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Abstract: Goal: Researchers studying artificial intelligence have focused a lot of emphasis on computer vision in drones. Drones with 
intelligence can tackle a lot of issues in real time. For the purpose of monitoring particular surroundings, computer vision tasks like object 
identification, object tracking, and object counting are important. It becomes increasingly difficult to do, though, due to elements like motion 
blur, occlusion, camera angle, and altitude. 
Methodology: A thorough assessment of the literature on object identification and tracking with unmanned aerial vehicles (UAVs) in relation to 
various applications has been done for this research. This study highlights the research gaps and provides a summary of the results of previous 
studies. 
Contribution: Detailed and categorized object identification techniques are used in UAV photos. A selection of UAV datasets tailored to object 

identification tasks is provided. Summaries of current research projects in various applications are provided. In order to al leviate highlighted 
research limitations, a secure onboard processing system on a strong object detection framework in precision agriculture is finally presented. 
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I.INTRODUCTION 

 Recent improvements in deep learning algorithms, hardware specifications, and dataset accessibility, computer vision has 

already made significant progress. Because object detection has so many uses, it is the most common inquiry activity carried out 

by researchers. The aim of object detection is to identify things belonging to a specific category (for example, people, dogs, cars, 

motorbikes, or cats, for instance) in a photo and, if applicable, output the size and scope of each instance of an object. That forms 

the foundation for resolving intricate and advanced computer activities using vision, including crowd monitoring, activity 

monitoring, object tracking, segmentation, event detection, and picture captioning acknowledgement. In order to create broad 

object detection systems that can identify several kinds of items, researchers began to tackle this difficulty that correspond to those 
of humans. 

 Compared to other applications, precision agriculture is anticipated to expand significantly since the use of UAVs is 

becoming an essential component of managing agricultural chores. Precision agriculture encompasses several techniques for 

monitoring crops, gathering information, and performing well-informed crop management duties, such choosing the best water 

source and herbicides. UAVs may help farmers with a wide range of tasks, including farm monitoring to evaluate crop growth and 

health and planning and assessing agricultural plantations. In 1940, the benefits of airborne services for agriculture led to the 

extension of fertilizer use from the air to other applications, including top dressing. Although a single-rotor UAV is capable of 

carrying large payloads, its mechanical complexity drives up costs. Multirotor unmanned aerial vehicles (UAVs) are widely used 

by both experts and laypersons. It can follow the specified target or hover over it. Fixed-wing UAVs require a runway for takeoff 

and landing even if they have a highflying speed and can carry large payloads. A better fixed-wing drone is the hybrid drone, 

which is currently in development. 

 In drone footage, there is more contextual information in the area and the camera is positioned higher. However, the problem 
of object recognition in drones is more difficult than standard object detection because to changes in viewpoint and size. Drones 

are used in traffic surveillance to capture traffic from the air. This has the benefit of recording vehicle traffic up to a height of 100 

meters. 

 Research on item recognition in aerial view is confronted with additional obstacles related to biased datasets. To avoid this 

problem, real-world applications must be labeled into the dataset. As such, it frequently happens that aerial photographs do not 

align with object recognition algorithms that are trained on reference pictures. 

 

1.1 Research Motivation 

 Compared to fixed cameras, drone surveillance offers more mobility and a wider observation area. Its limited resolution, 

shifting lighting, and erratic backdrop are only a few of its flaws. In practical applications, intelligent drones are much sought after. 

http://www.indjcst.com/
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Nevertheless, drone image or video object detection differs from conventional object discernment. Aerial photographs of object 

instances differ in size. Not at all due to the size of the sensor as well as the spatial sensor resolutions variations within the same 

kind of thing. Aerial pictures are packed with little instances of items, such as automobiles and vehicles in the ships and a parking 
area at a port. Therefore, the purpose of this study is to examine real-time applications of object recognition in drone photos and 

to describe the state-of-the-art methodologies in this field. 

 

II. DETAILED LITERATURE REVIEW 

 A detailed literature review of existing research papers and existing technologies for object detection has been 

summarized in the table below (Table 1). The table displays the existing paper title, it’s authors, publication year, source title, 

methodology used in the particular paper, the approach for detecting objects, performance metric and datasets used.  

 

Table 1. Summary of existing works on object detection in drone images and videos. 
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III. IDENTIFIED RESEARCH GAPS 

 Although there have been many advances, there are still many problems with deep learning techniques, drone technologies, 

and their combination. 

1.   There are many unanswered questions in the deep learning field, such as why some network architectures perform better than 

others and how to solve the objective function when there is no understanding of geometry. Given the high cost of labeling 

large amounts of data, it is important to develop an effective unsupervised deep learning algorithm. 

2.   According to the review of the literature, deep learning or conventional image processing techniques are used by the researchers 

to identify drones in images. Because deep learning algorithms excel at both feature extraction and classification, they are a 

better choice. Onboard processing is a challenge due to the drone's restrictions on weight, size, and power consumption. When 

there is a lack of bandwidth and there is a need to transmit large amounts of image data, it becomes more difficult. Researcher 
efforts to create more effective deep learning architectures are encouraged by these difficulties. 

3.    Internet use by UAVs in real-time applications introduces security and privacy risks. UAV applications need their own specific 

security measures. 

 

IV. PROPOSED FRAMEWORK 

 A secure onboard processing method for an effective object detection framework is suggested (Fig. 1) to fill in the identified 

research gaps. The images are pre-processed onboard a platform with an embedded GPU when data is first acquired by UAV. Crop 

detection is accomplished using a compact deep learning model. A blockchain-based encryption technique is used to safely transmit 

the resulting images to the ground control station. Our future work entails implementing the suggested framework. 
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Figure 1. Proposed Framework 

 
V.CONCLUSION & FUTURE SCOPE 

 With so many real-time applications, drone object detection is a promising research area. Existing research works are 

examined in this review paper. The works are arranged based on their methods and applications. In order to detect drone objects, 

this paper investigates deep learning and conventional image processing techniques. Additionally covered are the dataset and 
evaluation metrics. Deep learning algorithms outperform conventional image processing techniques, according to the literature. 

It's crucial to create an effective deep learning algorithm for drone object detection even though the drones have limited power and 

size. The object detection algorithms must also handle the important challenge of variations viewpoint. We planned to look into 

object detection with UAVs in agricultural applications in future research. By gathering and evaluating data, precision agriculture 

aims to keep an exact eye on the fields. Using UAVs to obtain aerial photos is less expensive than using satellites. One crucial area 

of research to look into is object detection in UAV aerial images for precision farming. In this paper, we proposed a secure onboard 

object detection framework in precision agriculture, which we will work on implementing in the future. 
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