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Abstract: Dangerous human behavior in the driving sense may cause traffic accidents and even cause
economic losses and casualties. Accurate identification of dangerous human behavior can prevent
potential risks. To solve the problem of difficulty retaining the temporal characteristics of the existing
data, this paper proposes a human behavior recognition model based on utilized optical flow and
hybrid deep learning model-based 3D CNN-LSTM in stacked autoencoder and uses the abnormal
behavior of humans in real traffic scenes to verify the proposed model. This model was tested using
HMDB51 datasets and JAAD dataset and compared with the recent related works. For a quantitative
test, the HMDBb51 dataset was used to train and test models for human behavior. Experimental
results show that the proposed model achieved good accuracy of about 86.86%, which outperforms
recent works. For qualitative analysis, we depend on the initial annotations of walking movements
in the JAAD dataset to streamline the annotating process to identify transitions, where we take into
consideration flow direction, if it is cross-vehicle motion (to be dangerous) or if it is parallel to vehicle
motion (to be of no danger). The results show that the model can effectively identify dangerous
behaviors of humans and then test on the moving vehicle scene.

Keywords: human behavior recognition; human activity recognition; optical flow; deep learning;
stacked autoencoder

1. Introduction

Human behavior recognition is a popular research direction in the field of computer
vision. With the continuous reduction in the application cost of digital cameras and video
cameras and the extensive use of smartphones, it is no longer challenging to shoot and
obtain video image data [1]. Studying video and image content is a core issue in the fields
of computer vision and multimedia. In videos and images, human behavior is at the core of
high-precision research on video image content [2]. Therefore, identifying human behavior
in videos and images is a very valuable topic in computer vision problems, and its analysis
results can be applied to intelligent video surveillance, human—-computer interaction, and
other fields [3].

The behavioral characteristics of human behavior throughout driving senses, especially
when crossing the street, can be roughly divided into four types: One is the standard type,
which always maintains a uniform pace and moves forward steadily [4]. The second is
the mid-stop type. When pedestrians cross the road, they see many vehicles and stop or
hesitate. The third is the speed-up type. This type of pedestrian crossing usually occurs
after walking to the road’s center line [5]. When they see a car approaching quickly, they
speed up to cross the street. The fourth is the slow-down type. This type of pedestrian
usually runs quickly to cross the street. When they reach the center line, they see no cars on
the road, so they slowly move steadily. Among these four types of crossings, the last three
types have certain dangers for safe crossing because the subsequent behavior of pedestrians
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crossing the street at this time is often difficult for drivers to predict and estimate. It is
easy for drivers to make judgment mistakes, leading to operational errors, thus leading to
tragedy [6].

From the perspective of the human eye, it is easier for drivers to determine the
intentions of pedestrians, but based on sensor technology such as cameras, this intuitive
judgment is not easy. In an autonomous driving scenario, the vehicle is cautious when
judging pedestrians. If it cannot judge the trajectory of subsequent movement, the vehicle
must slow down when encountering a pedestrian [6]. The reason is that the machine cannot
rule out the possibility of pedestrians wandering in front of the vehicle. A start-up company
is now using machine learning to change and improve the vehicle perception system’s
ability to judge the movement trajectories of surrounding pedestrians and cyclists [7].

Judging from the industry’s technological development, human behavior capabilities
have made significant progress and improvement, but the real core of autonomous driving
lies in decision making and control [8]. Typically, machine learning techniques use data that
can be objectively measured to train algorithms. However, judging pedestrian movement
intentions and trajectories is impractical under such circumstances. In contrast, trajectory
awareness relies on human subjective judgment to provide the data used to train its
algorithms [9].

In this work, we developed a dangerous human behavior detection using optical
flow and deep learning autoencoder. However, in this work, we take into consideration
the direction of a human in x direction (perpendicular direction on driving scene) as the
dangerous human behavior that means the human crosses the street when the car is moving.
The contribution of our work is to propose a new human activity and human behavior
recognition system based on hybrid 3D bidirectional CNN-LSTM with stacked autoencoder.
This model will be tested using HMDB51 datasets and JAAD dataset and compared with
the recent related works. For feature extraction, we chose a stacked autoencoder neural
network. Stacked autoencoders can function as logical filters to extract useful characteristics
for a specific neural network learning job and can improve feature selection in deep learning
models by reducing the number of features and improving detection accuracy.

2. Related Works

Several studies have been conducted in the field of human behavior. Recently, most
studies have focused on utilizing deep learning and machine learning techniques to im-
prove human behavior detection and recognition.

Mukherjee et al. (2020) [10] presented a novel ensemble that includes four classifi-
cation models: CNN-Net, Encoded-Net, CNN, and LSTM. This ensemble is referred to
as Ensem-ConvNet. Each classification model mentioned above is developed based on a
basic 1D convolutional neural network (CNN). However, these models vary in terms of the
quantity of dense layers, the kernel size used, and other significant architectural variations.
Each model analyzes time series data in the form of a 2D matrix, where a window of
data is analyzed at a given moment to extract relevant information and make predictions
about the specific human activity. To determine its classification conclusion, the Ensem-
ConvNet model employs several classifier combination methods, such as majority voting,
sum rule, product rule, and an adaptive weighted strategy termed score fusion. Their pro-
posed model was evaluated using three benchmark datasets: WISDM activity forecasting,
UniMiB SHAR, and MobiAct. They conducted a comparative analysis of their EnsemCon-
vINet model with several established deep learning models, including multiheaded CNN
(a hybrid of CNN and LSTM) models. The results discussed in this study show that higher
accuracy of 97.7% is reached by the Ensem-ConvNet framework compared to the other
models mentioned.

Zhang et al. (2020) [10] presented a new method for localizing spatiotemporal actions,
which includes a combined optical flow sub-network for addressing these two problems.
Our flow subnet is specifically intended to estimate optical flow with high efficiency and
accuracy. Unlike traditional methods that use only two nearby frames, our subnet utilizes
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many successive RGB frames in a deep network. Additionally, our network incorporates
action localization, allowing for interactive flow calculation within the same network,
resulting in an end-to-end solution. In order to increase the speed, we utilize a pyramid
hierarchical approach to feature fusion, employing a neural-network-based method. The
method combines spatial and temporal characteristics at several levels of detail using
a concatenation function and point-wise convolution. This allows for the extraction of
multiscale spatiotemporal activity features. The proposed method achieves state-of-the-art
performance in terms of efficiency and accuracy, as demonstrated by experimental findings
on three publicly available datasets: UCF101-24, JHMDB, and AVA. These results were
obtained by utilizing both RGB appearance and optical flow cues. Notably, it experiences a
substantial enhancement in efficiency. When compared with the currently most effective
method, this method is 1.9 percent faster in terms of running speed and achieves a 1.3%
higher video-mAP accuracy on the UCF101-24 dataset. Ihianle et al. (2020) [11] presented
a method for recognizing the presence of HAR based on deep learning techniques. The
proposed algorithms were CNN and Bi-LSTM-based. Bi-LSTM demonstrated its supe-
riority by traveling forward and backward through a predetermined order to enhance
the extracted features. The final model was proposed based on multichannel convolu-
tion bidirectional LSTM (MCBLSTM). Two primary datasets, MHEALTH and WISDM,
were used to evaluate the efficiency of the proposed methods. Using both datasets, the
accuracy proposed by MCBLSTM demonstrated the best performance, with a value of
97.7%. Prabono et al. (2021) [11] presented a novel methodology for domain adaptation
in the context of human activity recognition. The proposed strategy utilizes a two-phase
autoencoder-based framework, where their model achieved 67.9% in average accuracy.
Furthermore, Garcia et al. (2021) [12] introduced a highly efficient multiclass approach
comprising an ensemble of autoencoders, each specifically linked to an individual class.
Utilizing a modular framework for classifiers enhances the adaptability of models in ac-
commodating more classes. This process requires the inclusion of new autoencoders,
eliminating the need to retrain the entire model. The results showed that the model
achieved 71% in average accuracy.

Huang (2021) [13] first proposed a shallow CNN that analyzes cross-channel communi-
cation in an HAR scenario, in which all channels in the same layer interact comprehensively
to capture more distinguishing features of sensor input. Using a graph neural network, one
channel can interact with all other channels to eliminate redundant information collected
among channels, which is more advantageous for implementing lightweight deep models.
Extensive experiments on multibenchmark HAR datasets, including UCI-HAR, OPPORTU-
NITY, PAMAP2, and UniMib-SHAR, demonstrated that the proposed approach enables
shallower CNNs to gather more helpful information than baseline deep networks together
with competing methods. The pace of inference was measured by deploying HAR systems
in an embedded system. The results showed that the model achieved 92.4% in average
accuracy. Zhang et al. (2021) [14] presented a detailed assessment of the contemporary
literature on deep learning approaches for 3D estimation of human poses to demonstrate
the invention process of these studies” projects, track the most recent study trends, and
examine the features of various types of methods. There are manty points raised by au-
thors. One of these points is the integration of autoencoders with conventional CNNs; they
achieve structured learning that maintains the efficacy of CNNs while taking dependencies
into consideration.

Challa et al. (2022) [15] proposed a robust classification model for HAR using ubiqui-
tous sensor data and a hybrid deep learning model that combined CNN and bidirectional
BiLSTM. The proposed CNN-BiLSTM network with multiple layers can automatically
extract features from raw sensor data with minimum preprocessing. Combining CNN
and BiLSTM enables the model to learn local and long-term dependencies at sequential
data. The various filter sizes utilized by the proposed model can capture different tem-
poral local dependencies, thereby enhancing the feature extraction process. The WISDM,
UCI-HAR, and PAMAP2 benchmark datasets were used to evaluate the model’s efficacy.
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On the WISDM, UCI-HAR, and PAMAP?2 datasets, the accuracy of the proposed model
was 96.05%, 96.37%, and 94.29%, respectively. The experimental results indicated that
the proposed approach outperformed the competing strategies. Sun et al. (2023) [15]
provided an extensive overview of current developments in deep learning techniques for
HAR according to the kind of input data modalities. We examine, in particular, the fusion-
based and co-learning-based frameworks, which are the current popular deep learning
techniques for both single and multiple data modalities. Together with incisive remarks
and motivating future research objectives, we also provide comparative results on other
benchmark datasets for HAR.

3. Materials and Methods

Manually annotating image features has been well documented and can be applied to
many commercial fields [16]. However, the performance and potential of deep learning in
the field of pedestrian detection are far better than those of traditional methods because
deep learning can learn from the original image data and extract better features through
algorithms [17]. The pedestrian detection method based on deep learning has exceptionally
high accuracy and robustness. This is of great significance for developing the field of
autonomous driving at the heart of deep learning, which lies in neural networks, especially
convolutional neural networks (CNNs)[18]. In autonomous driving, CNNs can be used
for target recognition and obstacle detection to achieve safe driving. With a high-precision
image sensor, the vehicle can acquire a detailed image of its surroundings and then use a
CNN to classify and segment the images to identify pedestrians, vehicles, road markings,
and other obstacles. This technology is essential for avoiding collisions, predicting traffic
conditions, and planning driving routes [19].

3.1. Optical Flow

Optical flow is the task of predicting motion between two images, usually two consec-
utive video frames. Optical flow images are generally taken as input, and a “stream” is
predicted: the stream represents the displacement of each pixel in the first image and maps
it to its corresponding pixel in the second image. Optical flow is a (2, H, W) dimensional
tensor, where the first dimension corresponds to the predicted horizontal and vertical
displacement of optical flow [20,21].

Between successive frames, we can express the image intensity I as a function of space
(x, y) and time t. In other words, if we take the first image I (x, y, t) and move its pixels in t
time (dx, dy), we will obtain a new image I(x + dx, y + dy, t + dt). First, we assume that the
pixel intensity of the object is constant between successive frames, and then we use Taylor
expanding [22].

I(x2,y2,t2) = I(x1 + Ax,y1 +y, t1 + At) 1)
ol ol ol
I(x+Ax,y+Ay,t+At):I(x,y,t)—l—an—l—@Ay—l— gAt ()

ol ol al
I(x+Ax,y+ Ay, t+At) — I(x,y,t) = [(x +y+1t) + an—i— @Ay+ aAt (3)

Optimizing optical flow means making the two plots as similar as possible so we can
obtain them if they are completely consistent after twisting the optical flow equation.

al ol ol

_dlAx dI Ay dI
“oxar Tayar T ©)
LiVi+ IV, = -1 (6)

In histogram-oriented optical flow (HOF), the optical flow is used to calculate the
angle between the optical flow direction and the horizontal axis. A histogram is constructed
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according to the number distribution of the optical flow direction in the divided area in the
circle, and, finally, the feature description is formed [23].

3.2. Stacked Hybrid 3D Deep Learning Autoencoder (3D SAE-LSTM-CNN)

For classification problems, the architecture called stacked autoencoder (SAE) has an
output layer where the activation function (such as SoftMax) is applied. In 3D SAE-LSTM-
CNN, autoencoder networks connect, where the output signal from the hidden layer of an
autoencoder (features extracted from the input applied to this autoencoder) serves as an
input signal to another autoencoder. Finally, there is the layer responsible for classification,
the activation function, which receives the signal extracted by the hidden layer of the last
stacked autoencoder as input. With the use of 3D SAE-LSTM-CNN networks, the aim is to
extract characteristics from the original database in such a way that they can be used for
the classification problem using the activation function in the network output.

3.3. Proposed Algorithm

We first propose a way to define a problem based on global matching and then
propose a transformer-based framework to implement it. Figure 1 shows the human
activity recognition proposed system.

Transformer Preprocessing Time Series Classification
Feature Transformer Encoder
Vector Encoder Output

Position - -
‘ Embedding ‘ ‘ Classification
Data Preprocessing Feature Extraction
Video E Feature
eature
Frames CNN Blocks Extracted Vector
Frames

Figure 1. Proposed system structure.

The model is based on the 3dCNN model proposed by [24]; a 3D bidirectional CNN
and LSTM model is fused in the proposed model pipeline. Data loading first resizes the
input frames to 128 x 128 pixels. Spatial data from succeeding video frames were learned
using the CNN network. The LSTM model takes in the input with several samples, time
steps, with feature information. The 3D-BiCNN-LSTM generates feature maps that are
transformed into a vector with nine time steps, referred to as the length of the sequence with
384 features. Under this paradigm, one sample is taken for each sequence. Hand gesture
classification uses an LSTM network to extract temporal information for video frames.
For a given two images, we first extract dense features using 3D-SAE-LSTM-CNN, and
then compute the correlation between all points through global correlation. To obtain the
corresponding points, we use a differentiable matching method; that is, we first normalize
the last two dimensions of the global correlation by SoftMax to obtain the probability of
matching and then use this probability to make a weighted average of the pixel grid points.
Finally, the optical flow can be obtained by calculating the coordinate difference between
the corresponding points. It can be seen that in the method we proposed, the core is to
obtain strong features for matching.
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3.3.1. Global Matching

Our initial features are derived from a 3D SAE-LSTM-CNN without considering
the interdependencies between the two images. To further increase the expressiveness
and discriminative nature of features, we use a transformer that includes self-attention
and cross-attention. The cross-attention mechanism is an excellent way to model the
interdependencies between images. Figure 2 shows the global matching strategy.

Feature1l —» T . - Global Correlation
ransformer SoftMax — Flow

Feature2 ——p

Figure 2. Global matching strategy.

From Figure 2, the dense features that are taken from the convolutional backbone
structure are sent to a transformer (matching space transformer [25]) which is used for
feature enhancement, along with a correlation with SoftMax layer for the global feature
matching. Additionally, a self-attention layer is employed for flow propagation. Then, we
compare how similar the features are by connecting each pair of features. After that, a
differentiable SoftMax mapping layer is used to obtain the flow forecast. To deal with pixels
that are blocked or outside the boundaries, we add an extra layer of self-attention that
uses feature self-similarity to spread the high-quality flow forecast from matched pixels to
unmatched ones.

3.3.2. Frameworks

The detection algorithms concentrate on detecting human behavior by extracting
relevant characteristics from code datasets. We integrated a bidirectional LSTM (BiLSTM)
and CNN in a stack autoencoder structure. For 3D SAE-LSTM-CNN, the encoder will
comprise a series of convolution with max pooling 3D levels, where the max pooling layers
are utilized for spatial downsampling. On the other hand, the decoder will be composed of
a series of convolutional-LSTM with sampling layers.

The proposed BiLSTM-CNN autoencoder structure has the following description:

e Layer 1 (batch normalization): Batch normalization normalizes the input by subtract-
ing the batch’s meaning and then divides it through batch standard deviation. Input
layer: the image’s input size is 128 x 128, the frame length is 15, the batch size is 64,
and the momentum is 0.8.

e Layer 2: Bidirectional (Conv-LSTM 2D) layer with 16 filters and (3 x 3) kernel sizes.
The activation function used is (tanh). The recurrent dropout is 0.2. This layer reads
the input data and outputs features to the max pooling layer.

e Layer 3: Max pooling 3D layer with pooling size of (1,2,2). It outputs a feature vector.
The output of this layer is the encoded feature vector of the input data from layer 2,
where it reduces the dimension.

e Layer 4: Time-distributed layer: This wrapper permits the application of a layer to each
temporal input slice. Each input should have a minimum three-dimensional nature,
with the temporal dimension being defined as the index, which is one dimension of
the initial input. The recurrent dropout is 0.2.

e Layer 5: Bidirectional (Conv-LSTM 2D) layer with 16 filters and (3 x 3) kernel sizes.
The activation function used is (tanh). The recurrent dropout is 0.2. This layer reads
the input data and outputs features to the max pooling layer.

e Layer 6 (batch normalization input layer): This layer normalizes the previous acti-
vation layer’s output by subtracting the batch’s mean and dividing it by the batch
standard deviation. The momentum is 0.8.

e Layer 7 (max pooling 3D layer): with pooling size of (1,2,2). It outputs a feature vector.
The output of this layer is the encoded feature vector of the input data from layer 6,
where it reduces the dimension.
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e Layer 8 (time-distributed layer): This layer applies the same convolution operation to
each input sequentially in time. The recurrent dropout is 0.2.

e Layer 9: bidirectional (Conv-LSTM 2D) layer with 16 filters and (3 x 3) kernel sizes.
The activation function used is (tanh). The recurrent dropout is 0.2. This layer reads
the input data and outputs features to the max pooling layer.

e Layer 10 (batch normalization input layer): This layer is used to normalize the previous
activation layer’s output by subtracting the batch’s mean and then dividing through
the batch standard deviation. The momentum is 0.8.

e Layer 11 (max pooling 3D layer): with pooling size of (1,2,2). It outputs a feature
vector. The output of this layer is the encoded feature vector of the input data from
layer 10, where it reduces the dimension.

e Layer 12 (time-distributed layer): This layer applies the same convolution operation
to each input sequentially in time. The recurrent dropout is 0.3.

e Layer 13 (flatten layer): By flattening, the data are reduced to a one-dimensional array
in preparation for their input into the dense layer (layer 14).

e Layer 14 (dense layer): This layer connects to all neurons of the flattened layer. This
layer maps every neuron in layer 13 to every neuron in the output layer (layer 15).

e Layer 15 (dense layer): This layer is the output layer in which the output is the dot
product of the weight matrix or kernel and tensor passed as input.

In the proposed model, the visual patterns can be learned directly from pixels by the
3D bidirectional CNN-LSTM network without requiring any preprocessing. The 3D SAE-
LSTM-CNN structure includes trainable filters along with local pool operations, which are
extremely beneficial for detecting hidden patterns in video frames and capturing all spatial
and temporal changes. Table 1 shows the structure of the 3D SAE-LSTM-CNN network.

Table 1. The proposed 3D SAE-LSTM-CNN model.

Layer (Type) Output Shape
Batch normalization (None, 15,128, 128, 3)
Bidirectional (ConvLSTM2D) (None, 15, 126, 126, 32)
Max pooling 3D (None, 15, 63, 63, 32)
Time-distributed (None, 15, 63, 63, 32)
Bidirectional (ConvLSTM2D) (None, 15, 61, 61, 32)
Batch normalization (None, 15, 61, 61, 32)
Max pooling 3D (None, 15, 31, 31, 32)
Time-distributed (None, 15, 31, 31, 32)
Bidirectional (ConvLSTM2D) (None, 15, 29, 29, 32)
Batch normalization (None, 15, 29, 29, 32)
Max pooling 3D (None, 15, 15, 15, 32)
Time-distributed (None, 15, 15, 15, 32)
Flatten (None, 108,000)
Dense (None, 128)
Dense (None, 51)

The kernel size for 3D pooling and convolution is d x k X k, with d representing
temporal depths and k representing spatial dimension. The three-dimensional convolution
is accomplished by convolving a three-dimensional kernel with the cube generated by
stacking numerous contiguous frames. This architecture connects the convolution layer’s
feature maps to many contiguous frames from the preceding layer, capturing motion
information. Intuitively, these multiple layers explain the visual material at different levels,
each of which complements the other for the recognition job. The 3D SAE-LSTM-CNN
network consists of three bidirectional (ConvLSTM2D) layers, three batch normalization
layers, three max pooling layers (all convolution layer followed with a pooling layer),
two fully connected layers, and a SoftMax loss layer. The channels (filters) for bidirectional
(ConvLSTM2D) layers with 1 to 3 are 16. All 3D SAE-LSTM-CNN layers in both the
temporal and spatial dimensions use 3 x 3 x 3 kernel with 1 x 1 x 1 stride. The pooll
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layer, with a kernel dimension of 1 x 2 x 2, aims to preserve temporal information in
early phases without combining it. Each 3D SAE-LSTM-CNN layer produces a volume
of feature maps as its output. All pooling layers produce the same amount of feature
maps of convolution layers, but with lower spatial resolution; additionally, they introduce
scale-invariant features. The model has a pair of dense layers one input and the second is
output with a SoftMax layer for predicting action labels.

4. Results

In this section, we test proposed quantitative and qualitative analysis models.

4.1. Optical Flow Analysis

In this part, we test the optical flow parameters to determine the best values that can
be used with the proposed model. First, we analyzed the effect of the k-filter value on
image identification. Figure 3 shows the results.
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Figure 3. The effect of k filter value on image correction (a) k = 100, (b) k = 105, (c) k =110, (d) k = 115,
and (e) c = 115. The k filter value is a parameter used in the Lucas-Kanade pyramidal optical flow
algorithm. The algorithm is used to estimate motion from a sequence of images. The prefiltering
step plays a vital role in accurate optical flow computation. Here, k = 115 and k = 119 give the most
accurate results.
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4.2. Quantitative Results

In this part, we test the model for product human activity from the HAR dataset. In this
work, we intend to use the HMDB51 dataset. The HMDB51 dataset is an extensive collection
of realistic videos from various sources, including movies and web videos. It contains

6766 video clips from 51 action categories, such as “jump”, “run”, and “walk”, with each
category containing at least 101 clips. Figure 4 shows the samples of the HMDB51 dataset.

fall_floor

Figure 4. The HMDB51 dataset samples.

To reduce computation time, we resized each frame of the videos into a fixed height
and width after reading them from the dataset. Additionally, we normalized the data to the
range [0-1] by dividing the pixel values by 255, accelerating convergence during network
training. We generated a list comprising the normalized and resized video frames passed
as an argument. While the function processes the video files frame by frame, it does not
append every frame to the list because we only require a sequence length from frames that
is evenly distributed. In the last step, we split our data to create training and testing sets.
We also shuffled the dataset before the split to avoid any bias and obtain splits representing
the overall distribution of the data. The number of epochs used for the train/test model
was selected to be 200 epochs. The results are shown in Figure 5.

Training and Validation Accuracy Training and Validation Loss
1.0 —— Training Loss
‘ Validation Loss
200 1
0.8
150 A
0.6 ‘
100
0.4
50 4
0.2
—— Training Accuracy
Validation Accuracy
0
0 25 50 75 100 125 150 175 200
0 25 50 75 100 125 150 175 200
(a) (b)

Figure 5. The training and validation results: (a) accuracy; (b) loss.

The model achieved good accuracy from the results, reaching up to 100% training
accuracy and 86.86% validation accuracy.

For ablation experiments of the proposed model, we validated the performance of the
model with state-of-the-art structure. Two models were evaluated; the first is 3D CNN and
the second is 2 CNN + LSTM. Table 2 shows the model structure of the two models.
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Table 2. 3D CNN and 2 CNN + LSTM model structure.
3D CNN 2 CNN + LSTM
Layer (Type) Output Shape Layer (Type) Output Shape
Conv3D (None, 15,128, 128, 16) ConvLSTM2D (None, 20, 62, 62, 4)
Max pooling 3D (None, 15, 64, 64, 16) Max pooling 3D (None, 20, 31, 31, 4)
Batch normalization (None, 15, 64, 64, 3) Time-distributed (None, 20, 31, 31, 4)
Conv3D (None, 15, 64, 64, 32) ConvLSTM2D (None, 20, 29, 29, 8)
Max pooling 3D (None, 15, 32, 32, 32) Max pooling 3D (None, 20, 15, 15, 8)
Batch normalization (None, 15, 32, 32, 32) Time-distributed (None, 20, 15, 15, 8)
Conv3D (None, 15, 32, 32, 64) ConvLSTM2D (None, 20, 13, 13, 14)
Max pooling 3D (None, 15, 16, 16, 64) Max pooling 3D (None, 20,7,7,14)
Batch normalization (None, 15, 16, 16, 64) Time-distributed (None, 20,7,7,14)
Conv3D (None, 15, 16, 16, 128) ConvLSTM2D (None, 20, 5, 5, 16)
Max pooling 3D (None, 15, 8, 8, 128) Max pooling 3D (None, 20, 3, 3, 16)
Batch normalization (None, 15, 8, 8, 128) Flatten (None, 2880)
Flatten (None, 90,112) Dense (None, 51)
Dense (None, 256)
Dense (None, 51)

Both models were trained for 200 epochs. The results are shown in Table 3.

Table 3. The comparison between the proposed model, 3D CNN, and 2 CNN + LSTM.

Structure Training Accuracy Test Accuracy (%)
3D CNN 99.9 52.76
2 CNN + LSTM 93.22 58
Proposed model 100 86.86

As shown in Table 3, the proposed model achieved the best result compared to the
other models. Lastly, we compared our results with the most recent related works that used
an HMDB51 dataset. Table 4 shows the comparison results.

Table 4. The comparison between the proposed model and some recent related works for recognizing
human behavior for the HMDB51 dataset.

Ref. Structure Acc. Results (%)
Chen et al. (2018) [26] Relational LSTM 70.4
Yang et al. (2019) [27] 3DCNNs + BDH-LSTM 72.2
Squeeze-and-excitation (SE) and self-attention
Anvarov et al. (2020) [28] (SA) modules with 3D CNN 74.1
Cheng et al. (2021) [29] S3-Net 80.8
Ullah (2021) [30] Lightweight CNN and DS-GRU 72.21
Patrick et al. (2021) [31] GDT 72.8
Tanet al. (2022) [32] Fusion network 70.72
Hussain (2022) [33] VIT + LSTM 73.714

Spatial-Temporal Interaction Learning

Liuetal. (2022) [34] Two-stream network (STILT) 721
. Dual attentional convolutional neural network

Ullah and Munir (2023) [35] (DA-CNN) and bidirectional GRU (Bi-GRU) 793

Proposed method Stacked autoencoder CNN + LSTM 86.86

4.3. Qualitative Analysis

We depend on the initial annotations of walking movements in the JAAD dataset to
streamline the annotating process to identify transitions. A transition from a standing to a
walking condition is considered a Go candidate, whereas the reverse is regarded as a Stop
candidate. The state before the transition is called the prestate, while the state after it is
called the post-state. To minimize any inaccuracies in labeling and ensure more significant
samples, we only deem a transition candidate legitimate if the total durations between
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the prestate and post-state exceed 0.5 s. The original datasets contain distinct pedestrians
that can be classified into four categories: walk, stand, stop, and go. The pedestrians in
the video who walk and stand do not display any changes, while those who stop and
go demonstrate the relevant transitions. The categories of stand and go are not mutually
exclusive, as a pedestrian can stop and move during the same observation. The statistical
data of the datasets are displayed in Figure 6. Upon examining the identified transitions,
we observe that most instances of stopping and starting in JAAD are strongly associated
with road intersections.

Figure 6. Qualitative results of proposed hybrid stacked autoencoder model on JAAD dataset.

Figure 6 shows qualitative example predictions from our proposed hybrid stacked
autoencoder model on the JAAD dataset. We can see that pedestrian stops and goes at
junctions are still challenging to predict due to the absence of accurate vehicle speed and
traffic light conditions. Furthermore, rapid changes in traveling direction, atmospheric
conditions (such as rainy and snowy), and irregularities, such as construction workers, can
all have a detrimental impact on projections.

In Figure 7, we can observe the three cases of human behavior in a vehicle-driven
sense. The first case is a person crossing the street when a vehicle passes (Figure 7a). The
right side of Figure 7a shows the optical fields of sense and it is shown that the person’s
optical view and the direction of flow would be in the x+ direction which means that the
person may be passing perpendicular to the vehicle path, which means that the vehicle
should stop (red box). In the second case (Figure 7b), the bicycle driver crosses the street.
The optical flow bicycle driver motion is also in the x+ direction, so the vehicle should also
need to stop (red box). In the last case (Figure 7c), there are some people that are walking
parallel to the vehicle motion (y+ direction), so this is not dangerous as the humans do not
try to cross the street and the system identifies that there is no danger (green box).

Image k = 40941 Optical flow (color encoded)

(a)

Figure 7. Cont.
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Optical flow (color encoded)

Image k = 42620

Optical flow (color encoded)
"

(c)

Figure 7. Qualitative results with optical flow results for the proposed hybrid stacked autoencoder

model for several human behaviors on the street: (a) human on a cross-walk walking in a direction
toward the street; (b) bicycle rider trying to cross the street; (c) people walking parallel to the street.

5. Conclusions

This study presents the issue of predicting pedestrian stopping and walking behavior.
It is essential to accurately forecast these complex and nonlinear changes to comprehend
the paths of pedestrians and ensure their safety. This model was tested using HMDB51
datasets and JAAD dataset and compared with recent related works. For a quantitative test,
the HMDB51 dataset was used to train and test models for human behavior. For qualitative
analysis, we utilized the JAAD dataset, which is the initial comprehensive dataset for
predicting pedestrian stopping and walking behavior from the viewpoint of a vehicle. The
system incorporates multiple preexisting datasets to encompass a wide range of scenarios
and environments. Subsequently, we developed a novel deep learning model that utilizes
video clips and high-level features pertaining to pedestrians and ambient situations. This
model incorporates the use of a hybrid feature combination technique. We then assessed
the performance of this model, as well as several other baseline models, on JAAD. The
quantitative results show that the proposed model achieved good accuracy of about 86.86%,
which outperforms recent works. The qualitative results show that the model can effectively
identify dangerous behaviors of humans and then test them on moving vehicle scene.
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