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Abstract

The paper proposes an efficient method for training a neural network to count moving objects in a video, while another neural
network concurrently prepares a labeled dataset for the first one. The detection, tracking, and counting of objects is crucial for
effective Intelligence Transportation Systems (ITS), which should reduce congestion and recognize traffic offenders on highways
and in urban areas. Creation of labeled data for training a neural network is one of the essential prerequisites for successful
application of supervised machine learning. In this paper, the experimental results of the automatic labeling and counting of
vehicles under real world conditions are shown. The method shows that by using the Convolutional Neural Network (CNN), the
computing power and speed-up time for training a Recurrent Neural Network (RNN) with a Long Short-Term Memory (LSTM)
cell for counting moving objects can be decreased.
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1. Introduction

It is estimated that there will be 2 billion motor vehicles on the roads by 2030 [1]. Such a large number of
vehicles raises concerns about how to ensure security and safety on highways and streets. Therefore, smart control
systems and comprehensive traffic management will be the solution to deal with this large increase of vehicles.
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Security and safety on roads or streets will be dependent on a computer vision that includes smart observation
systems. One of the main challenges for such systems will be to recognize vehicles in significant motion [2]. To
solve this and other problems in detecting, and tracking objects, is what the Intelligent Transportation Systems (ITS)
offers. Object detection is an area in computer vision that is emerging very fast. New algorithms, models and a deep
learning approach outperform previous methods. Recently, there has been an accumulation of pre-trained models for
object detection, e.g. YOLO [3]. Thus, there is no real problem in detecting an object in an image or a video.
Today, the problem is, how to carry this out in a more effective and efficient way. The challenge is how to construct
algorithms and models, which consume less computing time and memory, energy, as well as financial resources. It
is not a secret that companies which have been involved in object detection have been looking, on the one hand, for
inexpensive solutions, which can be carried out on standard computers and cameras, but, on the other hand, which
should provide a high level of confidence.

2. Application domains of vehicle detection

Advancements in computer vision, deep neural networks and video technologies, together with the increase of
vehicles in urban areas and on roads, provide interest in the ITS. These systems are designed to efficiently organize
traffic, including traffic control centers, tracking and detection. The last one, object detection, is a salient approach
in many domains, such as surveillance, robotics, human defense, retrieval, logistics, etc. [4]. This process involves
the object detection ranging from vehicle detection to tracking people or animals in specific areas. Most recently,
another crucial application for research is the detection of external environment objects by self-driving cars or flying
drones’ cameras. In particular, this should be done for the safety of pedestrians on the streets, in public shows and
sport events. Due to the increasing availability of images from video and sensors, providing further enhancement of
data proceedings and analytics, and the establishment of powerful deep learning algorithms, today's object detection
can be fast and effective. Despite the introduction of a new technologies and models in object detection, there are
still many factors that can have an influence and that must to be considered when creating intelligent an object
detection system, such as object occlusions, background clutter, camera placement and illumination changes [5].
This is not a complete list; there are other influential factors which can have a substantial impression on object
detection, e.g. the rotation invariance, inter-class and intra-class variation, and multi-pose object detection [6]. Based
on the above mentioned, object detection is a core problem in computer vision for the vehicle detection in the ITS.
Moreover, vehicle detection is an important branch of image processing studies.

The exploration of vehicle detection is mainly divided into motion-estimation-based techniques and appearance-
based techniques [5]. Motion-based-techniques includes: background subtraction method [7, 8], interframe
difference method [9], Gaussian scale mixture method [10], optical flow estimation method [11], median filter
method [12], and Kalman filter method [13]. Background subtraction is the most popular approach for vehicle
detection tasks using a static camera. In this method, the background is subtracted from a current frame of the video
to get foreground blobs that corresponds to the moving vehicles [2]. Generally, in the background-based method the
object of detection is distinguished from the background by certain parameters, e.g. color or intensity of the pixels.
The focus of appearance-based techniques is based on the detection algorithm which detects and classifies the
vehicle target in the actual traffic video or picture. Its main difficulty lies in the video frame or picture of the vehicle
target, which will change due to lighting, angle of view, the interior of the vehicle and other changes, as well as the
characteristics of different types of vehicles. Appearance-based techniques include: the feature-based method [14],
the part-based model method [15] the Scale-Invariant Feature Transform (SVIF) [16], the Speed Up Robust Feature
(SURF) [17], the Gradient Location and the Orientation Histogram (GLOH) [18]. Alongside with these techniques,
several virtual detections line-based (VDL) methods have been proposed for counting vehicles that pass a so called a
virtual line of the frame of a video [2].

The breakthrough and rapid adoption of deep learning in 2012, viz. powerful Graphical Processing Units (GPU)
and availability of large datasets, brought into existence state-of-the-art and high accurate object detection
algorithms and methods, mainly accomplished by the convolutional neural network (CNN) based approaches. For
instance, R-CNN [19], Fast-RCNN [20], Faster-RCNN [21], Mask R-CNN [22] and fast yet highly accurate ones
like SSD [23] and YOLO [3, 24, 25]. As was mentioned before, CNNs are the main building block for most of the
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object detection tasks. In deep CNN, object detection is reframed as a single regression problem from image pixels
to bounding box coordinates. Vehicle detection has been associated as the problem of sequence modeling.

Recurrent Neural Network (RNN), especially with Long Short-Term Memory (LSTM) cell, has recently been
applied in the sequence modeling tasks, such as video capturing [26] and speech recognition [27], and human
motion prediction [28]. Based on the assessment of existing approaches, the goal of vehicle detection and their
counting is to develop a compliant method for detection of moving object where data labeling for training should be
realized automatically. Therefore, we could use our understanding of theses varieties to connect the deep neural
network and object detection technique together with the right solution for automatic data labeling for the counting
moving objects.

3. Deep convolutional neural networks

To create an intelligent object counting system, first we need to detect and classify the moving object. Object
detection refers to the capability of computers and software systems to locate objects in an image and identify each
object, e.g. vehicles, pedestrians, etc. Deep CNNs have been widely used for image classification, object
classification, localization, and object detection [29]. Layered architecture of CNN, consisting of pooling layers,
feature maps, and fully connecting layers, can describe the actions and relationships to objects according to image
context [7, 30]. The object detection and localization tasks can be trained by using ImageNet dataset [31], but the
MS COCO dataset for the image captioning tasks [32].

There are several traditional detection and localization systems. Systems like deformable parts models (DPM) [20]
use a sliding window approach where the classifier is run at evenly spaced locations over the entire image. Although,
this approach is recognized as a standard, there are two main caveats. First, it requires a lot of computing power
which leads to expensive computing. Second, the bounding boxes do not match high accuracy, especially when the
object is not rectangular. A faster and more accurate convolution has been realized by using the idea to divide the
image into multiple grids. This approach detects the objects straight from image pixels to bounding box coordinates
and class probabilities. The network uses features from the entire image to predict each bounding box [24, 25].
Briefly, the algorithm is as follows. The input image has been split into £ x £ number of grids. The output vector will
be of length £ x k£ x (¢ +5), where c is the number of unique objects in our data. If the centroid of an object falls into
a grid, that grid cell is responsible for detecting that object. This is an important feature so as not to allow the
counting of one object multiple times in different grids. Each bounding box consists of 5 predictions: x, y, w, A, and
confidence. The x, y coordinates represents the center of the box relative to the bounds of the grid cell. The width
and height are predicted relative to the whole image. Finally, the confidence prediction represents the intersection
over union (IOU) between the predicted box and any ground truth box. The confidence is defined as Pr(Object) *
I ouzgzggh [3, 24]. These confidence scores reflect how confident the model is that the box contains an object and
also how accurate it thinks its predicted the box is. If no object exists in that cell, the confidence score should be
zero. Each grid cell also predicts C conditional class probabilities, Pr(Class;|Object) 3, 24].

More recent approaches can be undertaken, such as a detection method with a sequential Monte Carlo (SMC)
filter to automatically select samples associated with the right label by using a faster R-CNN detector [21] or a co-
occurrence matrix to extract features can be undertaken [33].

4. Recurrent neural network with long short-term memory
When the objects have been detected and classified, the next step is vehicle counting, to create an adaptable
automatic data labeling approach. For this purpose, the RNN-LSTM neural network has been used.

The RNN processes information from the current input vector x(® by incorporating it into the state h(®) that is
passed forward through time to current output ®.

h(t) = gh(VVihx(t) + Whhh(t_l) + bh) (1)
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As we are not using the deep RNN, the stack of recurrently connected layers N is 1 and the architecture reduces
to a simple next step prediction.

hgt) = gh(VVihlx(t) + Whlhlhgt_l) + bhl)' (2)

Where the W terms denote weight metrices, the b terms denote bias vectors, and g, is a hidden layer vector or
activation function. The output space is computed as follows:

y\(t) = by + 211;] Whyh(t)- 3)

Therefore, RNN defines a function, parametrized by the weight matrices, from input histories x.; to output
vectors 9§ [34].

The gradient of error between the predicted output y and the correct result y can be backpropagated through time
as described in [35]. Nevertheless, the vanishing and exploding problem for RNNs has existed. This was
independently discovered by separate researchers. One of often used solutions in practical applications is gated
RNNs that have derivatives that neither vanish nor explode [36]. This means that the network accumulates
information over a long duration. Once that information has been used, the network forgets the old state. It has been
found that the LSTM architecture, which uses purpose based purpose-built memory cells to store information, is
better at finding and exploiting long range dependencies in the data [37]. The LSTM math composite function are:

i® = g(Wyx® + Wy h®D + WD + b)), 4)
o® = o‘(W;mx(t) + WiohED + W, c®© + bo). S
FO = o(Wyepx® + Wy th@D 4 WD 4 b)), (6)
c® = fFOCED 4 i Otan A(Wpex® + Wy, kD + b,). Q)
h® = 0®tanh(c®). (8)

Where i, o, f, and c are respectively the input gate, output gate, forget gate, internal cell input activation vectors,
all of which are the same size as the hidden vector, o is the logistic sigmoid function. The subscript ¢ indicates the ¢-
th step in LSTM. x® denotes the input data. h© stands for hidden state. The input gate, output gate, and forget
gate receive the current input vectors x( and h*~1 as inputs. The input node sums all its inputs and uses nonlinear
function for an activation value. This value is multiplied by the activation from the input gate i), which may be 0
or 1. The input gate decides if the input nodes output is propagated to internal cell ¢(®. This cell has a recurrent edge
to itself with weight value 1, which allows the unimpeded propagation of error through time. The forget gate £
triggers the deletion of the internal state (. The output gate 0 decides if the output of LSTM is propagated
further [31]. The LSTM) can be mathematically defined by equations (4-8).

5. Data labeling modes

Data labeling is a vital stage of data preprocessing in supervised learning. Each mistake or inaccuracy in this
process can negatively affect a dataset’s quality. Moreover, the overall performance of a predictive model can be
destroyed and lead to misinterpretation. Having this in mind, the ground truth in the object detection problem is that
we need such an algorithm that could label the discrete data. There are three options to label the data: manual
labeling, semi-automatic labeling, and automatic labeling. To choose the right option one must take into
consideration the type of data. Data like vehicle image, voice and text are usually labeled by labor pools. This means
there are two choices to do this: first, outsourcing it or, second, annotating label images internally by yourself, i.e.
set up a data labeling team. Today there is a trend to arrange and organize the data in a more cutting-edge labeling
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process, i.e to set upon on some features that can make the data labeling semi-automatic or to delegate this task
automatically to machines. R. Kadikis [38] declared three modes of data labeling for vehicle detection in computer
vision. The first mode, the output label corresponds to the number of objects on the VDL. The second labeling mode
codes how many objects had left the line at the current frame. Finally, the third labeling mode is a combination of
the two previous ones. For advantages and disadvantages of all data labeling modes see Table 1.

Table 1. Comparison of data labeling modes.

Data Labeling Mode Advantage Disadvantage
1.The output label corresponds to the Easy recognition of the first entering moving  Two or more closely following objects might
number of moving objects on the VDL in a object in a frame. create a sequence of label (1,1, ..., 1).
frame. The objects are overlapping.
2. The output label corresponds to how many  Allowing detecting and counting the The labeled dataset is unbalanced since in
objects had left the VDL in a frame. unambiguous object that fully crossed the many practical applications most of the

line. labels are zero.

Easy to manually label the training data
since labeler only needs to add one per
object, not per every frame.

3.The output label corresponds to how many ~ The human labeler only marks the frames The human labeling is tedious and time
moving objects have left VDL in the last &2  where the objects have left the detection line.  consuming.
frames.

Obviously, to create a valuable and precise vehicle counting system, a fine-grained vehicle classification of the
image dataset is necessary [39] . Next, the current process of data preparation is not only painstaking but is
susceptible to errors as it is done manually. Finally, labelling outstanding accuracy, setup time and speed are those
factors that must be considered for training data sets. Having taken the above into account, we propose an approach
that belongs to the automation of the data labeling process using one neural network which must diagnose by itself
the right data labeling for training another neural network.

6. Automatic data labeling for vehicle detection

Our network architecture is inspired by the YOLO model for image detection and the RNN-LSTM. We use the
YOLO neural network for image classification and recognition of the bounding boxes in video. The YOLO network
consists of 24 convolutional layers followed by 2 fully connected layers. In our experiment we have used the video
data from a surveillance camera which acquires approximately 8 FPS, resolution 640 x 480. For automatic labeling,
the video stream was preprocessed, downloaded and stored in a 2 minute long video. Next, the position and length
of VDL in frames of the video must be defined. The VDL is a line whose position is usually perpendicular to the
motion of the vehicles and is independent of the frames. The aim of such a line is to detect the moving objects that
cross it. Fig.2 depicts the virtual detection line in the example frames. The unlabeled videos of vehicles which
arrived in or drove out from the parking lot were acquired from open streaming security cameras. Fig.1 shows
example frames.

Galugna iebrauktuve Galvena iebrauktuve

23-11-2017 Thu 12:37:58 23-11-2017 Thu 13:20:19 23-11-2017 Thu 12:35:59

Fig. 1. (a) Video frame without vehicle; (b) Video frame with one vehicle on VDL; (¢) Video frame with two vehicles on VDL.
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The detector line is # pixels long and one-pixel high line. To improve the efficiency only one-line pixels are
processed, while the rest of the frame is not. This is the main advantage of our proposed approach, which definitely
gives economy of time and resources during the automatic data labeling process. In the practical application, it is
crucial for the moving objects to be correctly counted (output of the RNN-LSTM) to determine the localization of
the bounding box in the grid cell. For this purpose, we used the YOLO network. Fig.2 shows the pattern of the
bounding box in a 2D coordinate system for automatic data labeling.

0,0 Xk

¥1 T N Galuena iebrauktuve
Ay 1 X

T Gridk
7 il VDL

- )

Vi~ I [

|
Ay I

\ .
¥2 i1
Bw 23-11-2017 Thu 13:21:34

Fig. 2. (a) Scheme of the bounding box for automatic data labeling; (b) Video frame with two people on VDL.

For instance, we have a bounding box B,, x B, provided by YOLO whose centroid is in £ grid. VDL is as a pixel
line determined and located as y;. The lower and upper and positions of the bounding box on y axes are denoted y;
and y, respectively. With Ay we have defined the region of not detection of the bounding box. Therefore, the
automatic data labeling (vehicle) can be considered according to equation (8).

Data labeling = y, — Ay < y; < y, + Ay, C)

where
Ay =0,1B, (10)
The total time of the automatic data labeling with YOLO was 318 minutes, during which 366 vehicles were
counted. The reason for providing conditions according to equation (10) is to decrease the error rate by 20%. To
realize vehicle the vehicle counting function data after the automatic data labeling processes are forwarded to the

input of the RNN-LSTM neural network, see Fig. 3.

TENSOR OF OUTPUT

INPUT IMAGE FRAME CONVOLUTION + ReLU  POOLING PREDICTION  CLASSIFICATION
CAR
| | BUS
TRUCK
R | A N x?
— ™ o —» :
PIXELS F, LSTM F,
E _’0
C? 1
X 2
. . L] .
. L L] L]
\_/ @ —*n
INPUT % @ %@ OUTPUT COUNTING

Fig. 3. Topology of CNN and RNN-LSMT assemble for the automatic data labeling and counting.

The first layer of the network is a fully connected layer which is a vector consisting of a line of pixels y;. In our
experiment there were 100 neurons plus bias. For the activation function of the fully connected layer we used ReLU.
This means we have got the output a vector A = ReLU Wy, (x® + b,) after the first fully connected layer. This
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vector has been forwarded to the LSTM layer. The number of neurons is the same 100. The LSTM internal memory
allows the network to identify if there is an object or objects on the VDL. Additionally, it gives an impression the
direction in which the line is crossed and whether there are some objects on the detection line. The output layer of
the RNN-LSTM network is a fully connected layer with a softmax function. In our experiment the number of output
neurons corresponded to 10. This number represents 10 possible output classes for each input vector x(©. Sparse
coding has shown how many vehicles are on the VDL. The proposed object detection and data labeling methods
were implemented in Python 3. The TensorFlow framework was used for implementation and training of the RNN-
LSTM network.

7. Conclusions

The main contribution is that we have solved the problem of how to smartly and efficiently generate data labels
automatically for one neural network using another neural network. The proposed approach has been tested using
two different neural network architectures: the convolution neural network and the recurrent neural network with
long short-term memory cells. The economy and efficiency of this system comes from using one virtual detector line
instead of the whole frame, which makes the proposed approach scalable for such applications as Intelligent
Transportation Systems. As shown by the test, this approach can substantially decrease the training time for the
RNN-LSMT network. There is no need for manual data labeling and does not involve the human resources.

Further research would be consisting of investigating the accuracy of the proposed automatic data labeling when
the detection line is quite close to the upper and lower areas of the bounding box. Another area of research would be
the use of smoothing filters for automatic data labeling. In the future, YOLO can be replaced by more precise
networks that already exist to further improve the quality of training data. The proposed labeling method allows
researchers or practitioners to obtain the necessary training and testing data much faster compared with the manual
or semi-manual labeling methods. Furthermore, it can be used get data labels for other tasks, for example, counting
or inspecting objects in robotics.
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