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Abstract: Increasing violence in workplaces such as hospitals seriously challenges public safety.
However, it is time- and labor-consuming to visually monitor masses of video data in real time.
Therefore, automatic and timely violent activity detection from videos is vital, especially for small
monitoring systems. This paper proposes a two-stream deep learning architecture for video violent
activity detection named SpikeConvFlowNet. First, RGB frames and their optical flow data are used as
inputs for each stream to extract the spatiotemporal features of videos. After that, the spatiotemporal
features from the two streams are concatenated and fed to the classifier for the final decision. Each
stream utilizes a supervised neural network consisting of multiple convolutional spiking and pooling
layers. Convolutional layers are used to extract high-quality spatial features within frames, and
spiking neurons can efficiently extract temporal features across frames by remembering historical
information. The spiking neuron-based optical flow can strengthen the capability of extracting
critical motion information. This method combines their advantages to enhance the performance and
efficiency for recognizing violent actions. The experimental results on public datasets demonstrate
that, compared with the latest methods, this approach greatly reduces parameters and achieves
higher inference efficiency with limited accuracy loss. It is a potential solution for applications in
embedded devices that provide low computing power but require fast processing speeds.

Keywords: violence detection; deep learning; spiking neural network; optical flow; spatial and
temporal analysis

1. Introduction

Workplace violence, particularly in healthcare settings, has become a worrying trend
worldwide [1]. For example, it was reported that during the COVID-19 pandemic more
than 30% of healthcare workers and patients were exposed to violence [2]. Increasing
physical workplace violence in healthcare settings has seriously challenged healthcare
professionals’ health. Increasing video surveillance devices can help record violence,
effectively providing clues and evidence for recognizing violence-related behaviors. It
was reported that worldwide surveillance cameras generated about 3 ZB of video data in
2014, with an annual growth rate of 40% [3]. However, visually identifying violence from
massive video data is both labor and time consuming. Therefore, developing methods to
automatically and efficiently process big data is extremely worthwhile. Generally, video-
based violence detection means recognizing violent behaviors from surveillance video
data, a sub-problem of human action recognition. Video data consists of consecutive
frames which represent continuous motions. Neighboring frames contain much redundant
information. It is crucial to efficiently fuse spatial and temporal information in the frames
for violent behavior recognition. In addition, processing the massive data quickly and
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in an energy-friendly manner is important, especially for embedded devices with low
computing power.

Many researchers have developed methods to detect violence. Some early methods
detect violence by tracking the change of relevant objects’ statistics over time instead of
directly extracting the features of violent events [4]. Itsaso et al. have reviewed several
methods related to video activity recognition [5]. Generally, there are two paths to detect
violence in videos: the classifiers, based on feature-extraction algorithms, and the deep
learning neural networks. For the first path, many classical methods commonly develop
a feature descriptor or encode strategy for frames and classify the violent activity using
traditional machine learning algorithms (e.g., SVM [6], AdaBoost [7]).

Many effective deep learning neural networks have recently been proposed for action
recognition. C3D [8], TSN [9], and ECO [10] use convolutional neural networks (CNNs)
to extract spatiotemporal features in videos. They have shown excellent performance on
UCF101. FightNet is built to represent the complicated visual violence interaction by fusing
features from multimodal data, including optical flow images [11]. A CNN-RNN-based
network employs adjacent frame differences as the input to encode the changes occurring
in videos [12]. Jain proposed a deep NeuralNet system that extracts motion features from
RGB dynamic images and uses a transfer learning strategy by fine-tuning the pre-trained
Inception-Resnet-V2 model [13]. Attention-based methods are also quite popular for video
classification. The attention mechanism has been used in generative adversarial networks to
explore the task of single image super-resolution [14]. An attention-guided convolutional
neural network has been proposed for image denoising [15]. Jiang proposes a two-pathway
transformer network using memory-based attention for video action recognition [16]. MM-
ViT, based on a transformer, exploits all readily available modalities to identify video
action [17]. Another transformer-based InspectorNet is designed to recognize violent
action in animated cartoon videos, which requires significant computing resources for
training [18]. Many attention-based methods for human behavior recognition use pre-
training technology to reach higher accuracy on the UCF101 dataset but usually require
significant computing resources. The attention-based method is not an ideal solution for
small embedded devices and neuromorphic chips that require low computing power but
demand fast processing speeds. Most of these existing deep learning models for detecting
violence in videos include a mass of parameters. They require a lot of time and computing
resources to train them. Thus, they are limited to deploying these methods in real-time
scenes, such as mobile or embedded applications.

In the last decade, the spiking neural network (SNN) has achieved increasing de-
velopment. It is composed of spiking neurons and mimics the human brain to process
information. Compared to classical artificial neural networks, SNN shows the advantages
of computational reduction and low energy costs, and is especially suited to low-power
hardware platforms [19]. TDSNN converts CNNs to temporal-coding SNNs [20], which
greatly reduces total operations. An improved SNN showed a median accuracy 99.5% for
the discrimination of three EMG patterns [21]. S4NN achieves comparative performance
with supervised multi-fully connected layers by approximating traditional error backprop-
agation [22]. Several gradient approximation methods have been proposed to train SNNs
in a supervised manner, the so-called surrogate gradient trick [23]. A spike-based encoding
method approximately encodes the activations and errors in standard feed-forward arti-
ficial neural networks to train the method using standard backpropagation [24]. Nikola
Kasabov et al. proposed a spiking neuron-based architecture, namely NeuCube [25]. It has
been widely explored on spatiotemporal data [26], such as EEG [27] and emotion data [28],
with impressive performance. JEDMO-SNN [29] develops a descriptor for human action
recognition relying on the joint entropy of difference in the optical flow feature vectors
and uses a spiking neural network to aggregate the information across frames. These
SNN-based methods perform well on some tasks, such as ECG classification. In many cases,
real-time violence detection is significant for public security. In particular, it would help to
provide surveillance in hospitals and other healthcare settings to identify and potentially
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reduce violence against healthcare professionals [30]. The challenge for detecting violence
is exploring an effective method to extract spatiotemporal features in videos. Meanwhile,
it can remarkably reduce model complexity. Thus, it is expected to be applied in small
embedded devices. To the best of our knowledge, existing works have not addressed the
problem well. Based on the intrinsic merit of efficiently extracting temporal features, SNN
could be a promising solution.

This work proposes a spiking neuron-based deep learning model, SpikeConvFlowNet,
for recognizing violent activity. A two-stream architecture is constructed using RGB frames
and their optical flow data as inputs to learn the spatiotemporal features of video frames.
The model is composed of multiple convolutional spiking layers. The convolutional layers
are employed to extract high-level spatial features for maintaining high accuracy. Optical
flow is used to strengthen the capability of extracting critical motion information. Unlike
existing violence-detection methods, spiking neurons are used as the neural nodes in the
two-stream model, which can effectively extract temporal features across frames by remem-
bering historical information and improve computational efficiency. The main contribution
is that by combining the advantages of optical flow, convolution, and spiking network,
this model dramatically reduces parameters and achieves higher inference efficiency with
limited accuracy loss.

The contents in this writing are structured as follows. Section 2 reviews some related
work, covering essential backgrounds on optical flow and benchmark models. Section 3
presents the methodology and discusses the framework of SpikeConvNet and the approxi-
mate backpropagation algorithm for training the model. Section 4 shows the experimental
results on four public benchmark datasets, including training details and hyperparameter
configuration. The proposed method is compared with the current works in terms of
computational efficiency and performance. Section 5 shows the conclusion.

2. Related Work
2.1. Optical Flow

The optical flow method is widely applied in video-based data to detect motion in
two subsequent video frames using flow vectors [31]. It describes the apparent motion of
brightness patterns between two successive images [32]. It insulates the moving objects
from the static background objects. As a result, optical flow estimation yields a two-
dimensional vector field, i.e., motion field, representing the velocities of each point of
an image sequence. Optical flow can provide important information about the spatial
arrangement of the objects viewed and the rate of change of this arrangement. Therefore,
the methods based on optical flow can commonly achieve higher accuracy for moving
object detection [33]. A local differential method is proposed, which integrates the flow
constraint of one pixel into a linear system and solves each pixel’s flow independently [34].
In recent years, CNN has been applied to extract deep features of the input images, which
are then integrated into common optimization algorithms to calculate optical flow [35].
This work employs the local differential method to compute optical flows based on video
data. Then, spike-based CNN blocks are utilized to extract deep features of optical flows to
obtain higher accuracy.

2.2. Benchmarks

Many neural networks for human action recognition based on different frameworks
have recently been proposed. C3D [8] is a classic approach for spatiotemporal feature
learning using three-dimensional deep convolutional networks. An excellent RNN-based
model, Context-LSTM [36], is proposed to reduce training time and memory usage. Based
on a well-pre-trained ResNet50, it constructs three LSTM layers and two fully connected
layers to classify human actions. As a result, it achieves competitive detection accuracy.
STS-ResNet [37] is a convolutional spiking neural network based on ResNet18. It presents
a modified training method to train a new deep SNN architecture and extract features from
video frames. It should be noted that optical flow technology is not used in this model to
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identify human actions. These three models are based on CNN, RNN, and convolutional
SNN, respectively. In this work, they are used as benchmarks to evaluate our method.
The proposed model outperforms or approaches the benchmarks on different datasets for
violence recognition, meanwhile significantly reducing parameters (see Table 1).

Table 1. SpikeConvFlowNet compared to benchmarks’ results. The model dramatically reduces
parameters with limited accuracy loss.

Method Hockey Crowd RWF Params (M)

C3D 96.5% 84.4% 82.8% 94.8
Context-LSTM 99.2% 93.8% 92.3% 1.7

STS-ResNet 98.9% 91.2% 88.3% 11.7
SpikeConvFlowNet 98.4% 90.2% 88.5% 0.178

3. Proposed Method
3.1. IF Neuron-Based Gradient Descent Backpropagation Algorithm

As it is known, the outputs of spiking neurons in SNNs are spike events, which are
discrete over time. Therefore, the transfer function of a spiking neuron is non-differentiable,
through which the gradient cannot be back-propagated [38]. Several surrogate gradient
methods for spiking neurons have been proposed to handle the challenge, enabling SNNs to
optimize loss using gradient descent algorithms [39]. The main idea is to adopt an approxi-
mation function to estimate the gradient of the spike generation function. For convenience,
an approximation gradient descent backpropagation algorithm is briefly reviewed.

This paper uses integrate and fire (IF) as the spiking neuron model in SNN, which
transmits the output signals in the form of spikes over time. An IF neuron fires a post-
spike and resets the membrane potential to the initial state (zero in this work) whenever
the accumulation of input currents in the membrane potential is greater than the firing
threshold Vth. In an IF neuron-based SNN, this process repeats in each IF neuron over time,
and input spikes are propagated and computed throughout the layers.

An approximated derivative for IF neuron activation is proposed [40] to optimize loss
using a gradient descent algorithm in SNN. Figure 1 illustrates the operation mechanism
of an IF neuron-based gradient backpropagation (BP) algorithm. After the forward prop-
agation, we can evaluate the loss function, usually defined as the cross-entropy between
targets and actual outputs the network gives. Then, the gradients of loss function ∆ωl are
propagated backward all the way down to the input layer through the hidden layers using
the recursive chain rule, which can be obtained using the formula in Figure 1. Xl(t) denotes
the input current influx for a spiking neuron in the lth layer at time instant t. It equals
the weighted sum of pre-spike train at each time step, and the equation is as shown in
Figure 1. The θi(t− tk) indicates a spike event from ith pre-neuron at time tk. In this work,
pre-neuron and post-neuron mean the neurons in a former layer and its following layer, re-
spectively. At each time instant tk, all spiking neurons in different layers can fire spikes. The
activation function of an IF neuron is the sum of output spike train over time t, which can
be formulated as O(t) = ∑k θ(t− tk). It describes the relationship between the weighted
sum of pre-spike trains and the outputs of post-neurons over time t. Then, the membrane
potential of the neuron in each layer can be formulated as V(t) ≈ X(t)−Vth ·O(t).

Due to the discontinuity of membrane potential at the time instance of firing, the spike
generation function is non-differentiable. A pseudo derivative method for the activation
of IF neurons in the hidden layers is used to back-propagate the output error by the chain
rule. The aim is to approximately estimate ∂O

∂X . If a hidden neuron does not fire any spike,
the derivative of the corresponding neuronal activation is set to zero. The spike generation
function of the IF neuron is a hard threshold function that generates the output signal as
either +1 or 0. The IF neuron fires a post-spike whenever the input currents accumulated in
the membrane potential exceed the firing threshold. Namely, the IF neuron generates the
output signal as a binary value.
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Figure 1. An illustration of IF neuron-based gradient BP framework. (1) Forward pass: The total
input current is the weighted sum of pre-spike trains from the pre-layer, then transmitted to the next
neuron.The activation of the IF neuron is sent to the post-layers to calculate the loss. (2) Backward
pass: The surrogate gradient trick is used to approximately formulate the activation function of the IF
neuron. The gradients of the loss function are propagated backward down to the input layer through
the hidden layers using the recursive chain rule, and the weights are updated using the gradient
descent algorithm.

In Figure 1, Vth ·O(t) accounts for the fire/reset behavior of the membrane potential.
If we use the small signal approximation trick to assume V is zero, the activation of IF
neuron O(t) ≈ 1

Vth
X(t).Then, the derivative of IF neuronal activation can be approximated

as a linear function with a slope of 1
Vth

as the straight-through estimation [41].
It should be emphasized that the spiking neuron fires a pulse when the accumulated

current exceeds a threshold. Therefore, the input to a spiking neuron is the accumulation
of historical inputs. In other words, the neuron can remember historical information.
Therefore, it is helpful to improve computing efficiency for spiking networks.

3.2. SpikeConvFlowNet Architecture

It is well known that CNNs can effectively learn the high-level features of images.
However, they commonly require much time and computational resources to train millions
of parameters on video-based data. On the other hand, SNNs can effectively extract features
for temporal data, but with the network depth increasing, spike activities significantly
reduce in the case of fully fledged SNNs. This limitation is commonly called the vanishing
spike phenomenon [42], which is prone to cause performance degradation in deep SNNs.
Combined with CNNs, a shallow SNN-based model potentially achieves competitive
performance, and could avoid the vanishing spike phenomenon.

Our work proposes a deep hybrid architecture named SpikeConvFlowNet, consisting
of convolution operations-based spiking neuron layers. Thus, this network can employ the
benefits of SNN for processing temporal signals and CNN for maintaining performance.
Figure 2 describes the structure of SpikeConvFlowNet.
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Figure 2. SpikeConvFlowNet architecture. (A) shows the topology of the method, including four
parts: RGB stream, optical flow stream, merging block, and fully-connected layers; (B) and (C) show
the structure of the SpikeConv Block and the merging block, respectively.

Generally, the proposed model accommodates four parts: the RGB stream, the optical
flow stream, the merging block, and the fully connected layers. The RGB and optical flow
streams’ inputs are RGB frames and corresponding grayscale optical flows, respectively.
Optical flow can provide important information about the spatial arrangement of the
objects viewed and the rate of change of this arrangement. Therefore, the methods based
on optical flow would commonly achieve higher accuracy for moving object detection.
Thus, combining features from RGB frames and their optical flows potentially can help us
reach higher performance in our network. The RGB stream and the optical flow stream
are composed of cascaded SpikeConv blocks. The SpikeConv block’s topology resembles
the classical convolutional layer, which includes a 2D convolution operation followed by a
2D average pooling operation. However, a clear highlight in the SpikeConv block is using
spike neurons (IF neurons in our work) for activation instead of traditional analog neurons,
such as Relu or sigmoid function. Hence, the input and output for each intermediate layer
in a SpikeConv block are spikes, which are binary tensors in mathematical expressions.
When performing the pooling operations, the output would be quite a sparse matrix (see
details in Figure 3), which could lead to much information loss if using maximum pooling.
That is why average pooling is used in this paper. The images and their corresponding
optical flows are consecutively processed through the RGB and optical flow streams over
time. The outputs are collected in the output accumulators until the last image is finished.
Then the input for the merging block in the forward phase is constructed by concatenating
the feature maps from the RGB stream and the optical flow stream, which integrates one
convolution layer and one pooling layer with different kernel sizes. The accumulated
outputs are passed through the merging block, which can enhance the ability of feature
expression by merging feature maps from two different streams. The output is flattened
to vectors as the input of fully connected layers. Next, two fully connected layers are
utilized to classify the type of violence. Sigmoid activation is adopted in the last layer,
which enhances the ability to make the output fit the distribution of the labels and lessen
the difficulty of training the model.
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Figure 3. The histogram shows the average spiking activity in each block on four testing datasets.
For each pair, the left denotes the number of pixels in the output of the block-layers, while the right
denotes the number of spikes fired in the block-layers.

To sum up, this two-stream model uses the convolutional layers to extract high-level
spatial features for high accuracy and uses optical flow to strengthen the capability of
extracting motion information. Unlike existing CNN/RNN-based methods for violence
detection, spiking neurons are used as the neural nodes for each convolutional spiking layer.
The output of a spiking neuron is a binary value, which can help speed up matrix-related
operations and thus improve computational efficiency. Spiking neurons can also efficiently
extract temporal features across frames by remembering historical information. When
training or using the model, it only needs to receive the next frame sequentially and output
prediction results. Thus, this model combines the advantages of optical flow, convolution,
and spiking networks.

3.3. Loss and Optimization

The total loss is evaluated when the network’s forward propagation of all consecutive
frames is finished. This work defines the cost function as the cross-entropy between the
true output and the network’s predicted distribution. To avoid the overfitting problem, we
use L2 regularization to improve the model’s generalization capability.

Loss =
1
N

N

∑
i

1
T

T

∑
t

C

∑
c
(−yc

i (t) · log(pc
i (t))) +

λ

2
· ‖w‖2

2 , (1)

where N is the number of samples, T indicates the length of videos, C denotes the number
of classes in labels, y is the true output, p denotes the network’s predicted result, w
is parameters in the network, and λ is a hyper-parameter which represents a trade-off
between the prediction error on the training dataset and the generalization capability.

An end-to-end supervised spiking training method for SpikeConvFlowNet is derived
based on Section 3.1 and shown in Algorithm 1.
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Algorithm 1: Pseudocode for training in SpikeConvFlowNet.
Notation: the number of layers for each stream block, merging block and fully
connected layers are referred to as Ls, Lm and L f , respectively. V is membrane
potential; Vth is firing threshold.

initialize : V l(t) = 0, ∀l = 1, · · · , Ls + Lm + L f

Function IF_model(Ol(t)):
V l(t) = V l(t− 1) + Ol(t); // weighted spike-inputs are added to V

if V l(t) ≥ Vth then
Ol(t) = 1, V l(t) = 0; // emits a spike and reset V when V ≥ Vth

else
Ol(t) = 0

end
return Ol(t)

End Function
// Forward pass
for t← 1 to T do

O1(t) = inputs(t)
// S1: RGB & Optical Flow stream · · ·
for l ← 2 to Ls do

Ol(t) = AvgPool2d(Conv2d(Ol−1(t))); // extract spatial features

Ol(t)=IF_model(Ol(t)); // extract temporal features

end
Through the above steps to obtain: OLs

RGB(t), OLs
f low(t);

Let OLs(t) = concatecate(OLs
RGB(t), OLs

f low(t));
// S2: Merging features · · ·
for l ← 1 to Lm do

OLs+l(t)=IF_model(AvgPool2d(Conv2d(OLs+l−1)))
end
OLs+Lm(t)=Flatten(OLs+Lm(t) )
// S3: Classifier · · ·
for l ← 1 to L f − 1 do

OLs+Lm+l(t)=IF_model(wLs+Lm+l(t)OLs+Lm+l−1(t))
end
Output(t)=Sigmoid(wLs+Lm+L f (t)OLs+Lm+L f−1(t))

end
E = Loss(output, target); Let L = Ls + Lm + L f ;
// Backward pass
for t← T to 1 do

for l ← L to 1 do

∆wl(t) = ∂Loss
∂Ol(t)

∂Ol(t)
∂Vl(t)

∂Vl(t)
∂wl(t)

if l = L, then ∂Ol(t)
∂Vl(t) = (Sigmoid(V))′; else ∂Ol(t)

∂Vl(t) =
1

Vth
;

wl(t) = wl(t)− lr · ∆wl(t)
end

end

In the forward pass, SpikeConvFlowNet processes the frames from video data one
by one. As shown in Figure 4, each frame from the video sequentially goes through
the network over time. The historical information from inputs can be recorded by firing
spikes and accumulating the input signal change. For comparison, the inputs for 3D-CNN,
RNN, or transformer architecture are video clips including a series of frames.Thanks to
this mechanism, the model can be applied in embedded devices with less memory. The
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weighted spike trains from the previous layer at time t are integrated into the membrane
potential V(t) of the IF neuron in the next layer.The neuron fires a spike when V(t) exceeds
the threshold Vth, then V(t) is reset to the initial value zero. Vth is a key hyper-parameter
closely connected with firing spikes. In this work, Vth is set as 0.75 by trial and error, and
the initial membrane potential of each IF neuron is set as zero.

Figure 4. Different input paradigms between SpikeConvFlowNet and existing models. Most existing
models commonly extract features from video segments, while SpikeConvFlowNet processes the
frames from videos one by one, which reduces memory consumption.

In particular, to achieve higher performance and reduce the difficulty of training
the model, the final layer neurons integrate the weighted sum of spikes in the output
accumulator without producing any spikes at the output. The sigmoid function is applied
in the last layer as the activation. The error is computed by the Equation (1). In this
work, Adam, a gradient descent backpropagation algorithm, is employed to optimize the
loss [43]. To be specific, the gradients of the loss are propagated backward all the way down
to the input layer through the hidden layers using the recursive chain rule. Meanwhile,
the weights are updated using the gradient descent algorithm. The main difference between
IF neuron-based SNN and the standard ANN is that the IF neuron model is discontinuous
and non-differentiable. In the backward pass, sigmoid activation is used for the last layer,
which is continuous and piece-wise differential. An approximate derivative for the IF

neuron activation is adopted for other hidden layers, that is, using 1
Vth

instead of ∂Ol(t)
∂Vl(t) in

Algorithm 1.

3.4. Experiment Settings

This work implements all experiments using Python 3.7 and Pytorch 1.3.1. The code is
run in a GPU workstation with one GeForce GTX 1080 from the Nvidia company with 128
GB memory and 16 CPUs with Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10 GHz. The operating
system is Ubuntu 18.04.3.

The proposed model, SpikeConvFlowNet, is constructed as shown in Figure 2. The
experiments are performed on four public violence detection datasets, namely Movies,
Hockey [44], Crowd [45], and RWF-2000 [46], which can be freely available online. These
datasets are from various sources. Due to this, the number of frames and their size for each
video in different datasets are not uniform. Therefore, it is necessary to transform the frame
size to (320, 240) by downsampling and cropping operations. To keep the information
as much as possible, it is not compulsory to transform the length of the videos in each
dataset to be uniform. Instead, the batch size for training the model is set as one if the
video includes different lengths in the dataset, otherwise, it is set as 64. The settings of
main hyper-parameters, namely threshold, learning rate, and the weight for regularization
λ, are empirically set by trial and error. They are set as follows: threshold (0.75), lr (0.01), λ
(0.01). Each dataset is split into three parts: the training set (70%), the validation set (10%),
and the test set (20%).
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4. Results
4.1. Datasets

In this paper, four public datasets (namely Movies, Hockey, Crowd, and RWF-2000)
are employed to evaluate the performance of the proposed model. They have been adopted
to evaluate the capability of violence detection in many works. The first two datasets,
namely the Movies Fight and the Hockey Fight, are presented by Nievas et al. The Movies
Fight dataset has 200 clips extracted from short movies, while the Hockey Fight dataset
has 1000 clips captured in the National Hockey League hockey games. Both of these
two datasets have video-level annotations. There are 246 videos with or without violent
behaviors in the Crowd Violence dataset. This dataset aims to recognize violence in
crowded scenes, which includes overcrowded scenes but low image quality. The length
of the videos is between 1.04 s and 6.53 s. RWF2000 dataset, collected from the YouTube
platform, consists of 2000 video clips captured by surveillance cameras in real-world scenes.
Most videos in this dataset include complex real-life scenes, which poses a challenge to
detecting violence accurately. Figure 5 shows the typical scenes in four datasets. It is easy
to find out that the scenes in the Crowd Violence and RWF2000 datasets are much more
complex than the first two, which could bring more difficulties for violence detection.

Figure 5. The typical scenes in four datasets. The videos in the Crowd Violence and RWF2000 datasets
include more crowd and complex real-life scenes than the first two.

4.2. Experimental Results

The proposed model is constructed based on the settings in Section 3.4, then trained
on the four datasets, which include two types (fight and non-fight) of videos. The model
can generally quickly converge into a stable value. The result shows that loss curves for
the CrowdViolence and RWF2000 datasets fluctuate more than the other two. In this work,
four evaluation measures, namely Accuracy, Precision, Recall and F1, are introduced [47],
and which are defined as following:

Accuracy =
TP + TN

TP + TN + FP + FN
, (2)

Precision =
TP

TP + FP
, (3)

Recall =
TP

TP + FN
, (4)

F1 = 2 ∗ Precision ∗ Recall
Precision + Recall

, (5)
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If a video is labeled as a fight and the model also predicts it as a fight, the predicted result
is considered true positive (TP). Similarly, if a video is labeled as a non-fight and the model
considers it a non-fight, the predicted result is true negative (TN). Both true positive and
true negative suggest a consistent result between the predicted value and the ground truth.
If a video with the fight label is predicted as a non-fight by the model, the prediction is
false positive (FP). Similarly, if a video with the non-fight label is suggested as a fight by
the model, the prediction is false negative (FN).

To evaluate the performance, we compared the proposed model with seven existing
models, which are 3D ConvNet [48], ConvLSTM [12], C3D [8], I3D(Fusion) [49], Flow Gated
Network [46], Context-LSTM, and STS-ResNet [37], respectively. Table 2 shows predicting
accuracy on testing data and the number of parameters based on SpikeConvFlowNet and
other methods. The performances based on testing data of the first five models (from 3D
ConvNet to flow gated network) are reported in the papers. It should be noted that the
methods labeled using an asterisk in Table 2 are implemented and trained by ourselves to
obtain their test accuracy values.

Table 2. Experimental accuracy on four datasets and the number of parameters in these models. The
asterisk represents that the methods are implemented by ourselves, and other results in the table are
cited from existing works.

Method Movies Hockey Crowd RWF Params (M)

3D ConvNet 99.97% 99.6% 94.3% 81.7% * 86.9
ConvLSTM 100% 97.1% 94.5% 77.0% 47.4

C3D 100% 96.5% 84.4% 82.8% 94.8
I3D (Fusion) 100% 97.5% 88.9% 81.5% 24.6

Flow Gated Network 100% 98.0% 88.8% 87.2% 0.27
Context-LSTM * 100% 99.2% 93.8% 92.3% 1.7

STS-ResNet * 100% 98.9% 91.2% 88.3% 11.7
SpikeConvFlowNet 100% 98.4% 90.2% 88.5% 0.178

The mean and variance of the training accuracy for the other seven models are not
reported in their articles. To verify the stability of the proposed model, we trained and
evaluated it five times. The training data and testing data are randomly split for each
experiment. The mean and variance of the testing accuracy are as follows: Movies (mean:
100%, variance: 0.00), Hockey (mean: 98.39%, variance: 0.26%), Crowd (mean: 90.14%,
variance: 1.83%), RWF2000 (mean: 88.35%, variance: 1.77%).

To further test the performance of the proposed method on datasets with multiple
classes, two public human action recognition datasets are used, namely HMDB51 and
UCF101 [29]. The HMDB51 dataset consists of 6766 video classes annotated for 51 action
classes extracted from movies and YouTube. The UCF101 dataset contains 13,320 video
clips categorized into 101 action classes collected from YouTube. Our model is compared
with two methods for recognizing human actions: Context-LSTM and STS-ResNet. All
predicted results on testing data for each method are shown in Table 3. It is noted that
Context-LSTM is implemented by ourselves and then the testing accuracy on HMDB51
is obtained, which is labeled by an asterisk in the table. Other results are reported in
their articles.

Table 3. The comparison of predicting accuracy for multi-classes task on HMDB51 and UCF101.
The asterisk represents that the result is obtained by ourselves, and other results are published in
existing works.

Method HMDB51 UCF101

Context-LSTM 80.1% * 92.2%
STS-ResNet 21.5% 42.1%

SpikeConvFlowNet 23.6% 40.7%
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The results in Table 2 reveal that the methods are over-fitted on the Movies Fight
dataset. The main reason is that this dataset contains 200 clips, with 100 positive and
negative samples each. It is balanced, but its size is small, and the scenes in clips are
relatively simple. For example, fierce fighting between two or more people is considered
violent, while walking or playing football is considered non-violent. As a result, it is
easier to identify violent actions on the Movies dataset than on other datasets containing
many complex real-life scenes. Hence, we can conclude that this dataset is no longer
suited to evaluate the deep learning-based models for violence detection effectively. The
performances on the Crowd Violence and RWF2000 datasets have not achieved as high
testing accuracy as the first two datasets. The main reason is that these two datasets
consist of many real-world scenes, such as crowd activities, which enhances the difficulty of
recognizing fight or non-fight violence from these scenes. Among these methods, Context-
LSTM is based on RNN and performs best. One reason is that it employs a ResNet50 well-
pre-trained on large-scale datasets. It is not an ideal model for small embedded devices and
neuromorphic chips. Compared to STS-ResNet, the proposed model achieves comparative
performance and only includes around one percentage of parameters. A possible reason
is that optical flow data enhances our method’s capability of extracting critical motion
information. Based on Table 3, it can be seen that the performance of two SNN-based
models drops significantly on large-scale datasets with multi-classes for action recognition.
The main reason is that the HMDB51 and UCF101 datasets contain multiple complex scenes.
Currently, these two convolutional spiking neural networks do not have enough ability
to learn the features and recognize multi-classes actions effectively over these challenging
datasets. Generally, compared with existing CNN/RNN-based methods and convolutional
SNN, SpikeConvFlowNet can achieve comparative performance across all datasets related
to violence detection, but also dramatically reduces the number of parameters. Moreover,
the results also verify that the shallow SNN-based model can perform well while avoiding
the vanishing spike phenomenon.

The training time and inference efficiency are experimentally measured to verify the
proposed model’s computational efficiency further. All experiments are implemented
on RWF2000, including more violent videos and complex scenes than the other three
datasets. The configuration of hardware is described in Section 3.4. As shown in Table 2,
Context-LSTM (RNN-based) and STS-ResNet (SNN-based) are selected as benchmarks
to compare with the proposed method. To speed up the training process, all videos are
pre-processed and transformed to the form of ndarray, which is a data type in Numpy
packages. These models are generally convergent after being iteratively trained for 100
epochs. The GPU server is used to train these models. However, the inference efficiency is
measured only using the CPU, similar to the devices with low computational resources.
The training efficiency is measured by running time with the unit of the hour, while the
inference efficiency is measured by frames per second (fps). The training time and inference
efficiency are shown in Table 4.

Table 4. Training time and inference efficiency on RWF2000.

Method Training Time(h) Inference Efficiency(fps)

Context-LSTM 2.4 290.7
STS-ResNet 5.1 170.3

SpikeConvFlowNet 2.2 372.8

The results demonstrate that the proposed model can achieve higher training and
inference speed than the benchmarks. It is noted that the batch size for training is set as one
due to the inconsistency of video length, which makes training time increase. Compared
with Context-LSTM, the proposed model only includes one-tenth of the parameters. How-
ever, their training time is close. One reason is that SpikeConvFlowNet employs optical
flow, which would slow down the training process.
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Based on the results of Tables 2–4, it can be concluded that the proposed method is
more efficient than existing CNN/RNN-based models and is more suitable for low-power
embedded devices. Compared with the best convolutional spiking neural network, this
method significantly reduces the number of parameters with limited accuracy loss. It shows
that our method can provide a potential solution for neuromorphic chips to detect violent
behaviors efficiently.

Figure 6 shows the confusion matrix of experimental results on four datasets using
the proposed model.

Figure 6. Confusion matrix of experimental results on four datasets using SpikeConvFlowNet.

It also demonstrates that the videos with complex scenes in the last two datasets could
degrade the prediction accuracy compared with other datasets. Based on the confusion
matrix, Precision and Recall are calculated, shown in Table 5.

Table 5. Precision and Recall for SpikeConvFlowNet on four datasets.

Measures Movies Hockey Crowd RWF

Precision 1.00 0.98 0.88 0.86
Recall 1.00 0.99 0.91 0.92

F1 1.00 0.99 0.90 0.89

Generally, the Recall is relatively higher than the Precision. It reveals that the proposed
model has a higher possibility of classifying a video as a fighting type. It can avoid omitting
fight samples in testing data, but part non-fight videos could be falsely predicted as fight
videos, which is acceptable for practical applications.

Furthermore, to experimentally explore the mechanisms of the SpikeConvFlowNet,
Figure 3 shows the average of spiking activity in each block on four testing datasets.

It reveals that the spikes number generally accounts for quite a low percentage (less
than 10% in the first three SpikeConvBlocks) in the output of each block layer. In other
words, the output for each block is a relatively sparse binary tensor. Figure 7 shows several
samples from the feature maps in hidden layers, i.e., SpikeConvBlock1, SpikeConvBlock2,
and SpikeConvBlock3.
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Figure 7. Samples from the feature maps in hidden layers. (A–C) denote SpikeConvBlock1, Spike-
ConvBlock2, and SpikeConvBlock3 in the RGB stream. As for each heatmap pair, the above is before
operating through the IF neuron, while the below is for the spiking activity after the IF neuron. It
shows that the output of each layer is a sparse matrix.

For each layer, the heatmaps before operating through the IF neuron and after the IF
neuron are displayed. It could be inferred that the proposed model is capable of extracting
spatial features by spiking neurons. These heatmaps also visually show the sparsity of
spikes fired in each layer. This character enables the proposed architecture to be energy-
efficient for the hardware solutions of SNNs.

To sum up, the spiking neuron fires a pulse when the accumulated current exceeds
a threshold. Therefore, the input to a spiking neuron is the accumulation of historical
inputs. In other words, the neuron can remember historical information. Therefore, when
training or using the model, it only needs to receive the next frame sequentially and
outputs prediction results. CNN-based models need many historical frames to output
results, which consumes more computing time and hardware resources. However, it is
worth noting that LSTM-based models can also remember historical information similar to
spiking neurons to output prediction results. Moreover, the output of each spiking neuron
is a binary value. Many matrix multiplication operations are involved in training and using
deep neural networks. The binary matrix can significantly improve matrix multiplication
operations’ computational efficiency, saving time and computing resources. CNN/RNN-
based models do not have this advantage. Compared with existing CNN/RNN-based
models and convolutional SNN, this method can improve computing efficiency and save
computing time and hardware resources, which is verified by the experimental results.
Meanwhile, it dramatically reduces parameters and achieves higher inference efficiency
with limited accuracy loss by combining the advantages of optical flow and convolutional
spiking networks. In addition, since the output of spiking neurons is a discontinuous spike
train, the combination of SNN and neuromorphic chips can further improve computational
efficiency and reduce power consumption.

5. Conclusions

In this paper, we propose a supervised deep learning spiking neural network (Spike-
ConvFlowNet) for video data-based violence detection, which is composed of multiple
convolutional spiking layers.The convolutional layers are used to extract high-level spatial
features for high accuracy, while spiking neurons are employed to extract temporal fea-
tures effectively. An optical flow-based method is utilized to capture motion features to
enhance the capability of recognizing violence. An IF neuron-based algorithm is derived to
optimize a loss function with the regularization term. The model is trained and evaluated
on public datasets. The experimental results show that the proposed method for violence
detection achieves a comparative performance and dramatically reduces the number of
parameters compared with all benchmark methods. More tests demonstrate that this model
can decrease training time and improve inference efficiency. The sparsity of spiking activity
potentially makes the model energy efficient for hardware solutions. Furthermore, sequen-
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tially processing the images in this architecture would conserve memory consumption
and be helpful for online applications and embedded devices that require low computing
power but demand fast processing speed.

Author Contributions: Conceptualization, X.W. and J.Y.; methodology, X.W.; software, X.W.; formal
analysis, X.W.; writing—original draft preparation, X.W.; writing—review and editing, X.W., J.Y.
and N.K.K.; funding acquisition, J.Y. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets used in this work can be accessed on the following
link: https://drive.google.com/drive/folders/1DUpRySTKNTot-_eLHn8lRxhlbmGhVLL6q?usp=
sharing (accessed on 22 February 2023).

Acknowledgments: We thank Pourya (a post graduate in PAMI lab in Shanghai Jiao Tong university)
for the suggestions to improve the methodology and helping to refine the English writing.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

References
1. Lim, M.C.; Jeffree, M.S.; Saupin, S.S.; Giloi, N.; Lukman, K.A. Workplace violence in healthcare settings: The risk factors,

implications and collaborative preventive measures. Ann. Med. Surg. 2022, 78, 103727. [CrossRef] [PubMed]
2. Ghareeb N.S.; El-Shafei D.A.; Eladl A.M. Workplace violence among healthcare workers during COVID-19 pandemic in a

Jordanian governmental hospital: The tip of the iceberg. Environ. Sci. Pollut. Res. 2021, 28, 61441–61449. [CrossRef] [PubMed]
3. Subudhi, B.N.; Rout, D.K.; Ghosh, A. Big data analytics for video surveillance. Multimed. Tools Appl. 2019, 78, 26129–26162.

[CrossRef]
4. Chen, L.H.; Hsu, H.W.; Wang, L.Y.; Su, C.W. Violence detection in movies. In Proceedings of the 2011 Eighth International

Conference Computer Graphics, Imaging and Visualization, Singapore, 17–19 August 2011; pp. 119–124.
5. Rodríguez-Moreno, I.; Martínez-Otzeta, J.M.; Sierra, B.; Rodriguez, I.; Jauregi, E. Video activity recognition: State-of-the-art.

Sensors 2019, 19, 3160. [CrossRef] [PubMed]
6. Gao, Y.; Liu, H.; Sun, X.; Wang, C.; Liu, Y. Violence detection using oriented violent flows. Image Vis. Comput. 2016, 48, 37–41.

[CrossRef]
7. Bilinski, P.; Bremond, F. Human violence recognition and detection in surveillance videos. In Proceedings of the 13th IEEE

International Conference on Advanced Video and Signal Based Surveillance (AVSS), Colorado Springs, CO, USA, 23–26 August
2016; pp. 30–36.

8. Tran, D.; Bourdev, L.; Fergus, R.; Torresani, L.; Paluri, M. Learning spatiotemporal features with 3d convolutional networks. In
Proceedings of the IEEE International Conference on Computer Vision, Washington, DC, USA, 7–13 December 2015; pp. 4489–4497.

9. Wang, L.; Xiong, Y.; Wang, Z.; Qiao, Y.; Lin, D.; Tang, X.; Van Gool, L. Temporal segment networks: Towards good practices
for deep action recognition. In Proceedings of the European Conference on Computer Vision, Amsterdam, The Netherlands,
11–14 October 2016; pp. 20–36.

10. Zolfaghari, M.; Singh, K.; Brox, T. Eco: Efficient convolutional network for online video understanding. In Proceedings of the
European Conference on Computer Vision (ECCV), Munich, Germany, 8–14 September 2018; pp. 695–712.

11. Zhou, P.; Ding, Q.; Luo, H.; Hou, X. Violent interaction detection in video based on deep learning. J. Phys. Conf. Ser. 2017,
844, 12–44. [CrossRef]

12. Swathikiran, S.; Oswald, L. Learning to detect violent videos using convolutional long short-term memory. In Proceedings of the
14th IEEE International Conference on Advanced Video and Signal Based Surveillance (AVSS) IEEE, Lecce, Italy, 29 August–1
September 2017; pp. 1–6.

13. Aayush, J.; Kumar, V.D. Deep NeuralNet For Violence Detection Using Motion Features From Dynamic Images. In Proceedings of
the Third International Conference on Smart Systems and Inventive Technology (ICSSIT), Tirunelveli, India, 20–22 August 2020;
pp. 826–831.

14. Tian, C.; Zhang, X.; Lin, J.C.; Zuo, W.; Zhang, Y.; Lin, C. Generative adversarial networks for image super-resolution: A survey.
arXiv 2022, arXiv:2204.13620.

15. Tian, C.; Xu, Y.; Li, Z.; Zuo, W.; Fei, L.; Liu, H. Attention-guided CNN for image denoising. Neural Netw. 2020, 124, 117–129.
[CrossRef]

https://drive.google.com/drive/folders/1DUpRySTKNTot-_eLHn8lRxhlbmGhVLL6q?usp=sharing
https://drive.google.com/drive/folders/1DUpRySTKNTot-_eLHn8lRxhlbmGhVLL6q?usp=sharing
http://doi.org/10.1016/j.amsu.2022.103727
http://www.ncbi.nlm.nih.gov/pubmed/35734684
http://dx.doi.org/10.1007/s11356-021-15112-w
http://www.ncbi.nlm.nih.gov/pubmed/34173953
http://dx.doi.org/10.1007/s11042-019-07793-w
http://dx.doi.org/10.3390/s19143160
http://www.ncbi.nlm.nih.gov/pubmed/31323804
http://dx.doi.org/10.1016/j.imavis.2016.01.006
http://dx.doi.org/10.1088/1742-6596/844/1/012044
http://dx.doi.org/10.1016/j.neunet.2019.12.024


Sensors 2023, 23, 4532 16 of 17

16. Jiang, B.; Yu, J.; Zhou, L.; Wu, K.; Yang, Y. Two-Pathway Transformer Network for Video Action Recognition. In Proceedings of
the 2021 IEEE International Conference on Image Processing (ICIP), Anchorage, AK, USA, 19–22 September 2021; pp. 1089–1093.

17. Chen, J.; Ho, C.M. MM-ViT: Multi-modal video transformer for compressed video action recognition. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision, Waikoloa, Hawaii, USA, 4–8 January; pp. 1910–1921.

18. Taha, M.M.; Alsammak, A.K.; Zaky, A.B. InspectorNet: Transformer network for violence detection in animated cartoon. Eng. Res.
J. Fac. Eng. (Shoubra) 2023, 52, 114–119. [CrossRef]

19. Sarada, K.; Sanchari, S.; Swagath, V.; Anand, R. Dynamic spike bundling for energy-efficient spiking neural networks. In
Proceedings of the IEEE/ACM International Symposium on Low Power Electronics and Design (ISLPED), Lausanne, Switzerland,
29–31 July 2019; pp. 1–6.

20. Zhang, L.; Zhou, S.; Zhi, T.; Du, Z.; Chen, Y. TDSNN: From Deep Neural Networks to Deep Spike Neural Networks with
Temporal-Coding. In Proceedings of the AAAI Conference on Artificial Intelligence, Honolulu, HI, USA, 27 January–1 February
2019; pp. 1319–1326.

21. Lobov, S.A.; Chernyshov, A.V.; Krilova, N.P.; Shamshin, M.O.; Kazantsev, V.B. Competitive learning in a spiking neural network:
Towards an intelligent pattern classifier. Sensors 2021, 20, 500. [CrossRef]

22. Kheradpisheh, S.R.; Masquelier, T. Temporal Backpropagation for Spiking Neural Networks with One Spike per Neuron. Int. J.
Neural Syst. 2020, 30, 205–227. [CrossRef]

23. Bam, S.S.; Garrick, O. Slayer: Spike layer error reassignment in time. arXiv 2018, arXiv:1810.08646.
24. Peter, O.; Efstratios, G.; Max, W. Temporally efficient deep learning with spikes. arXiv 2017, arXiv:1706.04159.
25. Enmei, T.; Nikola, K.; Yang, J. Mapping temporal variables into the neucube for improved pattern recognition, predictive

modeling, and understanding of stream data. IEEE Trans. Neural Netw. Learn. Syst. 2016, 28, 1305–1317.
26. Kasabov, N.K. Time-Space, Spiking Neural Networks and Brain-Inspired Artificial Intelligence; Springer: Heidelberg/Berlin, Germany,

2019; pp. 339–396.
27. Clarence, T.; Marko, Š.; Nikola, K. Spiking Neural Networks: Background, Recent Development and the NeuCube Architecture.

Neural Process. Lett. 2020, 52, 1675–1701.
28. Tan, C.; Ceballos, G.; Kasabov, N.; Puthanmadam Subramaniyam, N. Fusionsense: Emotion classification using feature fusion of

multimodal data and deep learning in a brain-inspired spiking neural network. Sensors 2020, 20, 5328. [CrossRef]
29. Berlin, S.J.; John, M. Spiking neural network based on joint entropy of optical flow features for human action recognition. Vis.

Comput. 2022, 38, 223–237. [CrossRef]
30. Al-Shaban, Z.R.; Al-Otaibi, S.T.; Alqahtani, H.A. Occupational violence and staff safety in health-care: A cross-sectional study in a

large public hospital. Risk Manag. Healthc. Policy 2021, 14, 1649–1657. [CrossRef]
31. Kiran, K.; Sushant, P.; Pravin, D. Moving object tracking using optical flow and motion vector estimation. In Proceedings of

the 2015 4th International Conference on Reliability, Infocom Technologies and Optimization (ICRITO) (Trends and Future
Directions), Noida, India, 2–4 September 2015; pp. 1–6.

32. Tu, Z.; Xie, W.; Zhang, D.; Poppe, R.; Veltkamp, R.C.; Li, B.; Yuan, J. A survey of variational and CNN-based optical flow
techniques. Signal Process. Image Commun. 2019, 72, 9–24. [CrossRef]

33. Anshuman, A.; Shivam, G.; Kumar, S.D. Review of optical flow technique for moving object detection. In Proceedings of the 2016
2nd International Conference on Contemporary Computing and Informatics (IC3I), Greater Noida, India, 14–17 December 2016;
pp. 409–413.

34. Shaul, O.; Aharon, B.; Shai, A. Extended lucas-kanade tracking. In Proceedings of the European Conference on Computer Vision,
Zurich, Switzerland, 6–12 September 2014; pp. 142–156.

35. Shay, Z.; Lior, W. Interponet, a brain inspired neural network for optical flow dense interpolation. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 4563–4572.

36. Li, D.; Wang, R. Context-LSTM: A robust classifier for video detection on UCF101. arXiv 2022, arXiv:2203.06610.
37. Samadzadeh, A.; Far, F.S.T.; Javadi, A.; Nickabadi, A.; Chehreghani, M.H. Convolutional spiking neural networks for spatio-

temporal feature extraction. arXiv 2021, arXiv:2003.12346.
38. Chankyu, L.; Shakib, S.S.; Priyadarshini, P.; Gopalakrishnan, S.; Kaushik, R. Enabling spike-based backpropagation for training

deep neural network architectures. Front. Neurosci. 2020, 14, 119–142.
39. Neftci, E.O.; Hesham, M.; Friedemann, Z. Surrogate gradient learning in spiking neural networks. IEEE Signal Process. Mag. 2019,

36, 51–63. [CrossRef]
40. Jun, H.L.; Tobi, D.; Michael, P. Training deep spiking neural networks using backpropagation. Front. Neurosci. 2016, 10, 508–523.
41. Yoshua, B.; Nicholas, L.; Aaron, C. Estimating or propagating gradients through stochastic neurons for conditional computation.

arXiv 2013, arXiv:1308.3432.
42. Panda, P.; Aketi, S.A.; Roy, K. Toward Scalable, Efficient, and Accurate Deep Spiking Neural Networks With Backward Residual

Connections, Stochastic Softmax, and Hybridization. Front. Neurosci. 2020, 14, 653–681. [CrossRef]
43. Samanwoy, G.D.; Hojjat, A. Third Generation Neural Networks: Spiking Neural Networks. In Advances in Computational

Intelligence; Springer: Berlin Heidelberg, Germany, 2009; pp. 167–178.
44. Bermejo Nievas, E.; Deniz Suarez, O.; Bueno García, G.; Sukthankar, R. Violence detection in video using computer vision

techniques. In Proceedings of the 14th International Conference on Computer Analysis of Images and Patterns, Seville, Spain,
29–31 August 2011.

http://dx.doi.org/10.21608/erjsh.2023.181713.1119
http://dx.doi.org/10.3390/s20020500
http://dx.doi.org/10.1142/S0129065720500276
http://dx.doi.org/10.3390/s20185328
http://dx.doi.org/10.1007/s00371-020-02012-2
http://dx.doi.org/10.2147/RMHP.S305217
http://dx.doi.org/10.1016/j.image.2018.12.002
http://dx.doi.org/10.1109/MSP.2019.2931595
http://dx.doi.org/10.3389/fnins.2020.00653


Sensors 2023, 23, 4532 17 of 17

45. Tal, H.; Itcher, Y.; Kliper-Gross, O. Violent flows: Real-time detection of violent crowd behavior. In Proceedings of the IEEE
Computer Society Conference on Computer Vision and Pattern Recognition Workshops, Providence, RI, USA, 16–21 June 2012;
pp. 1–6.

46. Cheng, M.; Cai, K.; Li, M. RWF-2000: An Open Large Scale Video Database for Violence Detection. In Proceedings of the 2020
25th International Conference on Pattern Recognition (ICPR), Milan, Italy, 10–15 January 2021; pp. 4183–4190.

47. Evgin, G.; Akman, K.A. Comparative evaluations of cnn based networks for skin lesion classification. In Proceedings of the
14th International Conference on Computer Graphics, Visualization, Computer Vision and Image Processing, Zagreb, Croatia,
21–25 July 2020; pp. 1–6.

48. Song, W.; Zhang, D.; Zhao, X.; Yu, J.; Zheng, R.; Wang, A. A Novel Violent Video Detection Scheme Based on Modified 3D
Convolutional Neural Networks. IEEE Access 2019, 7, 39172–39179. [CrossRef]

49. Joao, C.; Andrew, Z. Quo vadis, action recognition? a new model and the kinetics dataset. proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 6299–6308.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1109/ACCESS.2019.2906275

	Introduction 
	Related Work 
	Optical Flow 
	Benchmarks

	Proposed Method 
	IF Neuron-Based Gradient Descent Backpropagation Algorithm
	SpikeConvFlowNet Architecture
	Loss and Optimization
	Experiment Settings

	Results 
	Datasets
	Experimental Results

	Conclusions 
	References

