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Abstract: The detection of crowd density levels and anomalies is a hot topic in video surveillance.
Especially in human-centric action and activity-based movements. In some respects, the density
level variation is considered an anomaly in the event. Crowd behaviour identification relies on a
computer-vision-based approach and basically deals with spatial information of foreground video
information. In this work, we focused on a deep-learning-based attention-oriented classification
system for identifying several basic movements in public places, especially, human flock movement,
sudden motion changes and panic events in several indoor and outdoor places. The important spatial
features were extracted from a bilinear CNN and a multicolumn multistage CNN with preprocessed
morphological video frames from videos. Finally, the abnormal and crowd density estimation was
distinguished by using an attention feature combined with a multilayer CNN feature by modifying
the fully connected layer for several categories (binary and multiclass). We validate the proposed
method on several video surveillance datasets including PETS2009, UMN and UCSD. The proposed
method achieved an accuracy of 98.62, 98.95, 96.97, 99.10 and 98.38 on the UCSD Ped1, UCSD Ped2,
PETS2009, UMN Plazal and UMN Plaza2 datasets, respectively, with the different pretrained models.
We compared the performance between recent modern approaches and the proposed method (MCMS-
BCNN-Attention) and achieved the highest accuracy. The anomaly detection performance on the
UMN and PETS2009 datasets was compared with that of a state-of-the-art method and achieved the
best AUC results as 0.9953 and 1.00 for both scenarios, respectively, with a binary classification.

Keywords: crowd density; crowd anomaly detection; transfer learning; event understanding; crowd
video analysis

1. Introduction

One of the key security issues during public events is how to accurately determine
activity when people are moving and congregating. The congestion levels and anomaly
detection are also extremely difficult tasks in video surveillance. With the expansion of
human society activities, surveillance in recent years has become a very important and
difficult task. In this work, we mainly focused on several events in indoor and outdoor
environments while some events occurred in low light conditions and had shadows with
large occlusions. An efficient crowd behaviour analysis is required to identify the abnor-
mality of a crowd gathering and understand its behaviour by analysing video information
in public surveillance videos. The analysed information is very useful to use for crowd
management in public spaces based on predefined behaviours.

However, in recent years, the technology of surveillance equipment has been signifi-
cantly advanced in order to improve the quality of the obtained spatial information. Event
spot analysis is still a difficult task due to the long viewing distance and the low-resolution
quality of surveillance videos. The current approach to testing videos with a resolution
of almost 299 x 299 pixels with high occlusion allows a relatively low-quality video. In
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principle, there are surveillance methods available in real time, leaving the analysis for later
in case of a special investigation. However, both methods require a special interaction with
a person to analyse the video, which can lead to visual fatigue and psychological weakness.
Thus, the interaction with instances and a quick attention to unexpected situations, such
as an abnormal event or a cluster of abnormal people, have a great impact on the task of
video surveillance.

Technically, an anomaly can be described as an unusual movement of a person, a
cluster or a sudden convergence/divergence in a certain area of interest. In addition,
crowd density level analysis measures the anomaly of traffic forecasting in surveillance
video. The crowd analysis is mainly divided into several subsessions such as density,
abnormal activity, crime scene, crowd counting, event understanding and many more.
The group activity detection and event understanding need highly improved spatial—-
temporal model information to understand behaviours. The basic methods of all the crowd
behaviour understanding are based on conventional spatial-temporal features such as
handcrafted and convolution kernel features. Figure 1 shows the basic workflow of our
proposed approach to understanding crowd behaviour in the public environment. The
main contribution of the model provides an efficient deep learning feature extraction by
modifying the existing conventional model to understand crowd congestion levels in public
areas. The manually annotated congestion levels of information are described in Table 1
briefly. The congestion level in the scene is highly involved in understanding abnormal
activity in the crowd.
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Figure 1. The network architecture of the proposed model.

In this paper, we introduce a model to extract spatial information to detect basic
activity and crowd density from attention-based feature classification with a multiclass
CNN. There are several ways to understand the crowd density in a video sequence. In
our approach, a sequence was divided into five congestion levels and tested with publicly
available datasets described in the experiments and results section. The congestion levels
were categorized from low to high as very low (VL), low (L), medium (M), high (H) and
very high (VH). The proposed model was developed by fine-tuning of a densenet121 [1] and
Efficientnetv2 [2] network and a multicolumn [3] CNN architecture to extract multichannel
features from a single image instance.
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Table 1. Bilinear attention network’s parameter information (densenet121) .

Input 3 X299 x 299

Layer Output Filter Size Neurons
Convolution 112 x 112 7x7 3 x 64
Pooling 56 x 56 3x3 64

Dense Block 56 x 56 1x1,3x3)6 64 x 256
Transition (56 x 56,28 x 28) 1x1,2x2) 256 x 128
Dense Block 28 x 28 1x1,3x3)12 128 x 512
Transition (28 x 28,14 x 14) (1x1,2x2) 512 x 256
Dense Block 14 x 14 (1x1,3x3)24 256 x 1024
Transition (14 x 14,7 x 7) (1x1,2x%2) 1024 x 512
Dense Block 7x7 1x1,3x3)16 512 x 1024
Dropout (0.5)

Attention 1024

FC 512

The bilinear CNN was based on the simultaneous extraction of different object features
(different kernel size) from the same instance and at the same time, a multicolumn CNN
was utilized to extract different filters to extract dense features from the same image.
The parallel features were gathered before the fully connected layer by combining with
the outer products of matrices. Dense object features were extracted simultaneously
by using various image convolution filters to create a density map by combining each
channel. The final outcome was trained with a fusion network followed by a fully connected
layer to classify the final categories. The total training loss parameters were calculated
during the training by summing each network’s partial loss. The loss function could be
optimized with the same gradient descent optimization as backpropagation in training
neural networks. The different-kernel-size filters could effectively extract multiple features
with a bilinear attention network to improve the foreground and background information
of the scene features at the same time. The conventional multistage- and multicolumn-
generated features missed more imported features in a given image than the combined
attention features (proposed model). Therefore, a significant classification improvement
was achieved, as discussed in the results analysis section. Early stopping was used in the
model training strategy to achieve better outcomes, and the fused features experienced
faster training convergence than traditional techniques.

Contribution of the Work

The multistage, multicolumn layers improved spatial information along the attention
features. In this approach, we introduced several modifications to improve the deep
features from spatial information. The main contribution process of building the novel
bilinear attention feature vector and fusion network process is explained as follows: The
proposed model introduced three main parallel feature extraction methods to improve
features at different levels. Mainly, bilinear CNN pooling networks extract different features
at different depth levels. Therefore, bilinear feature extraction models extract richer features
(deep features) than normal convolution networks. Our approach used a dual-channel
feature extraction model (transfer learning) based on densenet121 and Efficientnetv2 for
generating the bilinear pooling matrix in a given image. The generate bilinear feature
matrix was used to calculate the attention score matrix of each point by multiplying it
with the activation weight vector. Finally, we obtained the attention feature vector by
aggregating all column elements together to generate a bilinear attention feature vector.
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Second, the single-image multicolumn network was modified with a convolution layer
and a fully connected layer to generate a feature vector instead of a feature map. The
generated density feature vector and subsampled multistage convolution feature vector
were parallelly concatenated with the bilinear attention feature vector. Finally, the two
streams flattened the feature vectors, which were fed into a fully connected fusion network
with a softmax classification.

Experiments were conducted at different density levels using benchmarks, including
PETS 2009, UMN and UCSD. The training and validation outcomes performed best, as
mentioned in the results section, and were also compared with state-of-the-art algorithms.

2. Related Works

Crowd anomaly or density level detection plays a key role in monitoring and surveil-
lance of crowded places. It prevents mishaps and crime in a congested environment.
The main problem for anomaly classification in crowded areas is using feature sets and
techniques that can be replicated in every crowded scenario [4]. Anomaly detection in a
crowded environment is classified as trajectory-based or feature-based [5]. In a trajectory-
based detection system, the trajectories of moving crowds are obtained using target-tracking
models. After acquisition, these trajectories are compared with normal trajectories gained
by applying machine learning to normal situations to gain potential knowledge. After this
process, anomalies are detected [6]. Ref. [7] presented a real-time anomaly recognition
in average-density crowd videos using trajectory-level behaviour training. The proposed
algorithm combined a particle filter online-tracking model and RVO (reciprocal velocity
obstacle), a nonlinear pedestrian motion model, to estimate the dense crowd environment’s
motion trajectory. The proposed model used a Bayesian learning technique to estimate
the trajectory of each person in videos. The PETS2016 ARENA dataset was used for the
experimental results evaluation. Ref. [8] proposed an online tool to detect the trajectory
points in real time and detect the outliers as normal or abnormal. The proposed method
used the video frame’s temporal window and the threshold value of a trajectory to classify
it as normal or abnormal. Ref. [9] used the short local trajectory (SLT) for the detection of
abnormal objects in a video. The proposed scheme used HMM (hidden Markov model) for
acquiring the normal trajectory patterns. Ref. [10] used the histogram method of optical
flow known as PT-HOF to detect an abnormality. Moreover, the scheme used spatial fea-
tures and temporal information to form PT-HOFE. However, the trajectory-based anomaly
detection methods were only appropriate for small-level, low-density scenes. The increase
in crowd size forces the trajectory to overlap, which decreases the accuracy and preciseness
of anomaly detection algorithms. On the other hand, the feature-based approaches split
the video into different regions of interest (ROI). Then, the features are extracted from
different ROISs to learn activity patterns [11]. Ref. [12] proposed a spatial-temporal texture
method also known as STT for feature extraction from video scenes. First, spatiotemporal
volumes (STV) were constructed from a raw video. For further processing, a slice of STV
or STT was extracted to find hidden patterns. Then, the Shannon entropy of each STT
was calculated to estimate information available in each frame. The STT with a higher
entropy was chosen as the objective STT for people behaviour evaluation. Then, a grey-
level co-occurrence matrix (GLCM) was used to extract features from the targeted STT.
These extracted features were applied to different machine learning algorithms, including
SVM, KNN, naive Bayes and random forest, for abnormality detection. Ref. [13] proposed
a novel approach for anomaly detection built on a DNN. The model used optical flow
maps and 3D gradient for anomaly recognition. The MGFC-AAE network involved two
DNNis: an encoder network and a discriminator. During the training phase, the gradient
value and optical flow patches of usual scenes were separated. For testing a given region,
MGEFC-AAE was used for the latent representations of the patch gradient and optical flow.
Then, an energy-based technique was used to calculate the motion anomaly score and
its appearance. Ref. [14] proposed a dynamic-based and deep dynamic-based network
for object detection and the histogram variance of optical flow angle (HVO) with motion
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energy to discover unusual motion patterns. It used spatial and temporal information for
tracking strange objects. Ref. [15] proposed an attention-enhanced graph convolutional
LSTM network (AGC-LSTM) to detect individual action using skeleton data. The suggested
scheme was able to capture the discriminative spatiotemporal features effectively. Ref. [16]
proposed a descriptor that analyse the crowd dynamics in real time by observing the crowd
texture changes. GLCM features were used for temporal summaries. The authors also
proposed the interframe uniformity (IFU), which explained the change in violent behaviour
compared to normal crowd behaviour changes. The proposed method used the Haralick
texture features obtained from each frame of the sequences and described the involvement
of these features in crowd dynamics. It also emphasized that violent behaviour usually
had a less uniform rate of changes over time than normal crowd behaviour. Ref. [17]
used an autoencoder to detect anomalies in crowded videos. After a training process, the
autoencoder identified the complicated distribution of the normal dynamics of behaviour
change. It used state-of-the-art hand-crafted HOG and HOF motion features models with
enhanced trajectory features as an autoencoder input. The autoencoder learned the regular
motion signatures by using a fully connected neural network. As these motion features
could not be ideal for anomaly detection, the model learned the motion features and trained
the encoder using an end-to-end learning version of a fully connected CNN during training.
The learned model was analysed by visualizing the consistency in frames also predicting a
normal past and future frame utilizing a single image. Ref. [18] proposed a convolutional
LSTM built on an autoencoder-based approach for anomaly detection in videos. With the
help of a CNN, the authors characterized each frame’s content in the video, and ConvLSTM
was used to characterize the motion information. Moreover, ConvLSTM preserved the
spatial information, which helped the reconstruction of frames. Ref. [19] proposed MemAE,
a memory-augmented autoencoder for anomaly detection. The model consisted of three
units: an encoder, a decoder and a memory unit. Ref. [20] used a CNN model for feature
extraction and context analysis from surveillance videos. Then, it used a denoising au-
toencoder to deliver precise surveillance anomaly detection. To construct the background
segmentation features, it used a panoptic feature pyramid network (PFPN). The PFPN
model was also used to solve unified tasks on amorphous background regions such as
rivers, walls, etc. The proposed model used the joint detection and embedding (JDE) model
for pedestrian detection and tracking features. Ref. [21] suggested an unsupervised deep
learning framework to analyse the anomalies in crowded videos. The handcrafted features
included energy features, low-level visual features and a motion map, and these features
were used for anomaly detection in a video. The proposed scheme consisted of three stages.
Firstly, three CDBNs were used to learn the midlevel features from crowd data. Secondly,
these midlevel features were merged using a fusion scheme to form a deep high-level
representation. Finally, a one-class support vector machine (SVM) was used to learn from
the deep representation. Based on this learning, the SVM detected any abnormal data
existing in crowd videos. Ref. [22] used a deep cascade autoencoder (CDA) to detect any
abnormal event in surveillance videos. The moment information was captured by a motion
descriptor, namely a multiframe descriptor (MHOFO). Then, these features extracted by
a descriptor were fed to the CDA network for the training process. After training, the
abnormal events were distinguished from the normal ones using the error rate of the
CDA. Ref. [23] proposed a novel approach named aggregation of ensembles for abnormal-
ity recognition in surveillance videos. The scheme used pretrained networks, including
AlexNet, GoogleNet and VGGNet, based on the theory that these networks learn different
semantic representation levels from crowd videos. The proposed AOE used various pre-
trained networks for feature extraction and trained an SVM classifier on these features to
predict anomalies in crowd scenes. Ref. [24] presented a multiple instance learning (MIL)
method for anomaly detection from surveillance videos. The proposed scheme considered
both normal and abnormal video frames as an instance in MIL. The model automatically
learned anomaly ranking by using high anomaly scores from anomalous video frames. The
proposed scheme also introduced sparsity and temporal smoothness constraints to localize
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anomalies during the training process. Ref. [25] proposed ResnetCrowd, a residual network
for crowd numbering, violent behaviour evaluation and crowd density categorization. The
architecture of ResnetCrowd was similar to that of ResNet18 with an AdaGrad optimizer
for the training process. For behaviour recognition, a sigmoid function was applied to the
output of the behaviour evaluation via a fully connected layer. For density-level classifica-
tion, a classification approach was adopted. A softmax activation function was used for the
density layer output. Ref. [26] proposed an anomaly detection scheme that consisted of a
tracing model and an optimization classifier for crowd behaviour analysis. The proposed
model used two tracking models for tracking purposes by combining a Taylor series based
predictive (TSP) and CT (tracking and compressive tracking) approach. The feature vector
was formed by using the features extracted by the tracking models. The model used a
firefly-based support vector neural network for classification purposes. Ref. [27] proposed
a deep Gaussian mixture model called as GMM to analyse a video event as normal or
abnormal. The model used PCANet and 3D gradients for appearance and motion feature
extraction. Then, the constructed GMM model was applied to identify the event pattern.
The deep GMM used multiple GMM layers on top of each other, which allowed the GMM
model to perform well with more minor motion features.

3. Proposed Work

The proposed model consisted of three main parallel feature extraction stages to im-
prove the spatial feature information of a given image. We used the existing crowd density
estimation model available in state-of-art methods, namely, a multicolumn convolution
neural network (MCNN) [3] and multistage convolution neural network (MSCNN) [28].
Both MSCNN and MSCNN's internal parameters and convolution layers were modified to
achieve optimum performance, in order to train the model. The densenet121 [1] architecture
was used as the bilinear convolution for attention feature extraction as a transfer model’s
feature extraction. The transfer learning [29] method is widely used for classification tasks
as a reusable existing pretrained model, by freezing or changing some parameters in the
model, as well as for tuning up the final fully connected layer to classify data in different
categories. For our purpose, we used a frozen densenet121 architecture as a feature extract-
ing model, then later fed it to the attention model to build an attention feature vector with
a bilinear CNN (BCNN) [30] feature matrix.

The BCNN models have efficiently being used in various fine-grained image classifica-
tion tasks in recent years. Basically, the bilinear model operates with a parallel convolution
operation for different features at different levels with simultaneous convolution streams
to gather deep spatial information from an image to generate a pooled bilinear matrix for
visual recognition.

For this work, we used the same model (densenet121) for both streams’ linear models
to build the outer product and the bilinear matrix and we flattened the feature vectors
and passed them to the attention network to generate an attention vector. Two streams
extracted features represented as Fa and Fa;

Fa— >WxHxM €))

Fb— > W« Hx N 2)

(where M and N represent vector length, W and H represent the width and height of the
feature matrix.) Let us reshape extracted feature vectors Fa and Fa; the resultant bilinear
feature vector is represented as X:

X = Fa' «Fb 3)

where X eRM*N is the outer product of the two streams’ feature vector consisting of a
pairwise interaction of two feature vectors. Then, the extracted feature vectors were
flattened and fed to the attention function to generate a softmax-generated statistical
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feature vector. Before the attention operation, the bilinear matrix was passed through a
signed square root to improve backpropagation [30].

X' = Sign(X).,/|X| 4)

/
1

X
X

I, Normalization) (5)

3.1. Dense Block

When performing a conditional CNN convolution operation, there is a problem with
a vanishing gradient due to the dense architecture of local networks. To overcome the
disappearing gradient descent, a summarized map of objects of the previous layer with the
current operation was introduced to increase the weight matrix; this significantly reduced
the number of network parameters. This scenario was explained in the densenetl121
architecture [1]. EfficientNetV2 [2] is a new model of convolutional networks that has a
higher learning rate and better parameter efficiency than modern models. The search for
models was carried out in the search space, enriched with new options, such as Fused-
MBConv.

3.2. Bilinear Attention Feature Vector (Attention over BCNN Vector)
Wih an activation weight vector (F,), the attention score was:

AttentionScore(atts) = softmax(matmul (X" x F,)) (6)

After normalizing the attention score, the resultant matrix was summed with the attention
score:
Bilinear AttentionFeatureVector = Sum (X" * atts) (7)

The attention feature vector was calculated by multiplying the input BCNN matrix with the
calculated attention score over the BCNN matrix. The flow diagram and model parameters
are shown in Figure 2 and Table 1, and the main process is explained from the BCNN matrix
to the generation of a summed normalized attention vector. Finally, the generated BCNN
attention feature vectors are fused with the modified MCNN kernel feature vector and
multistage CNN features. The MCNN and MSCNN'’s modified architectures are described
in Tables 2 and 3.

rbm

BCNN input Attention Score
matrix
Activation
Weight Vector
—> x 3 ——

i

Bilinear Attention Feature

Vector
CNN Stream B

Figure 2. Bilinear attention flow diagram.

The MCNN architecture extracted different kernel features from the same image and
fed pooled features to fully connected layers to reduce dimensionality. The details of the
modified MCNN network architecture is described in Table 1. The resultant feature vector
size was limited to 512 before the fusion with the BCNN attention feature vector.
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In the MSCNN model architecture, the same input image was simultaneously fed to
the feed-forward CNN network with multistage CNN feature aggregation. The proposed
model improved MSCNN for efficient feature extraction. The modified multistage net-
work architecture is explained in Figure 3. The MSCNN process’s first-stage convolution
consisted of the first and second convolution operations. Then, the resultant output was
concatenated with the second-stage convolution outputs (Conv3, Conv4). The MSCNN
model improved feature information and reduced vanishing gradient issues in the network.

First Stage Second Stage
3*299*299 P —
c
[S)
-~ N (2] o -.(-ﬂ‘
> > > =) > > P
zZI 32 X zl 2| & Z Z
puael el Ko 1 Bl imdl Rl F I imel Ko gl B 8
c
Q
(&)
\ 7 \ Y,

Figure 3. Modified MSCNN architecture.

Table 2. Multistage network parameter information.

Input Image 3 x 299 x 299 (Channels x Width x Height)
Layer Name Filter Size Output Channels Layer Name Neurons
Convl 9x%x9 16 Fusion (40 x1x1)
Mpl 2x2 FC1 1024
Conv2 7 X7 32 FC 512
Mp2 2x2
Conv3 7x7 16
Conv4 7 X7 8
Table 3. Multicolumn network parameter information.
Input Image 3 x 299 x 299 (Channels x Width x Height)
Il:l?:lre Branch 2 Branch 3 11;1?1,122 Neurons
Nome  Size Chamncls Name Sise Chamncls Nome Size Chamnels FOSn G0 x1xD
Convl 9x9 16 Convl 7x7 20 Convl 5x5 24 FC1 1024
Mpl 2x2 Mpl 2x2 Mpl 2x2 FC 512
Conv2 7x7 32 Conv2 5x5 40 Conv2 3 x3 48
Mp2 2x2 Mp2 2x2 Mp2 2x2
Conv3 7x7 16 Conv3 5x5 20 Conv3 3 x3 24
Conv4 7x7 8 Conv4 5x5 10 Conv4d 3 x3 12
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3.3. Proposed Model Architecture

Both MCNN and MSCNN parallel streams’ feature vectors were concatenated with
the BCNN attention vector before reaching the fully connected network. The process of
bilinear model feature extraction and the operations of the bilinear attention feature vector
generation are explained in Equations (1)—(7). The multicolumn (MC) and multistage (MS)
feature vectors were concatenated with the bilinear attention feature vectors as:

Cmc = [fmcNN, fBCNN=att] 8)
Cms = [fms, fBCNN—at] )

where C and f represent concatenation and generated feature vectors, respectively. Both
concatenated feature vectors have the same dimensions, as shown in Figure 1.

3.4. Fully Connected Network (FCN)

The primary feature extraction models were based on the pretrained densenet121/
EfficientNetV2 architectures with the bilinear CNN model (frozen model). Thus, the multi-
stage and multicolumn models were trained with separate optimization functions, and we
calculated the loss separately. For the training level, we used the Adam optimization [31]
algorithm with a learning rate of 0.001 and a batch size of 40 for both models.

Ltotal = Lmc + Lms (10)

(where L denotes the loss of the network). The feature concatenation and optimization loss
calculation are shown in Equations (8)—(10).

4. Experiment Results and Discussion

The proposed model was based on the PyTorch [32] deep learning library and imple-
mented with an Nvidia Geforce GTX 1660 GPU (6 GB dedicated memory) and AMD Ryzen
5 series processor with 16 GB of RAM. The publicly available UCSD [33], PETS2009 [34]
and UMN [35] datasets were tested with our proposed model and results were compared
with several other methods, such as CLBP [36] and MSCNN [28] .

4.1. Dataset Preparation

The proposed models were tested with the publicly available crowd datasets UMN,
PETS2009 and UCSD. The UMN dataset consists of two indoor crowd-monitoring video
images Plazal and Plaza2. The PETS2009 provides different anomaly events and crowd
density estimation videos with several viewpoints. In this experiment, we used data from
one viewpoint with the different difficulty levels explained in the dataset. Finally, the
UCSD ped1 and ped2 datasets were tested with the proposed model. The UCSD consist of
several anomaly activities with different congestion levels. All frame-level annotation work
was manually done and the segmentation of the congestion levels (VL—very Low, L—low,
M—medium, H—high, VH—very high) was inspired from the TIS-MCMS work in [37].
The density levels for UCSD Ped1, UCSD Ped2 and PETS2009 and UMN Plazal and UMN
Plaza2 are represented as (VL < 9,8 <L < 17,16 < M < 25,24 < H < 33,VH > 32) and
(VL=0,0<L<4,4<M<7,6<H<11,VH > 10), respectively.

The final training and the testing split were kept as a sixty-to-forty ratio for this work.
The difficult level summarization and training and testing splits are mentioned in Table 4.
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Table 4. Details of datasets’ splits for training and testing.
Training Samples Testing Samples

Dataset VL L M H VH  Total VL L M H VH  Total
UCSD-Ped1 2093 4171 1043 614 119 8040 1394 2715 690 480 82 5360
UCSD-Ped2 2113 4137 1016 785 107 8158 1374 2749 717 502 98 5440
PETS2009 49 128 156 114 290 737 46 86 111 70 179 492
UMN-Plazal 113 503 123 93 190 1022 79 335 76 66 126 682
UMN-Plaza2 197 570 100 189 143 1199 125 371 75 142 87 800

4.1.1. UCSD Dataset

The UCSD benchmark dataset [33] consists of two different videos streams namely
ped1 and ped2 with different viewpoints. The whole dataset consists of 16,000 and 4800
frames with a TIFF image format, respectively, and all images were converted to the
JPEG image format. The UCSD dataset comprises sparse, occluded and low-resolution
image data.

4.1.2. Pets2009 Dataset

The PETS2009 dataset [34] contains three different levels of complexity, namely L1,
L2 and L3. Each difficulty level has four different viewpoints with two time segments. In
this proposed experiment, we selected the time step data of each level for testing. Several
samples of the complexity levels of each data set are shown in Figure 4.

Datasets
UCSD-Pedl

UCSD-Ped2

PETS2009

UMN-Plazal

UMN-Plaza2

Figure 4. Examples of crowd scene of different density levels.

4.1.3. Umn Dataset

The UMN dataset [35] has a low complexity compared to the PETS2009 and UCSD
datasets due to the stable indoor background scenario. The video recordings from UMN
Plazal and Plaza2 surveillance cameras were prepared to monitor crowd density.

4.2. Model Training and Initialization of Parameters

The proposed model was fine-tuned on five crowd density levels by setting the
parameters and hyperparameters. The training and validation batch sizes were set at
40 samples, the learning rate was kept at 0.001 and we used the Adam optimizer. In
this approach, the model training performance was kept at its highest while avoiding
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overfitting when stopping the model training by adopting early stopping. The model
training accuracy/loss and validation accuracy/loss performance are as shown in Figures
5-8, respectively. The model with densenet121/EfficientNetV2 converged quickly with a

high accuracy rate, as shown in Figures 5-8.

0.8 4 o8
B &
g g
506 -8 06
g <
< =
g £
£ 04 -5 04
= —— UCSD Pedl | | 2 —— UCSD Pedl
—5— UCSD Ped? —&— UCSD Ped2
02— —— PETS2009 |{ 02 -~ —— PETS2009
—+—UMN Plazal —+—UMN Plazal
—e—UMN Plaza2 —e—UMN Plaza2
0 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 ) 4 6 g8 10 12 14
Epoch Epoch
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Figure 8. Training and validation loss of MCMS-BCNN-Attention + Efficientnetv2.

4.3. Evaluation Metrics

The performance of the model was evaluated as a multiclass classification scenario.
Consequently, there were four different prediction states described as true positive (TP),
true negative (TN), false positive (FP) and false negative (FN). All of the classes were
successfully predicted with positive values, which meant that the true value of the class
was positive, and the predicted value of the class was also positive. For example, if the
density level for the real value of the class was medium density (M), while the predicted
class was the same, this was identified as a true positive (TP). Moreover, a true negative
(TN) was defined similarly as all the successfully predicted samples with negative values
for which the true value of the class was negative and the predicted value of the class
was also negative. For example, if the density level for the real value of the class was
not medium density (M), and the predicted class was the same, then a false positive (FP)
occurred when the actual class differed from the expected class, or when the expected class
was positive and the actual class was negative. When the actual class was positive while
the projected class was negatively defined, this was considered a false negative (FN).

4.4. Confusion Matrix

A confusion matrix was used to generalize the results of the classification method. For
an unqualified number of observations in each class and more than two classes in the data
sets, the correctness of the classification can be deceptive. Calculating the confusion matrix
gives a clearer idea of what the classification model is doing right and where it is wrong.
The two-class classification confusion matrix is shown in Table 5.

Table 5. Confusion Matrix explanation for binary classification.

Predicted Class

Actual Class Positive Negative
Positive True positive (TP) False negative (FN)
Negative false positive (FP) True negative (TN)

To measure the performance of the model, we need to define a few measuring parame-
ters, based on the multiclass classification confusion matrix. The performance evaluation
was measured with the accuracy, precision, recall, F; score and kappa statistical measures
explained in Equations (11)-(15).

TP+ TN

11
TP+TN+FP+FN ()

Accuracy =
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Precision = %—fPP (12)
Recall = 7TP]:|—PFN (13)
Fsore =2« i = el <14>
Cohen’s kappa coefficient (k) is [38]:
k= 1;”: zi ¢ (15)

where P, and P, represent observed agreement and expected agreement, respectively.
This measurement shows how much better the classifier’s performance is compared to a
balanced or unbalanced dataset.

5. Results Analysis
5.1. Benchmark Datasets Analysis

The performance comparison with existing approaches (Table 6) showed our model
performance and that of other recent state-of-the-art approaches. Our proposed model
achieved the best accuracy of 98.62 and 98.95 among the UCSD pedl and UCSD ped2
datasets, respectively, compared with the existing CLBP, MSCNN, densenet121 and Effi-
cientnetv2 methods. The total number of training frames was 8040 and the total number of
testing frames was 5360; among those testing frames, there were 66 and 73 misclassified
samples, respectively. The resultant confusion matrix is shown in Figures 9 and 10. The pro-
posed model achieved a good precision and recall rate compared with the other approaches.
The proposed model trained with PETS2009 (737 training samples and 492 testing samples)
achieved an accuracy of 96.97 with a total of 24 misclassified samples. The confusion
matrix of the PETS2009 dataset with the proposed model is shown in Figure 11. The model
achieved a better recall and precision than the other methods. This dataset had fewer
samples compared with the other tested datasets with a high occlusion rate. Finally, the pro-
posed model was tested on the UMN dataset and achieved an accuracy of 99.10 and 98.38
with a total of 17 and 17 incorrectly classified samples for UMN-Plazal and UMN-Plaza2,
respectively. The relevant confusion matrix tables are shown in Figures 12 and 13.
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and (b) MCMS-BCNN-Attention+Efficientnetv2.

The comparison of the performance of the models in Table 6 clearly shows that
the proposed method provided better results compared to the available models from
the literature. In this approach, we selected different state-of-art models along with our
multicolumn multistage approach. The comparison results clearly show that our work
achieved the best performance either with densenet121 or Efficientnetv2 compared to
existing methods. The proposed model achieved the best average kappa performance value
over the five datasets with 0.9583.

Table 6. Performance comparison with existing approaches.

Dataset Approach Performance (%)
Accuracy Precision Recall F1 Score Kappa
UCSD Ped1 CLBP [39] 60.76 70.35 37.20 48.67 0.2238
MSCNN [28] 97.48 98.70 96.22 97.45 0.9341
densenet121 [1] 94.32 97.20 91.27 94.15 0.8673
Efficientnetv2 [2] 97.03 98.55 95.46 96.98 0.9195
Our (MCMS-BCNN-Attention+densenet121) 98.28 99.31 97.24 98.26 0.9646
Our (MCMS-BCNN-Attention+Efficientnetv2) 98.62 99.51 97.21 98.61 0.9576
UCSD Ped2 CLBP [39] 62.19 73.80 37.78 49.98 0.2819
MSCNN [28] 98.39 99.67 97.10 98.37 0.9834
densenet121 [1] 92.88 96.96 88.55 92.56 0.8656
Efficientnetv2 [2] 96.37 98.34 94.33 96.30 0.9231
Our (MCMS-BCNN-Attention+densenet121) 98.95 99.54 98.36 98.95 0.9794
Our (MCMS-BCNN-Attention+Efficientnetv?2) 98.08 99.23 96.91 98.05 0.9629
PETS2009 CLBP [39] 86.80 95.37 77.33 85.42 0.8091
MSCNN [28] 95.43 98.47 92.29 95.28 0.9222
densenet121 [1] 93.17 97.02 89.09 92.88 0.8581
Efficientnetv2 [2] 96.55 98.71 94.32 96.47 0.9327
Our (MCMS-BCNN-Attention+densenet121) 96.38 98.64 94.06 96.30 0.9273
Our (MCMS-BCNN-Attention+Efficientnetv2) 96.97 98.81 95.08 96.91 0.9353
UMN Plazal CLBP [39] 81.86 92.18 69.62 79.33 0.6857
MSCNN [28] 97.79 99.24 96.31 97.76 0.9563
densenet121 [1] 96.85 98.78 94.86 96.78 0.9404
Efficientnetv2 [2] 98.50 99.41 97.57 98.48 0.9723
Our (MCMS-BCNN-Attention + densenet121) 98.50 99.33 97.67 98.49 0.9640
Our (MCMS-BCNN-Attention+Efficientnetv?2) 99.10 99.41 98.78 99.09 0.9642
UMN Plaza2 CLBP [39] 60.36 70.18 36.01 47.60 0.2681
MSCNN [28] 88.11 94.44 80.98 87.19 0.7841
densenet121 [1] 94.11 97.34 90.70 93.90 0.8843
Efficientnetv2 [2] 97.33 98.82 95.79 97.28 0.9402
Our (MCMS-BCNN-Attention + densenet121) 98.38 99.12 97.63 98.37 0.9560
Our (MCMS-BCNN-Attention+Efficientnetv?2) 91.36 96.20 86.13 90.89 0.8525

Bold colour indicates the highest values.
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5.2. Abnormal Event Detection and Classification

As mentioned earlier, crowd density level variation is also considered a crowd
anomaly in a sequence. In this second approach, the network was transformed into a
normal/abnormal classification problem. The same model was tested with the same pa-
rameters except for the final FCN layer, which was modified as a two-way classification.
The results of testing both proposed feature extraction techniques (densenet121 and Effi-
cientnetv?2) are described in the sections below. In this approach, the abnormal activities
were measured based on the UMN and PETS2009 dataset for detecting panic moments.
The UMN dataset has three anomaly events (lawn, mall and plaza) with 7738 video frames
with a 320 x 240 resolution. In this approach, the training and testing ratio was kept as
sixty to forty as in previous work. However, final classification network was changed to a
binary classification (normal/abnormal).

Experiments were also conducted on samples from the PETS2009 S3 motion flow walk-
ing and running video segments shown in Figure 14. The model performance was tested
with video sequences 14-16 (walk and run) and 14-33 (gather and evacuate), respectively.
The performance was measured by calculating the AUC (area under the curve) [40] using
the ROC (receiver operating characteristic) [40] curve. The AUC measures the area under
the ROC curve. The TPR (true positive rate) and FPR (false positive rate) calculations are
explained in Equations (16) and (17). The ROC curve was plotted by using TPR against
FPR values.

TP

TPR = ———— 1
TP+ FN (16)
FP
FPR = FP+TN 17)

We evaluated UMN’s activities in the lawn, shopping mall and city urban event
(indoor/outdoor) segments with existing approaches. The performance results were com-
pared with our model (MCMS-BCNN-Attention), as shown in Table 7, which achieved
the best AUC of 1.0. In this approach, the separation of actions is an extremely difficult
task when people walk normally and suddenly start running to evacuate. However, our
proposed model architecture with Efficientnetv2-based feature extraction achieved perfect
results among all the other works. In the PETS2009 dataset, we monitored two activities
such as walking /running and gathering/disappearing. We maintained the same sixty-to-
forty ratio as when splitting training and testing into all original datasets’ segments for the
experiment. The effectiveness of our approach compared to existing recent works is shown
in Table 7, and the MCMS-BCNN-Attention model reached an AUC of 1.0, yielding the
best performance.
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Figure 14. Sample frames for UMN and PETS2009 datasets abnormal activity.
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Table 7. Performance comparison of the proposed approach with existing techniques on UMN and
PETS2009 datasets.

Dataset Method AUC (Lawn/Mall/City) AUC Total
Wang et al. [41] 0.9981/0.9724/0.9888 0.9864
Cong et al. [42] 0.995/0.975/0.964 0.979
Wang et al. [43] 0.9779/0.9223/0.9849 0.9617
Susan et al. [44] 0.997/0.89/0.962 0.945
Zhang et al. [45] 0.992/0.986/0.979 0.985
Kaltsa et al. [46] 0.9959/0.9338/0.9808 0.9702
UMN Xu et al. [47] 0.9861,/0.9864,/0.975 0.9825
Mu et al. [48] 0.996/98.3/99.1 0.99
Ilyas et al. [49] 0.9808/0.9955/0.9935 0.990
Du Y [50] 0.998/0.992/0.995 0.9950
Sing et al. [51] 0.9928/0.9885/0.9995 0.9936
Our (MCMS-BCNN-Attention + densenet121) 0.9615/0.9981/0.9056 0.9505
Our (MCMS-BCNN-Attention+Efficientnetv?2) 1.00/99.25/99.33 0.9953
Method AUC (14-16 View_1) AUC (14-33 View_1,
View_2,View_3)
Xu et al. [52] 0.94
Zhu et al. (Optical flow) [53] 0.81
Zhu et al. (SFM) [53] 0.94
PETS2009 Tlyas et al. [49] - 0.94
Sing et al. [51] 0.9788 -
Du Y [50] 0.9780 -
Our (MCMS-BCNN-Attention + densenet121) 0.9895 0.9666
Our (MCMS-BCNN-Attention+Efficientnetv?2) 1.0 1.0

Bold colour indicates the highest values.

6. Conclusions

In this study, we introduced a novel BCNN attention network with a densenet121/
Efficientnetv2 architecture as a transfer learning model to extract feature vectors and achieve
the best accuracy rate. Both the modified multistage and multicolumn models were trained
to optimize the classification network. The experiments compared our method with recent
state-of-art methods and evaluated performance with metrics such as accuracy, precision,
recall, F1 score and Cohen’s kappa values. The proposed feature extraction method signifi-
cantly improved the anomaly congestion detection as shown in the comparison of Table 6.
The evaluated datasets contained diverse video quality levels and different viewpoints, and
the proposed model achieved a good performance consistency in all scenarios. Moreover,
the detection of the abnormal activity (panic moments) also achieved good results. Future
dense activity detection models need to be enhanced with an autoencoder-based approach
to achieve better video activity detection. The performance measures are shown in Table
7. The clarity of the surveillance video and the distance to the viewpoint with multiview
aspects need to be considered for future improvements and better detection results.
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