70.62%, 86.91%, 91.33%, 81.69%, 56.98%, 89.22%, 90.89%,
88.29%, 100.00%, 89.03%, 100.00%, 100.00%, 69.92%, 71.94%, 73.46%, 92.98%,
83.34%, 98.52% and 68.63% sequentially on 31 video sequences. Figure 5.10 shows the
heatmap of the confusion matrix on the MED dataset. The proposed model achieves
classification accuracies of 48.20%, 71.32%, 54.50%, 61.70%, and 91.51% on the Panic,
Fight, Congestion, Obstacle, and Neutral or Normal crowd behaviors, respectively. The
performance comparisons of the proposed model with state-of-the-art approaches are
illustrated in Table 5.7. The values in bold letters represent best results in Table 5.7. Deep
models [147] like V3G-FC7, V3G-FC8, C3D-FC7, and C3D-FC8 are used for
performance analysis. Similarly, conventional machine learning approaches like
trajectory-based, HOG, HOF, MBH, HOT, and DT techniques are also used for
performance comparison. It can be observed from Table 5.7 that the proposed model
achieves the highest mean accuracy and overall accuracy of 65.45% and 81.26%,
respectively. Hence, the proposed feature learning process performs better than the recent

state-of-the-art approaches.

Panic Fight Congestion  Obstacle Normal

Panic Fight Normal

panic 1 0.48 0.0 0.0 0.06 0.45

right{ 0.0 - 0.01 0.08 0.19

congestion{ 0.0 0.06 0.55 0.06 0.33

Actuals

Fight

Actuals

obstacle {  0.01 0.0 0.01 0.62 0.36
- Normal 0.18
normal {1 0.02 0.04 0.01 0.02
‘ " Predictions Predictions
Figure 5.10: Confusion matrix of the proposed Figure 5.11: Confusion matrix of the
model on the MED dataset [2] proposed model on the GTA dataset [146]
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Table 5.7: Performance comparison with other state-of-the-art approaches on the MED dataset

Approaches Classification accuracy (%) per individual behavior Mean- | Accuracy
classes ACC (%)
Panic Fight Congestion | Obstacle | Normal | (%)

V3G-FC7 80.72 37.41 31.18 47.25 71.35 53.58 62.71

[147]

V3G-FC8 53.23 29.89 27.32 42.35 32.16 36.99 33.82

[147]

C3D-FC7 84.72 32.93 16.16 29.61 92.69 51.22 73.52

[147]

C3D-FC8 57.32 25.89 17.22 25.51 46.64 34.50 40.59

[147]

HOT [2] 62.18 38.27 25.67 28.20 36.53 38.17 36.29

DT [2] 74.82 30.47 23.43 27.94 36.88 38.71 36.10

Proposed 48.20 71.32 54.50 61.70 91.51 65.45 81.26

5.3.3.2 The GTA dataset

The experiment on the GTA dataset [146] is demonstrated by following the same
procedure as mentioned in [146]. The behavior sequences 2, 4, 11, and 12 are the test
sequences that were selected randomly. The confusion matrix of the proposed model on
the GTA dataset is illustrated in Figure 5.11. The classification accuracies on the Normal,
Panic, and Fight crowd behaviors are 81.88%, 95.60%, and 80.75%, respectively. The
proposed model achieves an overall accuracy on the test samples of 88.61%. The
performance comparison with the state-of-the-art approach is illustrated in Table 5.8. The
spatial-temporal model [146] is the only model which experimented on the GTA dataset
[146].

The spatial-temporal model [146] achieves classification accuracies of 83.80%,
61.20%, and 28.90% on the Normal, Panic, and Fight crowd behaviors on the GTA
dataset. The mean accuracy of the spatial-temporal model [146] is 71.70, whereas the
proposed model achieves the mean accuracy of 86.07%. Hence, the proposed model

performs better than the spatial-temporal model [146].
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Table 5.8: Performance comparison with state-of-the-art approach on the GTA dataset. Values
in bold letters represent best in the table.

Approaches Classification accuracy (%) per | Mean- | Accuracy
individual behavior classes ACC (%)
Normal Panic Fight (%)

Spatial-Temporal Net[146] 83.80 61.20 28.90 71.70 -

Proposed TS-MDA 81.88 95.60 80.75 86.07 88.61

5.3.3.3 Ablation Study
An ablation study on the proposed model has been performed to show the
effectiveness of each of its main modules. The proposed model contains two main
modules: the multiscale spatial stream (MSS) and the multiscale temporal stream (MTS).
Experiments are conducted by considering the MSS and MTS individually for crowd
behavior classification. Apart from the MSS and MTS, other possible models have been
obtained based on the inputs given to the two streams and the multiscale feature fusion.
These possible models are,
e With Foreground maps applied to inputs of the TS-MDA (WF-TS-MDA): In this
case, the foreground maps are applied to the inputs of the two streams of the TS-
MDA.
e Without Foreground maps applied to inputs of the TS-MDA (WoF-TS-MDA): In
this model, no foreground maps are applied to the inputs of two streams.
e Without Multiscale feature fusion on the TS-MDA (WoMS-TS-MDA): Here, no
multiscale features are fused in the Concatenate layer of the proposed TS-MDA.
Figure 5.12: (a), (b), (c), (d) and (e) show the confusion matrix of the MSS, MTS,
WF-TS-MDA, WoF-TS-MDA, and WoMS-TS-MDA modules, respectively, on the
MED dataset [2]. Similarly, Figure 5.14: (a), (b), (c), (d) and (e) illustrate the confusion
matrix of the MSS MTS, WF-TS-MDA, WoF-TS-MDA, and WoMS-TS-MDA on the
GTA dataset [146]. Figure 5.13 shows a graphical comparison of different models used

in the ablation study for the MED sequences [2]. According to Figure 5.13, the proposed
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model shows better accuracy trend as compared to other models. However, the
performance of the proposed model degraded on few sequences. For example, different
modules such as WF-TS-MDA, WoF-TS-MDA, WoMS-TS-DA, MSS, MTS performs
better than the proposed model on the sequences <3, 4, 5, 8, 9,22, 26, 27, 30, 31>, <5, 7,
9, 14, 20, 22,26, 27,29, 30>, <3, 8, 9, 12, 22, 26, 30>, <9, 20, 22, 25, 26, 27, 28, 29, 30>
and <8, 9, 22, 26, 27, 29, 30> respectively. Apart from this, the performance comparison
of different modules is illustrated in Table 5.9 and Table 5.10 on MED and GTA datasets
respectively. Performance metrics like per-class accuracy, overall accuracy, and per-class

precision are obtained for different modules.
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Panic Fight  Congestion Obstacle  Normal Panic Fight ~ Congestion Obstace  Normal : 4 9
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rntd 0.09 . 001 014 016 | 0.02 | 037 002 0.03 | 0.55 Fty 005 FO.5TS 009 0.03 025
w % %
Someton{ 001 033 02 001 | 045 | 3 cmeser; 0.01 007 013 0.2 g oeeson) 0.02 018 016 0.06 Sy
9] 9] <
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osaced 0,03 009 0.0 024 osade{ 011 0.02 0.0 017 osadet 0,07 005 0.01 1049 038
wmat| 0,06 014 002 005 wmal 002 0.06 002 0.06 remal | 0.02 - 0.04  0.03  0.04
Predictions Predictions Predictions
b C
@) (b) ©)
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pnc{ 0.44 0.04 0.0 0.02  0.49 rnic 042 0.05 0.02 0.09 043
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ostace; 0.01  0.01 0.0 | 049 0.49 ostace{ 0.13 0.09 0.0 039 04
Normal 006 01 001 002 . Normal 0.01 0.04 0.04 0.05 .
Predictions " Predictions
(d) (e)

Figure 5.12: Confusion metrics of different modules during ablation study on the MED dataset
[2]. The subfigures (a), (b), (c), (d), and (e) are the confusion metrics of MSS, MTS, WF-TS-
MDA, WoF-TS-MDA, and WoMS-TS-MDA modules, respectively.
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Figure 5.14: Confusion metrics of different modules during ablation study on the GTA dataset
[146]. The subfigures (a), (b), (c), (d), and (e) are the confusion metrics of MSS, MTS, WF-TS-
MDA, WoF-TS-MDA, and WoMS-TS-MDA modules, respectively.

The models like WF-TS-MDA, WoF-TS-MDA, WoMS-TS-MDA, MSS and
MTS achieve overall accuracies of 73.17%, 69.00%, 70.11%, 60.99%, 63.03% on MED

[2] and 75.33%, 73.64%, 60.16%, 54.51%, 69.89% on GTA dataset [146] respectively.
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However, the proposed TS-MDA achieves better performance as compared with

individual modules.

Table 5.9: Comparative analysis of results of different modules of the proposed TS-MDA during
ablation study on the MED dataset [2]. Values in bold letters represent best in the table.

Performance Metrics Modules used in Ablation Study
WEF- WoF- WoOMS- | The The The
TS- TS- TS-DA MSS MTS Proposed
MDA MDA Module | Module | Model
Per Class | Panic 57.94 44.45 41.50 35.41 19.38 48.20
Accuracy | Fight 57.34 53.01 52.60 60.30 37.42 71.28
(in %) Congestion | 7.24 30.00 | 27.40 20.36 13.40 54.50
Obstacle 48.54 49.31 38.60 23.73 17.43 61.70
Normal 87.17 82.08 85.43 73.27 83.43 91.51
Per-Class | Panic 53.60 37.31 43.30 25.16 25.95 66.73
Precision | Fight 59.36 43.15 56.28 35.35 47.38 75.26
(in %) Congestion | 22.10 | 69.11 | 39.59 47.10 31.37 78.28
Obstacle 64.04 69.83 47.24 35.56 31.36 68.46
Normal 81.16 76.71 79.20 76.98 70.43 84.96
Over all Accuracy 73.17 69.00 70.11 60.99 63.03 81.26

Table 5.10: Comparative analysis of results of different modules of the proposed TS-MDA
during ablation study on the GTA dataset [146]. Values in bold letters represent best in the

table

Performance Metrics Modules used in Ablation Study

WEF- WoF- WOMS- | The The The

TS- TS- TS-DA MSS MTS Proposed

MDA MDA Module | Module | Model
Per Class | Panic 90.13 70.47 59.65 11.73 41.58 95.59
Accuracy | Fight 55.98 70.77 69.78 96.17 95.89 80.75
(in %) Normal 62.80 80.87 54.80 98.12 91.12 81.88
Per-Class | Panic 92.14 80.50 9451 100.00 98.52 100.00
Precision | Fight 51.23 100.00 | 51.60 98.12 64.61 67.59
(in %) Normal 64.28 57.78 39.25 39.89 54.68 86.30
Over all Accuracy 75.33 73.64 60.16 54.51 66.89 88.61

From the confusion matrixes i.e., Figure 5.12: (a), (b) and Figure 5.14: (a), (b),
the MTS module tends to classify anomaly frames into normal frames on the MED
dataset, but the same trend is not seen in the GTA dataset [146]; this may be due to several
reasons. First, the MED dataset [2] is more realistic than the GTA dataset [146] and
contains more anomaly classes than the GTA dataset. Second, the more the different types
of anomaly classes, the more similar will be the motion patterns compared to the
“Normal” class, and thus, the MTS module tends to classify a more significant number

of anomaly frames as Normal frames.
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However, among several modules used in the ablation study, the WF-TS-MDA
performs better in the MED [2] and GTA datasets [146]. Multiscale features and
minimizing the background effects are essential for crowd behavior modeling. The model
without multiscale features, i.e., WoMS-TS-MDA, performs poorly compared to TS-
MDA. Hence the multiscale features are essential for crowd behavior modeling.
Similarly, the effect of foreground maps is also observed. The model without foreground
maps (WoF-TS-MDA) achieves much less accuracy than WF-TS-MDA and TS-MDA.

This is because the inputs to the MSS and MTS are affected by cluttered backgrounds.

Now, as far as the decision on applying foreground maps to both the streams, it
has been observed that the proposed model (TS-MDA) with foreground maps applied to
the MTS stream performs better than WF-TS-MDA. Therefore, it can be summarized that
the proposed TS-MDA effectively handles scale variation issue and also utilize the de-
background temporal features for crowd behavior modeling. There is another issue which
need to be discussed as far as the difference of accuracies for the two datasets. This occurs
due to: first, the MED dataset is a real-world dataset having five different types of crowd
behaviors, whereas the GTA dataset is computer graphics (CG) data, which contains only
three crowd behavior classes and second, the more the number of behavior classes, the

more similar the appearance and motion patterns between them will be.

Hence, it will be challenging to achieve better performance as far as the MED
dataset [2] is concerned. Nevertheless, the proposed model achieves better performance

as far as state-of-the-art approaches are concerned.

5.4 Conclusion

In this chapter, two models for CBA were proposed. The first model (MuST-PQOS)

adopted the OCC approach to predict normal and panic crowd behaviors, whereas the
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second model (TS-MDA) performed multiclass crowd behavior classification. Both
models handled human shape variations due to perspective distortion in the crowd video
by exploiting scale-invariant features. In addition, the TS-MDA minimized the effect of
background influence by utilizing deep features from the foreground image of the frames.
To show the efficacy of the proposed models, extensive experiments, comparative results
analysis, and ablation studies were performed on the publicly available benchmark
datasets. The MuST-POS achieved 99.40%, 97.61%, and 98.37% of average detection
accuracies on the UMN, the MED Panic, and Pets-2009 Panic datasets. The results of
MuST-POS outperform recent state-of-the-art approaches. The TS-MDA achieved an
accuracy of 81.26% and 88.61% on the MED and GTA datasets and performed far better
than the recent state-of-the-art. The TS-MDA also performed better when compared to
OCC-based approaches.

In this chapter, two deep models were proposed for the task CBA. The
experimented results outperform the state-of-the-art. In the next chapter, an important

task of CA, i.e., multitasking CA using a deep learning approach, will be discussed.
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