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ABSTRACT:

Scene classification of remote sensing images is a hot research field because of its wide range of applications. It aims to
quickly and accurately identify and locate many objects of predefined categories in a given image scene. Here we use
predefined and custom models to recognize an image scene from a given video stream and image. This article details
representative algorithmsfor each step. It then introduces public and specific datasets commonly used for target detection,
and analyzes and compares various representative algorithms in this area. Finally, potential target acquisition issues are
considered.
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1.INTRODUCTION

The process of recognizing objects from images and images is called object recognition. This computer vision technology
allows autonomous vehicles to classify and detect objects in real time [13]. Autonomous vehicles are vehicles capable of
sensing and reacting to their surroundings in order to navigate without human assistance or input [14]. Object detection
and recognition is considered one of the most important tasks as it helps vehicles to detect obstacles and set the
vehicle's future path [14]. Therefore, the object detection algorithm must be very accurate. There are many machine
learning and deep learning algorithms for object detection and recognition, such as Support Vector Machine (SVM),
Convolutional Neural Networks (CNN), Regional Convolutional Neural Networks (RCNN), You Only Look Once Model
(YOLO), etc. because real-time object detection and recognition is required, choosing the right autonomous driving
algorithm is critical. Since machines cannot instantly detect objects in images like humans, algorithms must detect
objects quickly, accurately and in real time [8], so that the vehicle controller can solve optimization problems at a rate of
at least one per second [14].

This paper is part of a joint project between the BTH Project Development Lab and Volvo CE. The maingoal of this
project is to teach the model to recognize three types of small vehicles as shown in Figure 3:dump trucks, excavators
and wheel loaders. 1.1, Fig.

1.2 and Fig. Interaction with cars, intelligent car navigation systems that include autonomous driving,are cheaper and
easier to innovate at scale and radically and bring them into the real world. Section of the scale shown of a real
construction/dig site Construction vehicles and construction site environments are very different from urban traffic
environments, and both serve a unique purpose. Autonomous construction vehicles are innovative in that they solve the
problem of labor shortages and can complete tasks over long periods of time with minimal errors. The way construction
vehicles learn is the same as conventional vehicles such as automobiles, but when it comes to autonomous driving,
construction vehicles have theirown set of challenges because the environment (construction site and earthworks) and
driving conditions are different from those of automobiles or other vehicles. In addition, the characteristics and purpose
of construction machines are different fromthose of conventional vehicles.

Therefore, as very little research has been done in this field, studies should be conducted to evaluate current deep learning
models and to determine the best deep learning models for object detection and tracking in construction/excavation
environments. research. , go ona date. This paper discusses a state-of-the-art neuralnetwork suitable for real-time object
recognition and evaluates its performance on large construction vehicle datasets. Chapter 2 of this report also presents the
background and related work related to neural networks, as well as the related work previously performed by other
authors in the field of object detection using neural networks. discusses the research questions formulated for this paper
and the researchmethodology chosen to answer them. Details on literature review

2.LITERATURE SURVEY

Machine learning is one of the applications of artificial intelligence (Al) that enables computers to learn and perform
tasks on their own without human intervention [15]. There are many applications of machine learning algorithms in the
field of computer vision. With thehelp of machine learning, you can easily set up the mostdifficult problems. Various
computer programs previously programmed by humans, sometimes by hand, are now programmed without human
intervention using machine learning [16]. In recent years, due to the availability of vast data sources and the power of
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computing resources, machine learning has dominated with a wide range of applications in our daily life. Supervised
Learning Supervised learning is considered the most rudimentary class of machine learning algorithms. As the name
suggests, these algorithms require direct control [17]. In this type of training, human-labeled or annotated data is fed to
the algorithm.

This data includes the class and location of the object ofinterest.

In the end, the algorithm learns from the annotated data and, upon completion, predicts the annotation of new data
previously unknown to the algorithm. Unsupervised Learning . In unsupervised learning, an algorithm attempts to learn
and identify useful properties of a class from given annotation data withouthuman assistance or intervention [18]. A
priori algorithms,Kmeans clustering, etc. are some of the common unsupervised learning algorithms. Reinforcement
Learning In this type of learning, the machine can continuously learn by trial and error. As a result, machines learn from
past experiences and try to obtain the best knowledge they can accurately predict [18]. Markov decision-making
process,Qlearning, parallax, etc. It is one of the examples of reinforcement learning [17].

Artificial neural networks are a popular type of supervised learning model. A special case of neural networks called
Convolutional Neural Networks(CNNs) is the focus of this paper. The name "artificial neural network" was given to this
model because it was designed to mimic the neural functions of the human brain. Artificial neural networks consist of a
series of interconnected neurons that are grouped into layers to reproduce the neural functions of our brain [19].

Neurons in artificial neural networks, like neurons in the human brain, function as computational units (see Figure 2.1).
Connections between neurons are known as“synapses”, which are just weights [20]. Therefore, in simple terms, when an
input value is input to a neuron (x1, x2, ...,xn), it passes through the synapse and the value of the synapse is weighted
(wl, w2, ..., wn), as shown in Figure 2.Then the error "b" is added to thesum of these values..

BN
=

n

input
output

synapses

Fig 1:Neural Network

3.SYSTEM ARCHITECTURE

Using shared convolutional layers, region proposals require very little computational overhead. Computing domain
proposals in CNNs have the added advantage that they can be implemented on GPUs. Traditional ROI generation
methods, such as selective search, are implemented using CPUs. To work with different shapes and sizes of detection
windows, this methoduses special anchor blocks instead of pyramids of scaled images or pyramids of filters of different
sizes. Anchor blocks serve as anchor points for proposals of different regions clustered in the same pixel. Architecture
diagram of Faster RCNN shown in thetrained network takes one image as input. In this case, the Feature Network is the
image classification network, VGG.

A typical fully convolutional layer of this network produces a good feature map from the input image while maintaining
the size and structure of the original image at the output of this network. The resulting functional map is provided to the
Regional Proposal Network (RPN). Here, a set of bounding boxes is created using a mechanism called anchor boxes.
Anchors are just pixels present in an object's image. Typically for each anchor, 9 blocks of different shapes and sizes are
created with an anchor in the center. This layer is included in the classification (detection) layer and the bounding box
regression layer. NMS (Non- Maximum Suppression) is applied to reduce the number of blocks by removing blocks
overlapping other high- scoring blocks according to the probability of including objects. These probability estimates are
later normalized using theSoftMax function. The resulting bounding box (ROI) is passed along with the output of the
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functional network to the search network. As the resulting feature maps may have different sizes, an ROIpool layer is
introduced to crop the features and scale them to 14 x 14. These features are later pooled 7 x 7 and sent as packets to the
discovery network. In Figure

you can see the classification layer and the bounding box regression layer, as well as a pair ofcumulative shared fully
connected layers. The result of this network is the creation of finite classes and their bounding boxes.
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Fig 2: System Architecture
TINYYOLOV3 TinyYOLOV3 is a reduced and simplified version of YOLOv3. TinyYOLOv3 has significantly fewer
layers compared to YOLOV3, but given the high frame rate, the accuracy of the model is almost equal to that of its larger
counterpart. TinyYOLOV3 consists of 13 convolutional layers and 8 max full layers, requiring minimal memory to
run,which is much less than YOLOV3's. The main difference between YOLOvV3 and Tiny YOLOV3 is that the former is
designed to detect three different scale objects whereas the latter can only detect two different scale objects. Except for
these differences, the operation of the two options is similar. on figs. Figure
shows the details of the TinyYOLOvV3 architecture. Compared with YOLOv3, TinyYOLOv3 has a significant
reduction in the number of convolutional layers. The basic structure of TinyYOLOV3 has only 13 convolutional layers,
while the total number of layers is 23. For feature extraction, TinyYOLOvV3 uses a limited number of 1 x 1 and 3 x 3
cores [12]. Unlike YOLOvV3, which uses a two-step convolutional layer for downsampling, TinyYOLOv3uses a pooling
layer. The structure of the Tiny YOLOv3convolutional layer is similar to t.

4. EXPERIMENTAL RESULTS

he dataset was created by collecting images of three types of vehicle: a dump truck, an excavator, and a wheel loader at
various angles, brightness, and contrast. The images collected consisted of one or more of the three classes mentioned,
along with other objects from the PDRL laboratory. A total of 1097 images were collected, including a total of 250
images of dump trucks, excavators and wheel loaders, with the remaining 347 images containing all three objects of
interest.

The scalable construction site resulted in a limited number of image acquisitions due to the limited environment and
limited volume. The rule of thumb for deep learning is to have at least 1000 images per class in the data set, so data
augmentation techniques were applied. Among several data augmentation methods such as image panning, zooming,
flipping, rotating, etc., the images in the data set are augmented by rotating 90, 180 and 270 degrees, and reflection. So
multiplying the number of images in the data set by a factor of 5 yields a data set of 5485 images. Of these, 1,250 images
are each of a dump truck, excavator, and wheel loader, while the remaining 1,735 images are all three vehicles. Test
images were also included in thetest dataset, and false-negative results for each algorithm could only be obtained from
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the test images, since they contained specific frames with no object of interest during their presentation. Ensure that the

image contains a
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Fig 3:Sample Image
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Fig 4:Accuracy
Figure 4.1: Graphical Faster 'YOLOv3 Tiny-YOL,
IRepresentation of R- CNN Ov3
Accuracy Algorithm
True Positives 1133 1214 986
False Positives 44 39 56

Table 1:Accuracy Table
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Fig 5: Models Based on Accuracy

5. CONCLUSION

From the performance results of various object detection models in MS COCO dataset, it can be concluded that SSD and
RFCN models are faster than Faster RCNN. However, if accuracy is more important than speed, then Faster RCNN
outperforms SSD and RFCN models. The Faster RCNN is the most accurate model when using Inception ResNet
running atl image per second and meets the minimum requirements for real-time object detection and recognition. The
SSD is faster than other object detection models, but it has difficulty detecting small objects..
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