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Abstract 

 Object detection is the task of detecting different objects in images and videos. In this paper, a 

comprehensive review for the classical models is given first. Then the object detection 

performance in UAV images, as well as the design of lightweight and small-object detection 

models, are discussed as new directions for object detection. 
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I. INTRODUCTION 

The object detection technology has gradually become an active research topic, and used in 

many aspects of our daily life, and people are also exploring more directions that can be applied 

to object detection [1, 2]. The object detection mainly obtains the original image through the 

camera, and detects the object through the analysis of the original image, based on the target 

features. Object detection can be used in the field of intelligent transportation systems because it 

can detect and track targets timely and dynamically. In the field of traffic, the surveillance 

cameras at the intersections and other places are generally used to obtain images of the current 

road conditions. Now, it is also a very simple method to take pictures of traffic conditions by 

drones. Nowadays, urban road images contain a lot of information that can be detected and 

extracted. In such images, pedestrians, various types of motor vehicles and non-motor vehicles 

are the most important components as well as the focus of object detection. Object detection in 

road images is of great help to improve urban road management ability. By detecting road 

images, especially at intersections where traffic is often blocked, real-time statistics can be made 

on the traffic flow and crowd flow in that section. By uploading live road information to some 

navigation software or reporting it to a radio station, vehicles passing through the area can be 

notified to choose other roads. On the one hand, it saves the time of notified vehicles and 

minimizes the impact on the daily life of citizens. On the other hand, it avoids more vehicles 

going to the congested roads and aggravating the congestion, thus realizing the traffic 

dispatching without the influence of human factors such as traffic police. In addition, the traffic 

lights can also be coordinated with the real-time detection of vehicle and pedestrian flow to 

adjust the length of traffic lights to ensure the smooth road. It is conducive to timely obtaining 

evidence in the process of traffic law enforcement. By identifying all the vehicles in the image 
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and detecting their behaviors, it is possible to determine whether a vehicle has any illegal 

behaviors in real time and record the illegal vehicles. By cooperating with other road probes, the 

detection based on the characteristics of previous illegal vehicles can realize the tracking of the 

vehicles causing the accident and improve the efficiency of the law enforcement. It is also 

helpful for urban road planning. By long-term detection of vehicles and pedestrians, certain 

statistical data can be formed, and the data will be more accurate. Analyzing the variation 

characteristics of traffic flow and pedestrian flow at various traffic intersections in a certain area 

can help the government to carry out more reasonable reconstruction for some sections, such as  

widening the lanes, adding sidewalks and zebra crossings, so as to improve the patency and 

safety of the roads. In addition, the object detection technology, especially the detection of 

objects in traffic roads, can also be applied to assistive devices for the blind and vehicle 

automatic driving technology if the device memory and computing capabilities meet the 

requirements. Object detection is equivalent to the function that the machine equipment has eyes 

and detects and classifies the objects it sees. This compensates for the innate shortcomings of the 

blind. The object detection technology is applied to the blind auxiliary equipment to detect   

objects in front of the blind in real time, and informs users of information to help them make 

reasonable choices. This provides a great convenience for blind people who have limited 

mobility and need to pass busy road sections by themselves. In recent years, autonomous driving 

has also become one of the hot research directions. Object detection will play a vital role in it. 

Vehicles face complex traffic conditions in the process of autonomous driving. Therefore, the 

response time and accuracy will have very high requirements so that the vehicle can make 

various responses in time. The speed and accuracy of real-time object detection have also been 

continuously improved. When the level of object detection algorithms meets the requirements of 

automatic driving, object detection will further promote the development and application of 

automatic driving. 
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II. RELATEDWORKS 

The acoustic video pictures are captured in real time by the forward-looking sonar. Underwater 

detection might benefit from this technology since it has a greater visual range than optical 

imaging. However, forward-looking sonar's picture quality is inferior than optical images. 

Because the auditory pictures are of such poor quality, only the human eye can discriminate 

between different things (Fig. 2). A lack of detail and excessive levels of noise mar the photos. 

Aside from that, the single picture clearly displays the three distinct elements of the composition: 

shadow, background, and highlights. When looking at it from various angles and heights, its 

image topology reveals the multiple shapes it has. 

It's tough to get useful information out of images with these features. As a result, standard image 

processing techniques are ineffective for analysing sonar pictures. Neural networks are used in 

the convolutional neural network, which is a supervised machine learning method [7]. Neural 

network modelling is now the trendiest topic in image processing, thanks to GPU parallel 

architecture's rising computational power [8]. The large neural network model may be trained 

and tested in a short period of time [9]. 
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Image processing techniques such as feature matching are standard in most applications. Specific 

preset forms or post-processing techniques serve as the low-level elements of the system. The 

convolutional neural network, on the other hand, made advantage of training-level features [10]. 

The more complex the model becomes, the more difficult it is to examine it rationally [8] [22]. 

The black-box function of an accurate classifier is generated via supervised machine learning. 

Classification using an image classifier is limited to showing the potential of something existing. 

Because of this, it is difficult for us to locate the target item in the picture. For object detection, it 

is critical to have the right return on investment (ROI). In order to discover ROI instances, there 

are many algorithms. To identify low-level features, SIFT or HOG algorithms were utilised [11]. 

However, their validation performance was limited, leading to the development of object-

detection algorithms based on neural networks. 

In the R-CNN algorithm, the detection validity was double that of the best algorithm previously 

[12]. [10,11] Spatial Pyramid Pooling in deep convolutional networks for visual identification 

(SPPNet) accelerates the speed by 24 104 times over R-method CNN's after that[13]. R-CNN 

and R-CNN increase the detection of validity and speed [14,15]. They are, however, a little 

sluggish to incorporate into embedded computer systems. CNN has repeatedly recalculated its 

models. As a result, finding the ROI of targets took a long time. 

 

 



JOURNAL OF CRITICAL REVIEWS  
ISSN- 2394-5125 VOL 9, ISSUE 04, 2022 

 

                                                                                                                                                                                   286 
 

 

III. PROPOSED SYSTEM ARCHITECTURE 

The undersea mini ROV has a real-time object-detection technique provided by us. However, 

prior to detecting an item, we must first recognise an object. Using sonar pictures, it displays the 

likelihood of the target being present. Classifier models are used to distinguish between 

"positive" and "negative" pictures. For the 'positive' photographs, we used appropriately cropped 

ROV images; for the 'negative,' we used images that were incorrectly cropped or had background 

images. Our model was evaluated and the calculation weights were recalculated after we 

developed the classifier. Our prior forward-looking sonar scans that did not include the target 

were also used for training. Post-processing reduces the likelihood of things in the background 

being missed. We can use object-detection techniques when the model has a high classification 

rate. For example, it is able to identify the target object's "region of interest" (ROI). The sliding 

window method and the neural network approach were both put to the test. It was necessary to 

train a huge number of images using the machine learning method that incorporates image 

training. Classical Convolutional Neural Networks (CNNs) have a model called "Darknet 

Reference Model" (CNNs). It's a little model, but it packs a tremendous punch. Six max-pooling 

and seven convolution layers are included. A real-world experiment was used to acquire the 

training data set. The forward-looking sonar photos were captured by the hovering-type AUV 

'Cyclops' in South Korea in 2016 [17] [19]. When they were launched together, the AUV 

snatched the little ROV up. We were able to get all 2,000 photos. The bulk of our effort was 

spent creating a data set. As labeldata, it contains ROIs and class numbers. The photos were 

manually cropped, and the label data was coded. In each shot, there are two different ROIs. The 

'positive' and the 'negative' are both distinct. Images were manually moved with the mouse for 

exact tiny ROV ROI and cropped at random. We were able to create the bogus data for the 

model revision using this information as well. Using a random selection of 1,000 random sonar 

pictures, we identified two ROIs and then labelled them. In order to improve the classifier's 

identification accuracy, we need to collect additional fake-background photos. The 'positive' 

ROIs in the fakebackgrounds were discovered by the model without any revisions being made to 

it. No additional item was spotted in the photos after retraining using phoney data. There, we 

discovered that the data-set helps us plan our underwater explorations. The first step is to get 

enough photos of the little ROV. The little ROV was photographed 1,152 times and its 

photographs were tagged. Pre-scan the target area's surroundings next. There were 455 photos of 

backgrounds in all. Robust models may be trained using them. A powerful calculation machine, 

such as a desktop computer equipped with a graphics processing unit (GPU), may then be used 

to train the model. Once the workout is over, the weight-training data is safely archived. anything 

that can be controlled in real time. We discovered a novel way to object identification called the 

You Only Look Once (YOLO) algorithm [4]. Both the bounding box and the class probability 

are predicted using a single CNN model. Eleven-by-eleven region is sliced up and connected to 

the classifier model. The classifier model is completely coupled to the split ROIs and class 
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probabilities at the conclusion of the process (Fig. 3). Our bespoke data-set was applied to their 

open-source software. Class number and ROI are included in the data set format. In order to use 

the pretrained classifier weights in our YOLO model, we retrained it. After that, we ran the 2,413 

forward-looking sonar pictures through their paces and estimated their ROIs and trajectory. 

 

 

IV. RESULTS AND DISCUSSION 

 

We performed a field experiment to confirm the suggested strategy. As the primary AUV, we 

employed a hovering model named 'Cyclops' [17]. Station-keeping control was used to maintain 

the experiment's location. We disregard the station-keeping inaccuracy since it was just a few 

centimetres. Our AUV was outfitted with a DIDSON system, which allowed us to record sonar 

pictures of the agent [19]. There are 5 frames per second in DIDSON. The sonar pictures have a 

resolution of 512 x 96. This meant that the forward-facing sonar was able to see the ROV. After 

then, the ROV's location was manually adjusted. The suggested approach was used to rectify and 

evaluate the sonar pictures collected during the ROV operation. There are 1,000 sonar pictures. 

The YOLO model was trained on 1,607 pictures. The loss feature may be used to monitor 

training progress (Fig. 4). We can see from the saturation of the graph tendency that training has 

a favourable effect. The training was completed in approximately an hour. Using the total of 

1,000 photos, we were able to identify the location in each one. The YOLO neural network 

model was able to correctly identify the agent cars. ROI boxes defined the exact boundaries of 

each agent vehicle (Fig. 5). We used the forward-looking sonar pictures database to inject a 

random selection of images. Negative ROIs were all that could be found after that, while positive 

ROIs were completely absent. In addition, each image's trajectory was recorded. It keeps track of 
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the x and y axes in the photos. We removed the area that wasn't identified and joined the photos. 

The path of the agent vehicle may be seen in this graph. Because we must utilise it for real-time 

underwater operations, the speed of the procedure is critical. In off-line processing by the GPU, 

the YOLO objectdetection technique showed 107.7 FPS [20]. While this method was 0.20 FPS 

(Table 1), it was still too slow. Forward-looking sonar pictures are captured at a frame rate of 

five frames per second in the actual world. Consequently, if the object-detection result speed is 

greater than 5 FPS, it can be used in real-time controls or missions. Using forward-looking sonar 

images, we developed a real-time object detection method for locating agent vehicles. The scanty 

sonar images show that an agent vehicle system is possible. The more data we have, the more 

reliable the system will be. The next step is to conduct a real-world test. 

The detection speed would be slowed if we used embedded systems instead of powerful PCs. 

Use a mobile GPU-powered embedded system to solve the problem [21]. 

Neural networks can be processed by state-of-the-art embedded boards, which have enough 

processing power and can run for a long time. We can now move forward with the agent vehicle 

system and verify its benefits with these newly designed systems. 
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V. FUTURE SCOPE AND CONCLUSION  

The forward-looking sonar image based on CNN and YOLO was used in this study to verify 

real-time object detection. The object-detection algorithm is based on a custom data set that we 

created. After that, we realised that small ROVs could be located. We discovered that processing 

forward-looking sonar images with the YOLO algorithm was much more efficient. Finally, this 

study shows that using machine learning algorithms to process sonar images is far more 

effective. 
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