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Abstract 

With the development of computer vision technology, especially the development of 
deep learning technology, intelligent application technology is becoming more and more 
mature. As an important part of intelligent application systems, target detection 
technology has become an important research direction in the current vision field. 
According to the requirements of real-time, accuracy, and small memory space in the 
intelligent system, this paper proposes a real-time target detection method based on 
Jetson Nano and YOLOv3-Tiny algorithm, which is trained with the help of VOC2012 data 
set. Experiments show that after expanding the memory space of the model and closing 
the graphical interface, the maximum number of recognition frames of the running 
model can reach 20fps, which can perform target detection smoothly. 
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1. Introduction 

Image classification, positioning, detection and segmentation are four important research directions 

in the field of computer vision [1]. The purpose of target detection is to find all target objects in the 

image and determine the location of the target object [2]. Target detection has always been the most 

challenging problem due to the influence of light, the interference of obstructions and the different 

shapes of various objects in the image. The current mainstream target detection algorithms are mainly 

based on deep learning models. Mainly divided into 2 categories: The first category is the Two-stage 

detection algorithm. This method includes 2 stages. Generate Region Proposal (candidate area), and 

classify the candidate area on this basis. The representative of this type of algorithm is the R-CNN 

series of algorithms based on candidate regions, such as R-CNN, Fast R-CNN, Faster R-CNN [3], etc.; 

the second type is the One-stage detection algorithm. Excluding the candidate region stage of the 

Two-stage algorithm, the position coordinate value and category probability of the object are directly 

obtained. Representative algorithms such as YOLO and SSD [4]. 

This design uses Jetson Nano as the basic computing platform, as shown in Figure 1. NVIDIA Jetson 

Nano developer kit is a small artificial intelligence computer [5]. It is equipped with a quad-core 

Cortex-A57 processor, a 128-core Maxwell GPU and 4GB of 64-bit LPDDR memory. The official 

NVIDIA JetPack development component is provided. The CUDA-X platform has been added to the 

latest JetPack SDK, which contains more than 40 acceleration libraries for deep learning, computer 

vision, computer graphics and multimedia processing, and can run multiple in parallel at the same 

time Neural Networks [6]. Jetson Nano supports many common artificial intelligence frameworks, 

such as TensorFlow, Pytorch, Caffe/Caffe2 and Keras [7]. 

In the image and video capture and output interface, Jetson Nano provides a CSI video input interface, 

which can capture two channels of video at the same time and perform 4K display and processing. 

At the same time, Jetson Nano can also support the input of USB camera, which can simultaneously 
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access 4 channels of USB cameras and process them in real time. The Jetson Nano board supports 

HDMI or high-definition 4K display output. At the same time, the image data can be packaged into 

H.265 network format video files through the on-chip video encoder and transmitted to the remote 

for real-time display through the gigabit network port. 

 

Figure 1. Nvidia Jetson Nano 

2. YOLOv3-Tiny Framework 

YOLO is a target detection algorithm based on a fully convolutional neural network. Through a global 

convolution operation, the candidate frame size and target type are regressed to achieve real-time 

detection requirements [8]. YOLO absorbed the advantages of other algorithms to develop the 

YOLOv3 model, which improved the YOLO model's shortcomings in multi-target recognition and 

small target detection while maintaining the detection speed. The YOLOv3 model uses the Darknet-

53 network structure as the backbone network, introduces the Faster-RCNN a priori box, sets 9 types 

of a priori boxes generated by clustering, can better locate candidate boxes, and uses logistic output 

to support when predicting object categories Multi-label objects, through the multi-scale output layer, 

can achieve three target scales, 80 target detection. In order to speed up the calculation and reduce 

performance requirements, people further compressed the network structure and reduced the 

detection accuracy, and proposed a lightweight Tiny-YOLOv3 model [9]. The basic network structure 

of YOLOv3-Tiny is shown in Figure 2. 

 

Figure 2. YOLOv3-Tiny basic network structure 
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YOLOv3-Tiny is a streamlined version of the YOLO series of target detection algorithms. The 

backbone network has 7 3×3 convolutional layers, 6 pooling layers, the first 5 are pooling layers with 

a step size of 2, and the last is the pooling layer with a step size of 1. The model input is 416×416. 

After five pooling layers with a step length of 2, the final feature map size is 13×13 [10]. 

3. Target Detection Algorithm Deployment 

3.1 Making Training Data Sets 

In order to improve the accuracy of the training data, this system uses the VOC2012 data set. The 

VOC2012 data set is an upgraded version of the VOC2007 data set, with a total of 11,530 images. It 

provides training on a set of labeled images, as shown in Figure 3. The train/val data has 11,530 

images containing 27,450 ROI annotated objects and 5,034 segmentations. The twenty object classes 

that have been selected are: 

1) Person: person 

2) Animal: bird, cat, cow, dog, horse, sheep 

3) Vehicle: aeroplane, bicycle, boat, bus, car, motorbike, train 

4) Indoor: bottle, chair, dining table, potted plant, sofa, tv/monitor 

 

 

Figure 3. Classification of the VOC2012 data set 

 

3.2 Development Deployment Process 

Jetson Nano comes with ubuntu system, but it is recommended to re-burn the system. The main reason 

is that the original system version is low, which does not match the environment of the YOLOv3-

Tiny on PC. Jetson Nano is burned through a 32GB SD card. NVIDIA officially provides an SD card 

version of the system image. Format the SD card on the PC and burn the image file. Insert the SD 

card into the SD card slot at the bottom of the development board. After connecting Jetson Nano to 

the mouse, keyboard, and monitor, plug in the 5V power supply (USB power supply is used here) 

and power it on. After the boot configuration, it will enter the desktop as shown in Figure 4. 

 

 

Figure 4. Jetson Nano system interface 
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Since this paper is realizing real-time target detection. A camera needs to be installed. Jetson Nano 

provides a 12-channel CSI interface. The video captured by the CSI camera needs to be preprocessed 

through the GStreamer pipeline, and then sent to YOLOv3-Tiny for detection and identification. 

Step1. Put all the training images of the official VOC2012 data set into the JPEGImages folder, and 

generate three text files: test, val, and train under the main folder, where train is the training set, val 

is the verification set, and test is the test set. Finally, generate three text files in the darknet folder that 

store the absolute addresses of the training set, validation set, and test set samples in turn. The data 

set preparation work is complete. One thing that needs to be explained, if the user makes a data set 

by himself, use the image labeling tool “Labelimg”, which will directly generate the required label 

format. 

Step2. After establishing the data set, use the TensorFlow framework to design the target detection 

algorithm, and use GPU-equipped equipment for training. Finally, the trained model file is obtained. 

The training platform of this study is implemented based on a neural network framework and runs on 

a PC equipped with Intel Core i7-7700K CPU and Nvidia 1080Ti GPU. The network parameters are 

configured as follows: momentum is 0.9, weight attenuation is 0.0005, and the number of iterations 

is 50,000. In order to improve the recognition accuracy of the algorithm, a multi-step learning rate 

attenuation strategy is adopted. The initial value is set to 0.001, the number of changes is 30 000 and 

40 000, and the ratio is 0.1 and 0.1. 

Step3. After configuring Jetson Nano, copy the trained YOLOv3-Tiny network framework file 

(weight file) and darknet folder into the Jetson Nano system. Deploy the detection model to the Jetson 

Nano development board. Since the Jetson Nano system itself comes with Python, CUDA, CUDNN, 

TensorFlow and other environments, it facilitates the deployment of the model. Jetson Nano is 

connected to the HDMI display through the HDMI interface. After deployment, the Jetson Nano's 

target detection system can be observed on the screen in real time, and the target's location, category 

and confidence level can be interpreted. The test result is shown in Figure 5. 

 

 

Figure 5. Test results 

 

Figure 6. Loss curve 
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4. Experimental Results and Analysis 

This paper mainly applies the YOLOv3-Tiny algorithm to the Jetson Nano development board, using 

limited computing resources and storage resources to achieve low-cost real-time target detection and 

recognition. In order to improve the practicability and accuracy of the algorithm, this paper mainly 

uses the VOC2012 data set for training. Figure 6 shows the loss curve of the data set training. It can 

be seen that using the data set training can get a stable convergence result. 

During the real-time test, the number of frames captured by the camera can only be maintained at 

about 10fps. The recognition delay is more obvious. By checking the system process, it is found that 

Nano's memory is not enough. Running cuda, cudnn, and OpenCV environment calls occupy 42% of 

the memory, as shown in Figure 7. 

 

 

Figure 7. Jetson Nano running the YOLOv3-Tiny process 

 

In order to provide more resources for the YOLOv3-Tiny detection algorithm to run, it is necessary 

to increase virtual memory swap and increase 4G virtual memory. At the same time, in order to further 

reduce the waste of resources, the ubuntu graphical user interface is closed. After finishing these 

preparations, the test was conducted again, and the number of frames was increased to 20fps. The 

overall picture was relatively smooth, and it was able to recognize objects in real time, which 

generally met the expected requirements of this paper. 

5. Conclusion 

Convolutional neural networks have developed rapidly in the field of computer vision, and have 

repeatedly created amazing results. The method of deep learning has strong versatility and portability, 

and its applications have been extended to various fields. In this paper, the open source neural network 

of YOLOv3-Tiny and darknet is deployed on the Jetson Nano device, and a set of image input-

recognition-classification detection system is implemented, which simplifies the complex neural 

network running on traditional workstations and provides low-power portable mobile Image 

recognition equipment provides reliable theoretical verification. The successful transplantation of 

YOLOv3-Tiny to the embedded platform of this design also proves that the YOLOv3-Tiny algorithm 

satisfies the engineering requirements, which is beneficial to the development of mobile devices 

based on YOLOv3-Tiny. 
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