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Abstract— In computer vision, object detection plays a vital role in ensuring the safety of a self-driving car. The most notable example of this 

continuing exploration and enhancement in the field is the Google Self-Driving Car Project, currently known as Waymo. Although many prior 

studies have utilised several object detection models to improve the efficiency of autonomous cars, each comes with its own set of challenges. 

The major challenge in the development of self-driving cars is latency. The latency refers to the delay between the processing of input data 

captured from the camera and the decision taken by the machine learning algorithm to move and direct the car on a safe road. To address these 

issues, we propose a MobileNet SSD framework by hyperlinking MobileNet with SSD, making it sufficient for real-time applications. The model 

utilises two types of sparable convolutions, namely spatial separable convolutions and stepwise sparable convolutions. The result demonstrates 

the efficiency of our proposed MobileNet SSD model in reducing computational costs and decreasing latency. 
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 Introduction  

 

Object detection is one of numerous stratifications of 

computer vision and artificial intelligence. There has been a 

lot of emphasis on developing capabilities such that self-

driving vehicles can become a reality in the modern world[1]. 

The development in Artificial Intelligence and computer 

vision are keys to making autonomous vehicles reach a level 

of efficiency, competence and safety that they become more 

widely used in the world [2]. 

Machine learning is a promising tool that has been applied to 

detect objects in self-driving cars. A large amount of data can 

be collected from cameras to feed into machine learning 

model[3] .In order to recognize specific entities in an image 

or frames using bounding boxes, or anchor boxes in deep 

learning parlance, the machine learning model should be train 

in a good amount of data [2]. 

Speed object detection is a very important aspect that should 

be considered when selecting the machine learnings model, 

the model should be able to detect small objects on real time. 

High-speed object detection is the ability of algorithms to 

detect objects and obstacles in their surroundings[4]. 

With high-speed object detection, ensuring the safety of 

passengers, other road users, and the vehicle itself becomes 

achievable. It can also help autonomous vehicles to navigate 

through different weather conditions such as heavy rain, 

snow, and fog, which can obscure a human driver's vision[5]. 

 

 Although Machine learning has been successfully applied to 

detect objects in autonomous vehicles, the object detection is 

facing main challenges precision and latency [4] [6].  

precision is what in object detection might take a hit a high 

speed with proper localization, the autonomous system will 

work well[6]. 

Latency refers to the time takes to detect objects; it holds a 

slightly higher priority over detecting which type of object is 

being detected precisely. The latency is the main factor in 

achieving the optimal speed object detection. This task 

becomes even more important if the objects are smaller 

because the vehicle doesn't need to know what it is, it simply 

needs to know where it is and avoid touching it[7]. To the 

best of our knowledge, detection time for small objects with 

a marginal loss of precision has not been done yet. 

The contribution of the paper are as follows (1) Various deep 

models are utilized   to detect small objects in images and 

videos with reasonable precision whilst reducing latency. (2) 

MobileNet SSD framework is constructed. This framework 

utilizes depth-wise separable convolution and spatial 

separable convolutions. This highlights the capability of our 

proposed MobileNet SSD framework in enhancing the 

computation speed and reducing the latency. 

The remainder of this paper is organized as follows; section 

2 Background provides an overview about self-driving 

followed by related work. Section 3 give the brief description 

about the deep learning in object detection. The section 4   

presents the detailed of methodology, which includes 1 

database description alongside with analysis and results of 

two experiments Single Image Outputs. The conclusion and 

future works are described in section 5.  

 

 

 Background 

Self-driving cars, also known as autonomous vehicles, are 

cars that can operate on the road without human intervention. 

Self-driving cars are designed to operate without human input 

by using various sensors, cameras, and algorithms that 

process data and make decisions. These vehicles have the 

potential to revolutionize the transportation industry, making 

travel safer, more efficient, and less expensive. However, the 

development of self-driving cars has been a challenging 

process, and there are still many hurdles to overcome[8]. 

The idea of self-driving cars has been around for more than a 

century. In the 1920s, engineers developed the first automatic 

transmission, which allowed drivers to shift gears without 
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using a clutch pedal. In the 1950s, the first cruise control 

system was introduced, which allowed drivers to maintain a 

consistent speed without pressing the accelerator pedal. In the 

1980s, researchers began developing autonomous vehicles, 

and in 1987, the first self-driving car was developed in 

Germany[8], [9].In the early 2000s, several car manufacturers 

began experimenting with self-driving cars. In 2004, the 

Defense Advanced Research Projects Agen. 

In recent years, several companies have been working on 

developing self-driving cars, including Google, Uber, Tesla, 

and General Motors. These companies have invested billions 

of dollars in research and development, and self-driving cars 

are expected to become a common sight on roads in the near 

future[1]. 

Self-driving cars are still relatively expensive, and the cost of 

developing and producing these vehicles can be prohibitive. 

This has limited the availability of self-driving cars and has 

slowed the pace of development in the field. The elaborate 

autonomous system which includes a host of sensors, 

programs and actuators themselves can add an overhead to 

the cost of the car making it less feasible to buy than a 

manually operated one. 

The major challenges in the development of self-driving cars 

include Safety: Safety is one of the biggest concerns when it 

comes to self-driving cars. Autonomous vehicles must be 

able to operate safely on the road, even in unpredictable 

situations[10]. 

Liability is another concern when it comes to self-driving 

cars. In the event of an accident involving a self-driving car, 

it can be difficult to determine who is responsible for the 

accident. 

Artificial intelligence has been successfully applied to control 

and regulate safety and liability in self-driving. Various 

machine learning algorithms have been implemented to 

detect and locate objects with images and videos[10], [11]. 

Object detection in autonomous cars plays a vital role in 

detecting and recognizing objects and their surroundings. 

Thus,  

The self-driving car could locate their surroundings precisely, 

make accurate decisions and ensure the safety of the car. 

 

2.1 Literature Review 

Computer vision have gained increased attention by 

researchers in self-driving car. You Only Look Once 

(YOLO), Single Shot Multibox Detectors (SSD), Region-

Based Convolutional Neural Networks (RCNN), and Faster-

RCNN. Research has been conducted in recent years to assess 

the performance with the efficiency of object identification 

algorithms in specific cases and environments. Although, 

research has barely kept up with improved object 

identification algorithms like YOLOv5 and YOLOv7. 

YOLOv3 has been the standard algorithm in the object 

detection space. Having the most promising results in 

detecting vehicles and persons which are two of the most 

common found entities on roads, makes it that much more 

popular. 

The author in reference [12] was employed convolutional 

neural network to detect the object for border tree trunks of 

urban roads. The result illustrate that deep learning performs 

well in respect to high precision with low detection time, but 

it was trained on a comparatively small dataset, and training 

on a larger set of data to run the model on multiple frames or 

videos is suspected to take a lot of time[12]. 

The author in [13] mentioned potholes are an important factor 

to consider in self-driving cars, The detection process 

involves a combination of sensors and cameras to detect the 

damage road areas. The author found that YOLOv3 is highly 

efficient since algorithm capable to efficiently identify 

potholes. and the result reveals that it outperforms SSD, HOG 

and Faster-RCNN.  

 According to related work, YOLOv3 is identified as the best 

object identification method. It is not just to identify items on 

the street, but also to detect objects in completely disjointed 

domains such as face mask detection as well. YOLOv3 

outperforms Faster-RCNN in terms of performance and 

inference time[14]. 

Although Faster-RCNN requires longer training time, it is 

more accurate. Many studies have recently been conducted to 

compare different iterations of the YOLO object 

identification method. On YOLOv3 and Faster-RCNN, 

comparative research on object detection that frequently 

occurs in traffic settings has been conducted[15][16]. The 

result shows that Faster-RCNN, gains the promising result, 

However, it cannot be implemented efficiently in a real-world 

scenario due to, the latency could be very slow [15]. 

 

 

 Machine Learning  
This section highlights the current machine learning for object  
detection .A review of the relevant work in the ER domain is 
also explored. We highlight the importance of active learning 
and semi-supervised machine learning in labelling data. 

 

3.1 Deep Learning in object Detection 

Deep learning technology has been utilized to recognize and 

identify objects in self-driving cars in recent years, influenced 

by the rapid advancement of deep learning technology in 

computer vision tasks[17]. 

Convolutional Neural Networks (CNN) are a deep learning 

algorithm that is widely used for image classification and 

object detection tasks. They are designed to automatically 

learn and extract meaningful features from images, such as 

edges, shapes, and textures, by processing the images through 

a series of convolutional and pooling layers. CNNs have 

achieved state-of-the- art performance on a variety of 

computer vision tasks, including image classification, object 

detection, semantic segmentation, and image captioning. 

They have been widely used in a variety of industries, 

including self-driving cars, medical image analysis, and 

security and surveillance systems. 

Region-based Convolutional Neural Networks (R-CNN) are 

an extension of CNNs that were designed to improve the 

efficiency and accuracy of object detection tasks. R-CNNs 

work by first generating region proposals, which are potential 

object locations in an image. Then, they use a CNN to extract 
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features from each region proposal and classify them into 

different object categories. R-CNNs were a major 

breakthrough in object detection because they achieved 

significantly higher accuracy than previous methods, while 

also being able to detect multiple objects in an image. 

However, R-CNNs were computationally expensive and slow 

to train and test, making them impractical for real-time 

applications. 

Faster R-CNN is an extension of R-CNN that addresses its 

limitations by introducing a Region Proposal Network (RPN) 

that generates region proposals directly from the feature map 

of the CNN. The RPN shares convolutional layers with the 

CNN and is trained end-to-end with the CNN, resulting in a 

single, unified network that can generate region proposals 

and perform object detection simultaneously. This allows 

Faster R-CNN to achieve higher accuracy and faster 

inference speeds than R-CNN, making it practical for real-

time object detection applications. Faster R-CNN has become 

a popular method for object detection and has been used in a 

variety of industries, including autonomous driving, robotics, 

and surveillance. 

 YOLO (You Only Look Once) is another popular object 

detection algorithm that is similar to R-CNN and Faster R-

CNN. YOLO uses a single neural network that takes an entire 

image as input and outputs a set of bounding boxes and class 

probabilities directly. This means that YOLO performs both 

region proposal and classification in a single forward pass, 

making it much faster than R-CNN and Faster R-CNN. 

YOLO also has the advantage of being able to detect objects 

at different scales and aspect ratios, and it has achieved state-

of-the-art performance on several object detection 

benchmarks. 

YOLO-based R-CNN is a hybrid approach that combines the 

strengths of both YOLO and R- CNN. This approach has the 

potential to achieve higher accuracy than YOLO alone, while 

still maintaining the speed advantage of YOLO 

YOLO works by dividing the input image into grid cells and 

using each grid cell to forecast the existence and placement 

of items within the cell. Because it does not require an 

external region proposal method, this approach is 

substantially faster than R-CNN and its derivatives. 

Single Shot Detectors (SSDs) are a class of object detection 

algorithms that, like YOLO, take an entire image as input and 

generate a set of bounding boxes and class probabilities 

directly, without the need for explicit region proposal. The 

main advantage of SSDs is their speed, which is achieved 

through the use of a single convolutional network that 

simultaneously performs both object localization and 

classification. This means that SSDs can achieve real-time 

performance even on low-powered devices, such as 

smartphones and drones. 

SSDs achieve high accuracy by using a multi-scale feature 

map, where different layers of the network are responsible for 

detecting objects at different scales. This allows SSDs to 

detect objects of different sizes and aspect ratios, while still 

maintaining the speed advantage of a single-shot approach. 

SSDs have been shown to achieve state-of-the-art 

performance on several object detection benchmarks, 

including COCO and PASCAL VOC. They have been widely 

used in a variety of applications, including robotics, self-

driving cars, and video surveillance systems, where real-time 

performance is critical. 

The incorporation of the anchor notion from Faster R-CNN 

is one of the fundamental aspects of SSD. In each feature 

map, the SSD algorithm generates a default box with variable 

ratios and sizes and then uses the model-generated 

coordinates and class values to create the final bounding box. 

This enables predictions for objects of varying sizes, 

enhancing performance and speed by replacing the Fully 

Connected Layer. 

 

 Methodology  

In this paper, multiple object detection algorithms are 

employed with the aim to detect small objects in images and 

videos with reasonable precision whilst reducing latency. 

Three distinct deep learning models are used in this study 

these are the YOLO model, SSD, and Faster RCNN. The You 

Only Look Once (YOLO) model is a real-time object 

detection that uses a single feedforward pass to process 

images[18][19]. 

We use, the YOLO V3 is a real-time object detection model 

that uses the features learned by a deep convolutional neural 

network [20].The model employs 75 convolutional layers, as 

well as up-sampling layers and skip connections, to create a 

single neural network that acts on the full image. One of the 

most significant features of YOLO V3 is its capacity to 

recognize items at numerous scales; however, this increase in 

accuracy comes at the expense of slower processing speed 

and a diminished ability to detect small objects that appear in 

group [20]. 

 

The Faster R-CNN (Region-based Convolutional Neural 

Network) is an object identification system that generates 

object suggestions using a region proposal network (R1PN). 

The R-CNN and its derivatives utilize a two-stage detection 

approach, with a region proposal network identifying 

potential objects in the image, followed by a convolutional 

neural network (CNN) performing object detection on the 

identified regions. This method has been shown to produce 

accurate results, but it can be computationally expensive due 

to the need for two separate models[21]. 

The Single Shot Detector (SSD) is another real-time object 

detection system that detects objects at various scales by 

employing a multi-scale feature extraction network[22]. 

SSDs, use a single-shot approach that performs both region 

proposal and object detection in a single step. This method 

utilizes anchor boxes like YOLO, allowing for more accurate 

detection of objects with different aspect ratios and scales. 

Additionally, SSDs can handle larger input sizes, leading to 

more precise object detection. 

 

The SSD has limits in recognizing small objects because it 

does not take into account the context outside of the detection 

boxes. To address this issue, an enhanced SSD technique was 

considered. We merged the MobileNet architecture and the 

Single Shot Detector (SSD) framework. The MobileNet is 
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computer vision model allow to deploy model on resource-

constrained devices like smartphones [23]. 

The framework MobileNet SSD uses depth-wise separable 

convolution and spatial separable convolutions. resulting in 

improved accuracy and efficiency. The depth-wise separable 

convolution maps each input channel to its matching output 

channel individually, while the spatial separable convolution 

convolves along the x and y axes. In this approach width 

multiplier is implemented in the depth-wise separable 

convolution and a resolution multiplier in the spatial 

separable convolution, leading to a significant reduction in 

the number of operations required for the method and the 

computational cost[24]. 

Various metrics are used to evaluate the algorithm's 

performance, including mean Average Precision (mAP), 

Precision, Recall, F1, these metrics are critical in determining 

the algorithm's accuracy by specifying the bounding box 

coordinates of objects. 

 

 

4.1 Database Description  

The Microsoft Common Objects in Context (COCO) dataset 

has been used in this study, the COCO is a large-scale 

benchmark for object detection, segmentation, and captioning 

images[25]. It was released in 2014 by Microsoft Research, 

and it has since become one of the most widely used datasets 

for evaluating computer vision algorithms. The dataset 

consists of over 330,000 images, each with multiple object 

annotations, and it covers a wide range of object categories, 

including people, animals, vehicles, and household items. 

The COCO dataset is notable for its high-quality annotations, 

which have been manually verified by human annotators[26]. 

The image annotation can define the process of labeling an 

image in database.  

The annotations include the bounding box coordinates of 

each object, as well as its category label, segmentation mask, 

and key point locations (in the case of human poses). The 

dataset also includes captions for each image, which describe 

the objects and their relationships in natural language. The 

annotations in the COCO dataset are highly accurate, with an 

average IoU (Intersection over Union) of 0.76 for object 

detection and an average precision of 0.56 for instance 

segmentation [25] [26].More details about database can be 

found in Table (1). 

 

 

4.2 Experiment Setup  

Two sets of experiments have been conducted in this paper. 

In the first experiment, the output was generated from a single 

image frame while in the second experiment, the output was 

driven from videos. We employed three object detection 

models these are YOLO, SSD, and R-CNN. Many pre-trained 

model files and configuration files, including 

YOLOv2.weight, YOLOv2.cfg, YOLOv3.weight, 

YOLOv3.cfg, SSD deploy. caffemodel, and SSD deploy. 

prototxt has been downloaded in order to train these models.  

Additionally, several Python 3.7 packages are used such as 

NumPy, Imutils, OpenCV, and PyCharm are. The OpenCV is 

a popular library for computer vision applications such as 

image and video processing. 

In the first step, we capture the images from COCO database 

that was released in 2015 where 83,000 images are allocated 

for the training set 41,000 images used as validation photos, 

and 41,000 are test photos. The 81,000-picture extra test set 

is also selected that was released in 2015 contained all the 

earlier test photographs as well as 40,000 more. 

In the second step, we feed these images to deep-learning 

model-generated outputs. More details about the experiments 

can be found in the next section. 

 

 

4.2.1 Experiment 1: Single Image Outputs 

In the first experiment, generating output for single image is 

considered, a wide variety of images from the MS-COCO 

dataset were fed into three machine learning models. The 

analysis is shown side by side so that a comparison has been 

made between the YOLO and MobileNet SSD. 

 In term of self-driving car, we should explore how 

algorithms perform in outdoors , the figure (1) shows that 

images belong to the outdoors, especially those involving 

roads and vehicles, the MobileNet SSD is surprisingly 

efficient in detecting the objects that are present in the image 

in comparison to the more seasoned YOLO algorithm.In the 

image above, MobileNet SSD is able to detect all the objects 

that YOLO detected which is a big step in matching the 

YOLO algorithm in terms of accuracy. 

 With regards to moving objects the figure (2-a) YOLO (left) 

detects more moving objects on the street than MobileNet 

SSD (right) which could be detrimental for the safety of 

passengers in the vehicle. MobileNet SSD can identify the 

vehicles that are right in front of the camera, but even a 

slightly obscured car to the left remained untagged by 

MobileNet SSD. This is where YOLO shows that it detects 

more objects, more accurately than SSD. 

Another aspect to consider for this image is that MobileNet 

SSD detects the lamp post as a “boat” in the image. This could 

 

Table 1 : COCO Annotations -Features 

Annotations -Feature   Description    

id It represents annotation’s unique 

identifier 
image _id It represents image's unique 

identification 

Category_ id It represents the category id of the 
object in the image [ 1: 80] 

categories 

Category_ name  
segmentation It represents the item's segmentation 

mask 

area It represents the area of the object in 
the image 

bbox It represents the object’s bounding 

box coordinates 
iscrowd  

Category_ Name   It represents name of each object's 
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be due to the faster recognition of SSD as compared to 

YOLO. 

We can see in figure (2-b) moving objects detection consider 

Faster R-CNN algorithm, the figure shows a lesser number of 

objects detected with the Faster R-CNN algorithm when 

compared to YOLO. However, the details captured by the 

model is slightly better than YOLO as it identifies wheels, 

slightly obscured cars and some of the traffic on the other side 

of the street. This was something that YOLO could not 

efficiently do, and picked up on all the details. 

Figure (3-a) also shows Moving vehicles image when there 

are more obstacles, the finding shows that objects can be 

detected by the MobileNet SSD algorithms very well. YOLO 

was unsuccessful in detecting the motorcyclist towards the 

left of the image. It also detected lesser objects than 

MobileNet SSD. As mentioned, MobileNet SSD detects more 

objects on the street and does not miss out on small objects 

such as the motorcyclist as well. It is able to distinguish 

between the motorcyclist on the left and the motorcycle itself. 

Figure(3-b) demonstrate that Faster R-CNN has a comparable 

precision to the YOLO model where the identification of 

details such as recognition of wheels is an additional feature 

than Faster R-CNN was able to pick up. 

However, it was unable to pick up the information about the 

motorcycle to the left of the image. This was something 

which the algorithm did exceedingly well and was even able 

to distinguish between the ride and the motorcycle. An 

amount of taken time was computed for same set of above 

images for each algorithm.  

The result shows the MobileNet SSD algorithm took 0.025 

seconds to finish the object detection process. That is 

approximately 16 times faster than the YOLO algorithm. 

The Faster R-CNN model took 0.14 seconds to detect a frame 

and form 100 bounding boxes. This is approximately 2.75 

times faster than the YOLO algorithm. However, since the 

MobileNet SSD algorithm detects objects within 0.025 

seconds, MobileNet SSD are approximately 6 times faster 

than Faster R-CNN models for object detection. More details 

can be found in table 2 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

  

 

 
 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (2-a) a: Moving vehicles image as detected by 

YOLO (left) and SSD (right) 

 

 

 

Figure (3-a): Moving vehicles image as detected by 

YOLO (left) and SSD (right) 

 

Figure (3-b): Moving vehicles image as detected by  

R-CNN 
Figure (1-a): vehicles image as detected by YOLO (left) 

and SSD (right) 

 

 

Figure (2-b) a: Moving vehicles image as detected by 

Faster R-CNN 

 

Table 2: Time based comparison of YOLO, Faster R- 

MobileNet SSD for Experiment 1 
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4.2.2 Experiment 2: video Outputs 

In the second experiment, the output from video is considered 

the video was created by stacked set of frames or images on 

top of each other that are chronologically arranged and hence 

show a slight change in localisation when moving from one 

frame to the next. Figure (4) shows video object can be 

detected and analysis of a minor accident, YOLO showed a 

much better performance in terms of bounding boxes for 

multiple cars and multiple people who are onlookers. 

MobileNet SSD on the other hand was only able to detect 

both cars in the same bounding box and failed to create a 

bounding box for the second onlooker. Hence, based on the 

precision, YOLO has a stronger performance against 

MobileNet SSD for videos with stationary objects. 

In figure (5) illustrates the video object detection for moving 

objects, YOLO performs marginally better in terms of 

confidence.  

The time taken to detect objects is of utmost importance here 

as well. The result demonstrates the latency time of 

MobileNet SSD model is smaller than YOLO.  

 

 
 

 
 

 

 

 

 

An amount of time was considered also for same set of above 

videos   for each algorithm. The finding ravels that video with 

23,722 frames was fed to the MobileNet SSD algorithm at it 

took about 10 minutes 22 seconds to analyze the entire video 

and provide the results while same video when fed to the 

YOLO algorithm took 2 hours and 58 minutes to analyses and 

provide the output.  

In term of speed, YOLO is quite slow, and it was that the 

~15x slower than MobileNet SSD due to, video being 

analyses by MobileNet SSD has taken in ten minutes whereas 

YOLO almost 3 hours to process. 

 

 

 

 

 

 

 

 

 

 

 

 

 4.3 Results Comparison 
The result of evaluation metrics for single image outputs and 

video outputs has been computed. We provided the result for 

both experimenters, we calculated the average value of each 

metric for first and second experiment respectively, the table 

(3) list the final result. 

In terms of the precision and the F1 score, YOLO was the 

best model. It showed an average precision of close to 70 

percent, while its F1 score was an even better 74.9%. 

For the recall MobileNet SSD performed the best. It showed 

a recall of 86.68% and a MAP score of 82.31%. Although the 

YOLO achieves the best performance, the best appropriate 

algorithms should be able to detect images and videos   

containing small objects packed tightly together the YOLO 

object detector, is not well suited for small objects. 

The finding also reveals that MobileNet SDD object detector, 

which offers an excellent balance of speed and precision. The 

MobileNet SDD is a combination of MobileNet with SSD. It 

can predict the kind and location of objects in a picture 

directly. It is easier to train in general and has been found to 

perform well on our database, even those including small 

objects. 

 

 

 

 

 

 

 

 

  Conclusion and Future Work 

The first experiment results shows that YOLO algorithm was 

exceedingly favourable, revealing the YOLO model's 

Parameter YOLO Faster R-CNN MobileNet SSD 

Speed Slow ~3x faster than YOLO 

~16x faster than 

YOLO) 

Time 0.4 
seconds/fra

me 

0.1 seconds/frame 0.025 seconds/frame 

Figure (4): Video object detection for accident YOLO 

(left) and SSD (right)  

 

 

Figure (5): Video object detection for Moving objects 

YOLO (left) and SSD (right)  

 

 

Table 3: Time based comparison of YOLO, Faster R- 
MobileNet SSD for Experiment 1 

Parameter YOLO MobileNet SSD 

Frames in the video 23722 23722 

Speed Slow Fast(Approximately 15 Times) 

Time 
0.4 Frame per 
Second 0.025 Frame Per Second 

 

                                Table 4: Results Comparison 

Algorithm Precision (%) Recall (%)  F1 (%)  MAP (%) 

MobileNet SSD 64.88 86.68 74.21 82.31 

Faster R-CNN 60.11 73.89 66.29 78.23 

YOLO 69.91 80.67 74.90 80.11 
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extraordinary ability to detect moving object in images and 

draw anchor boxes around them with high confidence. 

We used the MobileNet in conjunction with the SSD with the 

aim to reduce the computational cost and increase the speed  

The result shows that MobileNet SSD was perform very well 

in team of computational cost 

The whole process was much faster in producing the output 

than MobileNet SSD can detect many lesser objects SSD in 

real time. The result also demonstrated that model was able 

to discriminate between the left small objects a on the left and 

the motorcycle itself. 

The Faster R-CNN can detect the objects exactly the same as 

YOLO, but the speed of object detection is just slightly better 

than that of YOLO and hence is a drawback. R-CNN is good 

at detecting small objects too, but the speed is an issue. It 

takes lot of time for execution and for rendering and training 

the image, whereas MobileMe SSD was extremely quick to 

do the same with decent accuracy. 

The finding reveals the YOLO was able to process the video 

frame by frame very well and also, the confidence scores 

associated with it is also go, But the time taken to process the 

video was way too long and, in some cases, this could lead to 

a problem. The precision was about 70% and Recall was 

about 81% which is extremely good and is better than SSD 

and Fast R-CNN, but this is at the cost of high processing 

time. Additionally, detecting small objects also was not as 

reliable as MobileNet SSD. 

Due to, the capacity of MobileNet SSD in reduce the number 

of parameters by utilizing the depth-wise separable 

convolution and spatial separable convolutions, The model 

capable to detect the small objects in videos very fast , 

Approximately 15 time faster than YOLO. 
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