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Abstract. Recently, Traffic Monitoring Systems (TMS) based on cam-
era are widespread used in many large cities thanks to advances in arti-
ficial intelligence especially in deep learning and computer vision. Detec-
tion of traffic violation of vehicles is a critical problem for law enforce-
ment in such TMS due to complicated trajectories of different vehicle
types in road. Existing methods based on computer vision techniques for
detecting, tracking vehicles and then applying violation rules on the per-
ceived path of every vehicles. In this paper, we present a novel approach
which is based on the flexible LSTM recurrent neural networks in addi-
tion to the traditional fixed rules to detect red-light running violation
of vehicles. We also present our improvements on the existing DeepSort
tracking algorithm for faster and more accurate ID matching. We evalu-
ate our deep LSTM with attention mechanism on a dataset (Dataset and
code are available here: https://github.com/namnv78/RunningRedlight)
of 108 traffic videos captured from three road intersections in Vietnam
including 628 red-light running violated vehicles. Our method achieved a
precision, recall and F1-score of more than 99% which is 3% higher than
the traditional rule-based method.

Keywords: Traffic violation detection - Vehicle detection and
tracking - Recurrent neural networks

1 Introduction

Robust detection and identification of law-violating vehicles from monitoring cam-
era in cross-roads are critical for ensuring road safety and enforcing the laws.
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The task is highly challenging under a full range of traffic, lighting and weather
conditions. Solving this problem necessitates solving and integrating solutions of
multiple difficult sub-tasks, including (a) detection, embedding and tracking of
vehicles, and (b) automatic violation detection. Although effective techniques for
sub-tasks exist, there is a large gap on building an integrated solution that works in
real time and filling this gap demands novel adaptation and systematic thinking.

We based our method on the efficient YOLOv4 [2] and the light-weight Select-
SLS [8] for vehicle detection and embedding. Once the vehicles are detected and
embedded, tracking can be carried out using several methods such as DeepSORT
[16], JDE [15] and DeepMOT [17]. Typically these methods work by extracting
features from bounding boxes of the vehicles and associating them with the exist-
ing trajectories. This strategy works well for a small number of vehicles, but the
computation cost quickly grows prohibitive in crowded roads and with tracking
duration.

Our main contributions are as follows. We considerably reduce the computa-
tion burden as well as ID missing ratio compared to the original DeepSort track-
ing algorithm by matching the new detection and tracks by group, involving and
approximating only the Mahalanobis distance of the centroid coordinates but
not the size of the bounding boxes. We then, proposed Deep LSTM and Dense
LSTM to detect running red-light violations of the vehicles from the their trajec-
tories. We also found that the Deep LSTM with attention mechanism produces
the best accuracy in our dataset including 108 traffic videos in Vietnam. This is
because the model can learn and keep the most important weights corresponding
to the essential evidences for the violations.

The rest of the paper is as follows. Section 2 reviews related works. Section 3
describes our tracking algorithm named WAYS. Section4 briefly summarize
the rule-based method for violation detection. Section presents in detail our
recurrent-based methods. In Sect. 6, we demonstrate our experimental results
on real dataset. Finally, the last section concludes our works.

2 Related Works

Here we briefly review recent methods that solve the three main sub-tasks of
identification of law violation vehicles: vehicles detection, tracking and traffic
law violation recognition. Although they differ in specific architectures, they are
all trained deep neural networks.

Vehicles Detection: There is a rich set of powerful deep learning techniques
for detecting objects in traffic scene like cars, bikes and drivers. One of the most
used methods is Faster-RCNN [11] which consists of two two-stages. The first
stage employs a Regional Proposal Network (RPN) to regress the rectangular
bounding box of the objects. The second stage is to classify objects in the these
bounding box using a convolutional neural network (CNN). This two-stage strat-
egy is accurate but at the cost of running time due to a high number of proposal
regions. Faster-RCNN can only predict at 5fps using GPU while achieving an
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accuracy of 73.4% and 70.4% mAP on PASCAL VOC 2007 and 2012, respec-
tively with 300 proposals per image.

One-shot techniques avoid the cost by regressing the bounding boxes and pre-
dicting objects at the same time, e.g., those proposed in SSD [7] and YOLO [10].
Here input image is divided into a grid of cells, each of which is mapped to a point of
the feature map resulting from the image via a multi-channel CNN such as Resnet
[3] or VGGNet [12]. Several anchor boxes are proposed to regress a bounding box
as well as to predict the probabilities of objects. With fewer number of proposals,
one-shot models are much faster. Over the years, the accuracy of one-shot meth-
ods has improved. The latest version of YOLO [2] utilizes data augmentation and
achieves an impressive accuracy of 43.5% AP (65.7% AP50) on MS COCO dataset
and a frame rate of 65 fps on GPU Tesla V100.

Vehicles Tracking: Tracking moving vehicles boils down to matching features
extracted from the recognized object bounding boxes to existing trajectories. At
present, there are several powerful online tracking methods including DeepSORT
[16], JDE [15] and DeepMOT [17]. However, feature matching using the default
Hungarian algorithm is expensive for a large number of objects, which is often
the case at busy intersection of the roads.

Recognition of Traffic Law Violation

Very few works have been proposed to automatically reason the traffic violation
of vehicles given that they can be detected and tracked in videos. In [14], the
authors proposed a flowchart for identifying the violation of over speed, of run-
ning over red light, of crossing the line and of retrograde after detecting the stop
lines, the lanes and the traffic lights. They tracked the center of the vehicles and
detected rules violations using certain thresholds. For instance, if the red light is
on and the y-coordinate of the center is greater than a threshold then the vehicle
runs the red light. However, at a high density of traffic, there is a long queue of
vehicles waiting at the stop lines with various values of y-coordinate but none
breaks the rule. Similarly, their flowchart for detecting other violations is not
reasonable. The work in [1] aims to detect the violation of crosswalk at signal,
and of no helmet, but this is also very limited without any explanation to cover
all possible situations in reality.

Due to the complicated traffic situation in Vietnam with majority of motor-
bikes, we propose an comprehensive approach for this issue including vehicle
detection, embedding, tracking and law violation recognition using deep learn-
ing methods.

3 Vehicle Tracking Algorithm

We improved the original DeepSORT tracking algorithm to adapt to the city
traffic as shown in Fig. 1. Our algorithm firstly detects the vehicles and embeds
them. Then, we calculate the Mahalanobis distance as well as the cosine similar-
ity between the newly detected bounding boxes and the ones from the existing
tracks. Finally, our group-based matching algorithm divides the bounding boxes
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Fig. 1. Improved vehicle tracking algorithm

into two groups according their labels. The first group includes cars, trucks and
buses and the second includes motorbikes and bicycles. Since the time complex-
ity of Hungarian algorithm is O(n?) in the worst case for n objects, the matching
within each group will considerably decrease the processing time. For example,
if there are two equal groups, the complexity will be reduced by 4 times.

The matching algorithm is based on a matrix of costs relating to both the
feature and the location of the boxes. The location metric is the squared Maha-
lanobis distance and calculated as

dmahali, j] = (Ij = ma)TCTH (1 — my)

where [; = (z, y, a, h) corresponding to coordinates of the center, aspect ratio and
height of the newly j* detected box, respectively; m; and C; are the mean and
covariance of the previous measurements for the i, track estimated by Kalman
filter. Since we estimate only the future position of the vehicles, dynqane can be
approximated as follows [9]:

2 2
.. v (¥
dmahali, j] = i + é (1)

where [c11, ¢22] is the diagonal of matrix C and v = [v1, v2] = [; —m,. As shown in
[9], this approximation can decrease the processing time without loss of accuracy.

Given the embedding e} of the jt" detected bounding box with detected label
L7 of the group L, and the embedding of the it" track at the age of k with the
label L;?, the cosine distance between them is:
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The new detection is admissible to the track if the following condition holds
b = (dmaha < tmaha)&(demped < temped) for pre-defined thresholds ¢,,qn, and
tembed-
Input
A group of labels: L ;
Tracking IDs: Track IDs={1,..,N} ;
Detected Bounding Box IDs including their labels: Box IDs={1,..,.M} ;
Age of tracks A: ={1,..,.K} ;
Output:
Matched = {(i,j)}, i € 1, N,j € 1, M and
Unmatched= {j, (j € Box_IDs)&(j ¢ Matched) }

DL — {dmaha[ivj]}NZ]w Eq lonL ;

1 maha

2 DL — {dempeali, 511V M Eq. 2 on L ;

3 Matched « 0 ;

4 Box_IDs_L «— {j € Box_IDs|(Label(j) € L)} ;
5 Unmatched «— Box_IDs_L ;

6 fork=1;, k< K; k++ do

7 TrackIDs k_L — {i € Track_IDs|(A(i) = k)&(Label(i) € L)} ;
8 for i € Track_IDs_k_L do

9 dembed[iaj*] =0 5
10 for j € Unmatched do
11 if (dempeali, j¥] < DL, _,li,j]) then
12 dembed[i,j*] = Démbed[ivj] ;
13 =7
14 end
15 end
16 if (dembed[iuj*] < tembed)&(DyLnaha [27]*} < tmaha) then
17 Matched — Matched U {(i, j*)} ;

18 Unmatched — Unmatched \ {j*} ;
19 end
20 end
21 end

Algorithm 1: Group-based Tracking Algorithm

The group-based matching algorithm works as follows (see Algorithm 1 for
pseudo-code). The input consists of the group of labels L, a list of track indices
Track_I Ds including their corresponding ages A and labels, a list of detected
bounding boxes with their labels. The output of the algorithm will be a set of
matching (4, j) between the iy, track and the j;, detected bounding box and a
set of unmatched detected boxes. From line 1 to line 5, we compute the matrices
of cosine similarity and of Mahalanobis distance between the detected bounding
boxes and the tracks of all ages of which their labels belong to L. From line 6 to
21, we iterate over the tracks from the youngest to the oldest ones. For a given
track i, we find a 7 among M detected bounding boxes in the same label group
so that the cosine distance between 7 and j is minimal. If the cosine distance and
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the corresponding Mahalanobis distance between them are small enough then
the matching is admissible. Otherwise, it is rejected.

The above tracking algorithm can produces accurate vehicle’ states including
their identity, label, four coordinates of their bounding box as well as the frame’s
sequential number during a time interval with the same traffic light (i.e. red,
green or yellow). These are then used for red-light running violations of the
vehicles.

4 Rule-Based Method

Red light Wrong lane
Violation Check Violation Check

Go
Straight

Riaht Direction line

(Go out of frame)

Roundabout

raffic ligh' o
. ’ Stopping line

Lane S Lane R

4'4

Fig. 2. The violation detection’s diagram. Six states of vehicles are: 0: initial state, 1:
under red line, 2: cross line, 3: over red line, S: straight, R: right. (Color figure online)

pavement

Based on a simple diagram, we can apply the rule of red-light running violation
at an typical intersection: if a vehicle runs over the stop line while the red-light
is on then it is violated. The violation detection’s state transition diagram is
therefore shown in Fig.2. At a typical cross-road, a camera is configured to
monitor one traffic flow as well as the corresponding red light signals. There is
an additional green arrow light permitting vehicles to turn right even if the red
light is on. The road thus has two or more lanes: lane S for going straight forward
and lane R for turning right. A stopping line and a direction line are drawn to
determine the states of the vehicles. Six possible states of a moving vehicle on
the intersection are defined as follows:
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0: the initial state when the vehicle is detected and tracked.

— 1: the state denotes whether the vehicle enters the region under the red line
in lane S or R.

— 2: the state indicates whether the vehicle crosses the stopping line in lane S
or R.

— 3: the state lets us know that the vehicle has entered the violation region if

the red light is on.

S': the state notifies that the vehicle is going straight, and

— R: this state indicates that the vehicle is turning right.

Based on the final states (S, R) and the passing ones (0, 1, 2, 3), we can decide
whether the vehicle violates the traffic laws. If a vehicle is at the final state .S
while the red light is on then a running a red light violation is detected. In case
the vehicle is currently at R and it has been detected passing the lane S then a
wrong lane violation is recognized.

The rule-based method can work fast in real time deployment. However, due
to the limited and fixed states, violations can be missed in cases of occlusion or
truncation. We, therefore, propose recurrent-based methods which use recurrent
neural networks to learn the violation from all the perceived time-series states
of the vehicles.

5 Recurrent-Based Methods

Using recurrent neural networks, our recurrent-based methods can take as input
a sequential data of every vehicles’ states. The networks are mainly based on
the Long-Short-Term-Memory (LSTM) thanks to their ability of learning long
sequence.

5.1 Long Short Term Memory (LSTM)

LSTM [4] are improved recurrent neural networks (RNN) which can mitigate

exploding and vanishing gradients with three interactive gates instead of one as

in Fig.3. These are the forget gate (f), the input modulated gate (i) and the

output gate (0). As in original RNN, the z input is a sequence and h and ¢

are the hidden and cell states, respectively. The forget gate decides whether the

states are memorized or not aiming to save memory for important information.
In detail, the gates function as the following formula

fi=0Usxi +Wyrhi_1 + by)

it = o(Uxs + Wihe—1 + b;)

ot = 0(Upxt + Wohi—1 + bo)

¢ = tanh(U.xy + Wehi—1 + be)
¢t = frei—1 +i4Cr1

ht = os tanh(cy)
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Fig. 3. Long short term memory

where Uy, U;, Uy, Ue, W, W;, W, W, are the weight matrices and tanh is the
activation function. In fact, the early and strong LSTM works similarly to the
skip connection used in recent ResNet [3] network to avoid vanishing gradient
in deep networks. However, the attention mechanism results in wider networks
instead of deep ones.

5.2 Attention Layer

Recently, the attention layer [13] can keep important weights of the network and
therefore considerably reduce the size of the network. As shown in Fig.4, the
inputs of this attention layer are the hidden vectors hq, ho, . .., hy, and the context
¢ from the previous LSTM layer. The layer returns a vector z summarizing all
hidden states that are relevant to context ¢ as in the following equations.

m; = tanh(Wh; + Uc+b)
pi = softmaz(<v,m;>)

z= Zpihi

where W, H are the weight matrices corresponding to the input h;, c and v is the
learnable weight of h;.

Inspired from LSTM and the attention mechanism, we build two robust net-
works for classification of input sequences representing the consecutive states of
the vehicles while the red-light is on or off.
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5.3 Deep LSTM with Attention Mechanism

The Deep LSTM model (Fig.5) contains three stacked LSTM layers, followed
by an attention layer. The use of LSTM cells instead of RNN cells mitigates
some of the exploding and vanishing gradient problems. However, LSTM is still
struggling with longer sequences in the training data. Combine the output from
LSTM layers with the attention mechanism helps the model focus on the more
important information in the sequence, thus creating a more powerful and robust
model.

The input for the model has size (B, N, D), where batch size B = 64, a
fixed sequence length N = 147 (consecutive frames), and D = 4 represents the
upper left /lower right coordinates of the bounding box. The Deep-LSTM module
contains three stacked LSTM layers with hidden states h and cell states c of size
100 for each layer. The attention mechanism takes in both cell state ¢ and hidden
states h from the last LSTM layer and outputs a 128-dimension vector z. z is
then passed through a classification layer with two nodes, representing if the
vehicle ran red light or not.

5.4 Dense LSTM with CNN1D Method

Our Dense LSTM (Fig. 6) consists of 8 LSTM layers which are densely connected.
This is inspired from Densenet [5] which establishes skip connections from any
layer to all of its later ones to avoid vanishing gradient. Dense LSTM are therefore
fast converged and really robust. We also add a CNN1D and max pooling layers
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Fig. 5. Deep LSTM with attention mechanism model

to Dense LSTM so that the output can aggregate features from all LSTM layers.
Usually, CNN (Convolutional Neural Networks) are used for feature extraction
of images. However, one-dimensional CNN (CNN1D) [6] are really efficient for
sequential input such as time series, text and speech.

The model has inputs similar to the Dense LSTM model in Sect. 5.3. Both
hidden state h and cell state ¢ have the size of 256 in each LSTM cell. Con-
catenating the hidden states h from 8 LSTM layers results in a tensor of size
(B,2048, N). The convolution filter in the CNN1D layer has the filter size of 3,
padding = 1 and stride = 1. The CNN1D layer takes this tensor in as input
and produces an output tensor of size (B, 128, N). The max pooling layer then
reduces the feature map size to (B,128,1), and fully connects with a 2-neuron
classification layer.

6 Experiments

6.1 Dataset

The traffic dataset is captured from three intersections, consists of 105 videos in
the training set and 14 videos in the test set. Each video was taken from one of
three surveillance cameras in Vietnam, has a resolution of 2560 x 1980 px, with a
length of approximately 15s, and a sampling rate of 10 frames per second. Each
video also has a list of vehicle ids and their bounding boxes location across the
frames resulted from the above vehicle tracking algorithm.

After filtering to get vehicles that go forward in the videos, the valid samples
are labeled as violating (True) or not violating (False) the traffic light. The
dataset statistics is shown in Table 1. The bounding boxes are normalized, and
the bounding box list for each sample is zero-padded to have the same sequence
length N = 147 before being taken as input for the models.
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Fig. 6. Dense LSTM with CNN1D model

Table 1. Traffic dataset statistics

Vehicle counts | Violate | Not violate
Train | 1315 628 687
Test 254 44 210

6.2 Evaluation Metrics

The main evaluation metrics for detecting traffic violations is F1-score. F1-score
is the harmonic mean of Precision and Recall metrics, where Precision summa-
rizes the exactness of the model and Recall represents the completeness of the
predictions.

Precision — TP
recitsion = TP+FP
TP
fecall = 75 FN

Precision x Recall

Fl1=2
¥ Precision + Recall

where TP = True Positive, F'P = False Positive, FFN = False Negative.
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6.3 Results

After training the Dense LSTM with cross validation of 100 epochs on GPU K8
(8G), we achieved the curves as shown in Fig. 7. The curves show that the model
fit very well to the training and validation dataset. We also found similar curves
with Deep LSTM. The accuracy of the models is demonstrated in the Table 2.
The test precision, recall and fl-score indicate that Dense LSTM with CNN1D
exhibits better accuracy than pure LSTM pure LSTM with CNN1D and LSTM
with skip connections (Dense LSTM). These are all 98.63%. However, Deep
LSTM with Attention Layer expresses the best among all with the precision,
recall and fl-score are of 98.85%, 100% and 99.33%, respectively. This is because
the model is optimized both in depth and width. We notice that the rule-based
method can not detect red-light running violations in which the vehicles do not
reach the states S or R. This accounts about 3% in our dataset.

Training and Validation F1

val_fold_0
train_fold_0
val_fold_1
train_fold_1
val_fold_2
train_fold_2
val_fold 3
~—— ftrain_fold_3
val_fold_4
train_fold_4

S
~

F1_score

(=]
o

1]

0 2 @ &0 &
Epochs

Fig. 7. Training and validation curves of the Dense LSTM with CNN1D

Table 2. Violation detection models results

Model Test precision | Test recall | Test F'1
LSTM 0.8699 0.9439 0.9004
Dense LSTM (LSTM + Skip connections) | 0.9420 0.9654 0.9531
LSTM + CNN1D 0.9455 0.9767 0.9602
Dense LSTM + CNN1D 0.9863 0.9863 0.9863
Deep LSTM + Attention 0.9885 1.0000 0.9933

6.4 Performance

In Figs.8 and 9, we demonstrate the time improved by Mahalanobis distance
approximation and cosine distance calculation by group in our tracking algorithm
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compared to the original one on a traffic video of ten minute long captured at
an intersection of roads. The x-axis denotes the number of calculations and the
y-axis is the total processing time for matching (in seconds) of WAYS and the
original DeepSORT. We notice that, in this case, DeepSORT and WAYS are
all configured with nn_budget of 100. From the figures, we find that the time
of calculations of Mahalanobis distance and of cosine distance can be saved
by nearly 60% and 30%, respectively. Moreover, the time for cosine distance
calculation always accounts for nearly 99% of the total matching time. Thus,
this shows valuable improvements of the proposed matching algorithm.

. Processing Time of SORT and WAYS - Processing Time of SORT and WAYS
| -+ sorr =+= SORT

- WAYS —+- WAYS

. P =l

Time Processing (seconds)
&
Time Processing (seconds)
5 G
g 2
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Number of Mahalanobis distance calculations Number of Cosine distance calculations

Fig. 8. Matching time due to Maha- Fig. 9. Matching time due to cosine
lanobis distance calculations. distance calculations.

7 Conclusion and Perspectives

In this paper, we address the recognition of red light running violations of vehicles
in traffic videos using deep learning networks. We improved the traditional Deep-
Sort for 30% faster tracking. Our tracking methods with group-based matching
resulted in accurate sequences of states for corresponding vehicles in video. Our
classifier of sequences combine LSTM and attention achieved 99.33% of fl-score
which higher than the rule-based method thanks to its deep and wide optimiza-
tion. In the future, we continue apply our classifier for more classes such as
reverse direction, stopping and wrong lane violations of the vehicles.
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