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ABSTRACT 
 

Detection and classification of moving targets in the different weather conditions are of great 

significance in the autonomous vehicle driving. Deep Convolutional neural networks (DCNNs) 

has been used to detect and classify target since 1998. More complicated neural networks have 

been evolved in order to classification and detection of the objects. However, deep convolutional 

networks cannot detect and classify the targets in night time conditions due to the low pixel density 

in the image. By the advancement of the high precision radar, the classification of the targets can 

be obtained by the using the micro-Doppler signatures (MDS) features. 

 

This study was focused on creating the MDS of the pedestrian and bird at different views of radar 

and Classification of moving pedestrians and birds is implemented using DCNN at night time 

based on radar-vision dataset. Simulated dataset is used in the experiments and proposed deep 

convolutional network can learn features of the vision and the micro-Doppler signature of the 

target Different types of micro-Doppler signatures of targets are obtained by considering the 

different kinematics of body segments of the pedestrian and bird at different radar position. DCNN 

is applied to process the Vision and micro-Doppler signatures for detection and classification of 

pedestrian and bird. The experimental results show that the proposed deep convolutional network 

can achieve superior accuracy in classification of the pedestrian and bird by using MDS of target 

at night-time conditions. 

 

Keywords: Deep convolutional neural network, Target detection, Classification, micro-

Doppler signature. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Overview 

Self-driving vehicles are capable of driving with little or no human support. Self-driving requires 

the integration of a variety of sensors such as cameras, radars, lidars and sonar to detect 

surroundings, artificial intelligence and control systems. In the past five years, although a huge 

impressive achievement in autonomous vehicle driving have been made, there are still several 

challenges to overcome for autonomous vehicle driving under bad weather condition or at night 

time. A decrease of the visibility range of camera sensors during the night time and in bad weather 

requires a different solution. And the strength in returned radar signal from moving objects far 

away is not enough to guarantee fully autonomous vehicle driving. That is why the combination 

of different types of sensors and artificial intelligence systems is essential for the real time 

recognition of different driving configurations. Camera and radar sensor fusion will be one of the 

strongest combinations for fully autonomous vehicle driving system design because of their mutual 

complementariness.     

In CNN’s, one label from a fixed set of categories is allocated to input image. Inspite of its 

simplicity image classification has a large number of application in computer vision. Many other 

apparently distinct computer vision can reduce to image classification. Image classification model 

takes a single image and assigns probabilities to different classes in the Network. 

 

Deep Convolutional neural networks (DCNN’s) are widely used to classify and detect the object 

in the image. DCNN’s created new opportunities by extracting the different features in the objects 

and detecting the objects in the images by the high level of the probabilities. This detection of the 

objects has created new opportunities in a different application like Self-driving cars, intelligent 

traffic surveillance, Car number plate detection, etc. 

 

The network is trained to classify the different classes in the image by using DCNN’s. DCNN’s 

can also perform various other applications like detection, segmentation, and localization. Neural 

networks have a lot of challenges in classification and detection problem. The detection should be 

implemented in real-time data. The DCNN’s cannot build very deep layers in the detection 

problem because it may affect the detection of the real-time data.  

Rader transmits an Electromagnetic signal to an object and receives a returned signal from the 

object. Based on the time delay of the received signal, radar can measure the rage of the object. If 

the object is moving, the frequency of the received signal will be shifted from the transmitted 

signal known as the micro-Doppler effect. The Doppler frequency shift is determined by the radial 

velocity of the moving object. Electromagnetic based images from the radar can be used to classify 

different types of images. 
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1.2 Problem Statement    

 

DCNN’s is not able to detect and recognize objects properly in the night and under bad weather 

conditions due to low pixel values in the images. Autonomous vehicles driving system requires 

the improvement of the performance in detection and classification in all weather conditions. 

Recently, the radar system is considered as one of the strongest candidates of back up sensors for 

autonomous driving. To realize that, DCNN’s must be designed to process the different radar-

vision image at the same time. 

1.3 Objectives of the Study 

1.3.1 Overall Objective 

 

The main objective of this study is classification of moving person and bird is implemented using 

DCNN’s at night time based on radar-vision dataset. 

 

1.4 Scope and Limitations of the Study 

 

Creating Micro doppler effect simulator for two different objects. Creating Yolov3 as a backbone 

of DCNN using Keras library in python. Application of TLT in order to retrain the network on the 

vision images. Implementation of detection and classification of the radar-vision images. 

Comparison of the classification precision for vision images with one of the EMW based images. 

Considering only two different classes. 118,287 images of a coco dataset are used for pre-training 

a YOLO network. The radar system has 2 input parameters wavelength and range resolution 

parameters, a person has 11 input parameters of body segments and velocity, and a bird has 5 input 

parameters of body segments and velocity. Three radar locations (front side, a back side, and left 

side) are considered for each parameter. The minimum, maximum and average values of each 

parameter are considered for creating the dataset. 

1.5 Thesis Outline 

 

The outline of this report is as follow 

In Chapter 2, the past work related to the detection and classification of the classes using DCNN’s 

are analysed. The concept of micro-doppler and past work on the micro-doppler signatures are 

extracted from the past literature. 

In Chapter 3, the methodology to be used in the kinematics of the bird and person, the frequency 

shift of the ellipsoid object, STFT, radar-vision datasets and DCNN architecture is discussed. 

In Chapter 4, the simulation results of the final system are discussed. 

Finally, in Chapter 5 a final deduction on the performance of the network and future 

recommendations to improve the network are also listed. 
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CHAPTER 2 

LITERATURE REVIEW 

 
This chapter presents the past research and experiments conducted on the DCNN’s and micro-

doppler signatures. This literature depicts that this has been a huge area of interest of the 

researchers and uncountable researches have been carried out. Some of the key research has been 

pointed out in the following text. 

 

2.1 History of Convolutional Neural Networks 

 

2.1.1 Related Work 

 

Neural networks are inspired from the biological nervous system of humans and animals. DCNN’s 

are connected in a complex way and capable of learning and adapting. McCulloch-Pitts (1943) 

reported about the threshold neurons back in the 1940’s(McCulloch & Pitts, 1943). In 1958, 

Rosenblatt showed the uses of the perceptron’s in order to process the information which can 

influence the recognition and behavior(Rosenblatt, 1958). M. Minsky-S. Papert (1969) solved the 

XOR problem using the perceptron’s [3]. D.E. Rumelhart (1986) proposed the multi-layered 

perceptron (Backpropagation) for the training of the neural network and solved different problems 

like local optima and overfitting. V. Vapnik (1995) proposed the SVM to find the losses in the 

neural network (Cortes & Vapnik, 1995). G. Hinton(2006) proposed a Deep Neural Network for 

the Hierarchical feature learning (Hinton, Osindero, & Teh, 2006). 

 

In the evolution of DCNN, many excellent DCNN structures have appeared. LeCun (1990) 

introduced the CNN which can classify the hand-written digits with the high accuracy(LeCun, 

1990). In 2012, Hinton and his student Alex has proposed a new CNN in image classification task 

won the first place. Alex net reduced the error of the network to 15.3%(Krizhevsky, Sutskever, & 

Geoffrey E., 2012). In 2013, Zfnet got the first price in ILSRVC. competition and error are reduced 

to 14.8%. we have 7 layers in the deep convolutional network(Zeiler & Fergus, 2014). In 

ILSVRC2014, Andrew proposed another proposed anew CNN (VGG NETWORK) which has 

high accuracy compared to the Alex net(Simonyan & Zisserman, 2014). When deep neural became 

popular many companies like Google, Microsoft and Facebook have invested lots of money in this 

area of the field. The depth of the convolutional has increased by the research of the top companies 

in the world. The research groups increased the accuracy of the classification the objects by 

increasing the depth of the DCNN.  

 

In 2014, google research group has proposed a new type of the convolutional layer architecture 

which has used introduced inception layer concept for setting the new type of architecture in the 

classification of the classes. Inception layers are used to reduce the dimensions of the image and 

to learn more features in the image for the object detection. The google net has deep 22 

convolutional layers in the architecture. The inception layer helped CNN’s to learn more features 

in the input of the image. The error of google network is around 6.67% (Szegedy et al., 2015). 

 

In 2015, Microsoft research group has proposed CNN which won got the first in the ILVSRC 

competition. Microsoft research group proposed residual CNN and residual network contains 152-
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layer deep residual neural network. These networks are easier to optimize and have a high accuracy 

than other networks. These networks proved that deeper networks will improve the performance 

level on different datasets. The error of this network is 3.57% which is very low compared to the 

other networks. (Wu, Zhong, & Liu, 2017) 

They are a lot of problems in the detection of the objects. They are several types of detection 

methods like R-CNN, Faster R-CNN, Mask-RCNN and YOLO networks.  R-CNN modules 

consist of three modules. Firstly, R-CNN generates we propose the region proposal boxes by using 

selective search. By using selective search, R-CNN almost proposes 2000 region proposal boxes 

in the input image. Secondly, large convolutional layers used to extract the features in the image. 

To extract the features from the image R-CNN reduces input image size to the 227*227 pixels. 

Lastly, R-CNN scores each pixel (feature) by using the SVM. R-CNN apply non-maximum 

suppression that rejects a region if it has an intersection over union (IOU) overlap with higher 

scoring selected region larger than a learned threshold. In ILSVRC (ImageNet Large Scale Visual 

Recognition Competition), the mean average precision(mAP) of the R-CNN is about 31.4% and 

got first place in the competition (Girshick, Donahue, Darrell, & Malik, 2014). 

 

Figure 2.1 R-CNN model (Girshick et al., 2014) 

There are a lot of object proposal methods. Object proposal methods include the selective search 

(grouping of the super pixels) and then sliding windows. In R-CNN, region proposals play an 

important role in obtaining the scores(Girshick et al., 2014). In OverFeat method, the fully 

connected layer is used to predict the bounding boxes and then it is converted into the 

convolutional to predict the multiple classes in the image(Sermanet et al., 2013).  

Fast R-CNN has achieved real time object detection by ignoring the time spent on the region 

proposals. Faster R-CNN has two modules: Deep fully convolutional network proposes the region 

and Fast R-CNN detector that adopts the proposed region. Fully connected layer takes an input 

image and outputs the set of the region proposals. In region proposals, the filter slides across the 

input image. This n*n filter takes the features of the window. This feature is feed into two modules 

as mentioned in the above. Regional proposal layer uses the 3*3 filters to extract the features in 

the image and by the followed by the 1*1 convolutional layer (Region and classification problem) 

(Ren, He, Girshick, & Sun, 2017)     
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Figure 2.2 Structure of the Faster R-CNN (Ren et al., 2017) 

The sliding of the window predicts multiple region proposals in the network. The maximum 

proposals of the network are denoted by the K. The region proposal layer estimates 4k proposal 

output in the network. The proposals are fed into the classification layer where it will help to 

classify the object in the input image. (Ren et al., 2017). 

 

Figure 2.3   Region proposal network (Ren, He, Girshick, & Sun, 2017) 

Mask R-CNN has the same two module steps of the faster R-CNN. In the first module, Mask R-

CNN have region proposal network. The second module predicts the class and box offset. Mask 

R-CNN outputs the binary mask for each RoI (Region of Interest). Therefore, most of the 

classification depends on the mask predictions. Mask finds the input object spatial layout. Mask 

encodes the spatial structure by pixel to pixel correspondence provided by convolutions. RoI Pool 

is a standard operation for extracting a small feature map for each RoI. RoI is divided into the 

spatial bins (which are quantized by themselves) and finally features are covered by each bin are 

aggregated(He, Gkioxari, Dollar, & Girshick, 2017).                    
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Figure 2.4 RoI align (kaiming, 2018) 

The dashed grid represents the feature map, the solid lines an RoI and the dots the 4 sampling 

points in each bin. RoIAlign computes the value of each sampling point by bilinear interpolation 

from nearby grid points on the feature. No quantization is performed on any coordinates involved 

in the RoI, its bins, or the sampling points. 

 

                                               

 
Figure 2.5 Architecture of the RESNET and FPN (feature pyramid network) 

Yolov1 (you only look once) predicts classes present in the image. Yolov1 has seen different types 

of convolutional networks detection methods by using classification problems. Yolov1 is one of 

the object detection methods where the problem is believed as a single regression problem. It can 

process the real-time image in 45 frames per second by using GPU. All the methods mentioned 

above discussed is a sliding approach where the classifier is run evenly spaced locations over the 

entire image. (Redmon, Divvala, Girshick, & Farhadi, 2015). 

Yolov1 detection system resizes the input to 448*448, runs a single convolutional network and 

thresholds the resulting detections by the model’s confidence. It can process in the images 145- 

frames per second. Convolutional layer predicts the multiple bounding boxes and class 

probabilities. Yolov1 outperforms the R-CNN and DPM. In yolo, the input image is divided into 

S*S grid. If the center of the object falls into grid cells, the grid is responsible for detecting the 

objects. (Redmon et al., 2015) 
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Figure 2.6 Classification and Detection of objects using YOLO (Redmon Farhadi,2015) 

In each gird cell, “B” bounding boxes are predicted using anchor boxes. The confidence score 

reflects the bounding box confidence score of each class in images. The confidence of the bounding 

boxes is predicted by the pr(object) * 𝐼𝑜𝑈𝑝𝑟𝑒𝑑𝑖𝑐
truth  .  In yolov1, the bounding boxes consists of the 5 

predictions (x,y,w,h). (x,y) represents the center of the box and w, h are  width and height estimated 

for each class in the image. The final prediction is calculated by the by using the logistic classifier 

in each image. Yolov1 predict total number of the classes in each grid cell and process the image 

detection and classification of objects by multiplying the class probabilities and individual box 

confidence prediction. 

                   Pr (Class/Object) * Pr(object) * 𝐼𝑜𝑢𝑃𝑟𝑒𝑑𝑖
𝑇𝑟𝑢𝑡ℎ = pr(classes) * 𝐼𝑜𝑈𝑝𝑟𝑒𝑑𝑖𝑐

𝑡𝑟𝑢𝑡ℎ            Equation 2.1  

Yolov1 is inspired by google net architecture. It uses the 1*1 filter size convolutional layer instead 

of the inception layer. The final output tensor of the network is 7*7*30 of predictions. The 

accuracy of the yolov1 network is very bad compared to the faster R-CNN networks because of 

network. Yolov1 network cannot find some of the small objects in the image. Yolov2 uses the 

region proposal networks instead of the fully connected layer to improve the performance of the 

network. 

Yolov2 proposed the joint algorithm that allowed us to train the object detectors on the 

classification and the detection. It has proposed the more convolutional layers in the network to 

learn more features in the image. Redmon has introduced 19-layer network that is used to train the 

different features in the image(Redmon & Farhadi, 2017). 

Yolov2 has added several ideas to improve its accuracy. Batch normalization, High-Resolution 

Classifier, convolutional with anchor boxes, dimension clusters, direct localization prediction, 

fine-grained features, Mini-scale training. These ideas have improved the accuracy of the yolo v2. 

Batch Normalization helped to increase the mean average precision by 2%. At each layer batch 

normalization technique is used to improve the performance of neural network. Batch 

normalization is helpful to avoid the overfitting of the neural network. In yolov2, the input image 



8 
 

size is set to 416·416·3 tensor to extract more features from the image. Redmon & Farhadi 

introduced anchor boxes instead of the spatial bounding to improve the mean average precision on 

the coco dataset. Yolov2 cannot select good anchor boxes at the initial stage. K-means dimension 

clustering is used on the input dataset to get the best bounding boxes for the input images. Yolov2 

want the best IOU scores, which is independent of the bounding boxes size. 

                                           D (box, centroid) = 1-IOU (box, centroid) 

Yolov2 runs k-means at k=9 to get good trade-off between the complexity and recall. The cluster 

centroid is shorter, wider and taller than the handpicked boxes. Yolov2 has highest average IoU if 

the cluster is equal to 9. 

Table 2.1 Performance of Yolov2 by using the box generation (Redmon Farhadi,2016) 

 

Because of the anchor boxes, the yolov2 can have more strength in the network. The stability 

comes in predicting the center coordinates of the boxes. Region proposal network predicts the 

values of the 𝑡𝑥 and 𝑡𝑦  and beneficial to predict the values of the center of the boxes. 

                                                             X = (𝑡𝑥* 𝑊𝑎) -𝑥𝑎                                                                     Equation 2.2 

                                                            Y = (𝑡𝑦 * ℎ𝑎) - 𝑦𝑎                                             Equation 2.3 

Instead of predicting the offsets of the network, Yolov2 predicts the location of the coordinates 

relative to the location of the grid cell. By using the logistic activation, Yolov2 constrain fall in 

range between 0 and 1. The network predicts the 5 coordinates of the network for each bounding 

box TX, Ty, Tw, Th and To. (Cx, Cy) are the offsets from the top left corner of the image. (Pw, 𝑃ℎ) 

are the offsets of the width and height. 

                                                                𝐵𝑥 = 𝜎 (Tx) + Cx                                             Equation 2.4  

                                                               𝐵𝑦 = 𝜎 (Ty) +Cy                                              Equation 2.5 

                                                                  𝐵𝑤= Pw 𝑒
Tw                                                  Equation 2.6 

                                                                    𝐵ℎ = 𝑃ℎ 𝑒
Th                                                   Equation 2.7  

                        Probability(object) * IOU (b, object) = 𝜎(𝑡0)                                         Equation 2.8 

Box Generation Centroids Avg IOU 

Cluster IOU 

Anchor Boxes 

Cluster IOU 

5 

9 

9 

61.0 

60.9 

67.9 

 



9 
 

 

 

Figure 2.7 Bounding boxes with dimension priors and location (Redmon Farhadi,2016) 

The input of the image can be resized into several sizes in the YOLO v2 to learn the features in 

the image. Instead of 416 * 416 input image, YOLO v2 resize the input image into the 320* 320 

to detect the object in real time. The network can run fast in smaller input size of the image. At 

input size of 288*228 Yolov2 network can perform at 90Fps which is recommended for the smaller 

memory size of GPU. At high resolution, yolov2 can learn more features in the image and the 

mean average precision of network can be improved to 78.6% (Redmon Farhadi,2016). 

Table 2.2    mAP and FPS at the different image input size (Redmon Farhadi,2016). 

                 

Detection framework Mean average precision(mAP) Frames per second (FPS) 

YOLO v2 228*228 

YOLOV2 352*352 

YOLOV2 416*416 

YOLOV2 352*352 

YOLOV2 352*352 

69.0 

73.7 

76.8 

77.8 

58.6 

91 

81 

67 

59 

40 
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Figure 2.8 The path from the YOLO to YOLOv2 (Redmon & Farhadi,2016) 

Yolov2 architecture composed of 19 convolutional layers and between each convolutional neural 

layer adds the max pool layer. In yolov2, the fully connected layer is removed and introduced the 

concept of anchor boxes. Yolov2 network got the accuracy about 76.8% on the coco dataset (Liu 

et al., 2016). 

Radmon & Farhadi introduced residual type of deep convolutional network to improve the 

performance on coco dataset. Yolov3 composed of 53 layers of deep convolutional neural network 

and adds up max pooling between each neural layer. Residual layers helpful to learn more features 

in each image and small objects in the image can detected (Redmon & Farhadi, 2018).  

Yolov3 estimates objectness score for each bounding box using logistic regression. Bounding box 

should overlap the ground truth object by more than any other bounding box prior(Redmon & 

Farhadi, 2018). The threshold value of 0.5 is used to detect whether the bounding box overlaps the 

ground truth.  Yolov3 uses the independent logistic classifiers instead of classifiers like support 

vector machine and SoftMax. (Redmon & Farhadi, 2018). Logistic classifier is helpful to find the 

mutually inclusive classes in the images whereas support vector machines and SoftMax unable to 

classify in the image.  

Yolov3 is very fast compared to all networks because of the bounding box concept. Yolov3 looks 

whole image at the same time to output the classes in the image. Retina net has the highest accuracy 

in all networks, but the network is 3.8 slower than the yolo v3 in processing the image(Redmon & 

Farhadi, 2018). 
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 Figure 2.9 Yolov3 network architecture (Ayoosh,2018) 

 

Figure 2.10   Inference time vs mean average precision (mAP) (Redmon & Farhadi,2018) 

  

 

 



12 
 

2.1.2 Rectified Linear Unit (ReLu) 

 

Rectified Linear Unit does not saturate in the positive region. Rectified Linear Unit is 

computationally effective and converges much rapidly than the tanh and sigmoid activation 

functions. However, Rectified Linear Unit will saturate at the negative values. It is also not zero 

centered. In the backpropogation, the weights cannot be updated because of the drawback in 

rectified Linear. ReLu is very popular and introduced from the Alex net CNN. 

 

                                                           F(x) = MAX(0,X)                                                 Equation 2.9 

 

The network may die if the learning rate is set too high in the ReLu activated network 

 

 
Figure 2.11 Activation function of Rectified Linear Unit (http://cs231n.stanford.edu) 

 

2.1.3 Leaky Rectified Linear Unit (Leaky ReLu) 

 

In the Leaky Rectified Linear Unit, small negative slope is multiplied instead of the zero to fix 

problem of the network. The Leaky activation does not saturate to zero because of the small 

negative slope. Gradient problem is fixed, and CNN’s can perform backpropagation efficiently.  

 

                                               F(x) = Max (0.01X, X)                                                 Equation 2.10 

 

 
Figure 2.12 Activation function of Leaky Rectified Linear Unit (http://cs231n.stanford.edu) 

http://cs231n.stanford.edu/
http://cs231n.stanford.edu/
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2.1.4 Regularization Techniques 
 

In training the DCNN’s, the network overfitting may occur due to the ability of learning of 

convoluted relationships between the input and output. In the DCNN, there is a probability of the 

underfitting of the data if the input data is very low. There is also probability of noise in the 

network. To prevent the overfitting of the DCNN’s different data types, regularization techniques 

are implemented.   

2.1.4.1 Dropout Regularization Scheme 

 

Dropout technique was established by the Srivastava. Dropout is used to destroy the overfitting of 

the data. Dropout establishes the probability of removing the neurons in the layer of the network. 

This helps CNN’s to study key features of the image input which will avoid the overfitting of the 

network. Dropout makes sure that the network is exactly same even if we abandon some neurons 

in each layer of the network.  Dropout is the best regularization technique. It helps to not bank one 

of the features as when use dropout any input feature can fade on random and hence dropout helps 

to spread out the weights. During training, dropout samples from an exponential number of thinned 

networks. At the test time, it is easy to approximate the effect of averaging the predictions of all 

these thinned networks by simply using a single untinned network that has smaller weights. This 

technique prevents the overall overfitting of the network(Srivastava, Hinton, Krizhevsky, 

Sutskever, & Salakhutdinov, 2014). 

 

2.1.5 Normalization Schemes 

 

The first step of the data pre-processing is the data normalization. Data normalization modifies all 

the data to have zero mean and variance. However, as the data flows through the network the 

distribution of the input to the internal layer will be changed which results in loss of the accuracy. 

To solve different problems, batch normalization was established to improve accuracy. 

 

2.1.5.1 Batch Normalization 

 

Batch normalization accelarates the learning of the data DCNN’s has many layers like 

convolutional layer, activation function layer, pooling layer, etc. Batch normalization is executed 

after every activation function to speed up the learning and tweak the accuracy of the layer(Ioffe 

& Szegedy, 2015) 

 

Given some intermediate values in the neural network X (1), X(2),………………………, X(n) 

  

From the hidden layers, we compute the mean and variance to be 

 

                                                      𝜇=
1

𝑚
∑ 𝑍(𝑖)𝑖                                             Equation 2.11 

 

                                                              𝜎2 =
1

𝑚
∑ (𝑍𝑖 − 𝜇)

2
𝑖                                       Equation 2.12 
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Normalize each                                          𝑍𝑛𝑜𝑟𝑚
(𝑖)

=
𝑍(𝑖)−𝜇

√𝜎2+𝜀
                                          Equation 2.12 

 

 

here √𝜎2 + ε   is the standard deviation where we add Epsilon for numerical stability. 

 

For hidden units 

                                                                    𝑍(𝑖) = 𝛾𝑍𝑛𝑜𝑟𝑚
(𝑖)

+ 𝛽                                        Equation 2.14                                          

 

where 𝛾 and 𝛽  are learning parameters, where these parameters are updated weights of the 

network. The dissimilar learning parameters can be chosen between the two learning parameters. 

By adapting the parameters, batch normalization can be used as the regularization technique and 

stops the network from the overfitting of the data. It enlarges the neural network stability. It 

normalizes the output of the activation layer in the DCNN’s. 

 

2.1.6 Weight Initialization Schemes 

 

The weight initialization can be done by using a random number but the performance of the neural 

network will be very poor and all activation function will become 0. In the DCNN, there are a lot 

of problems in the training. The network needs to initialize properly to get rid of the vanishing 

gradients and the loss of the network. Poor initialization of the networks may have several 

problems in the training of the network. 

 

2.1.6.1 Xavier Initialization 

 

Golrot and Bengio (2010) examined how the gradients and activation were varying across the 

different layers of the network. They normalized initialization method which created the effective 

balanced uniform distribution of the weight initialization (He et al, 2015). The initial weights are 

drawn from the uniform gaussian distribution that has o mean and precision variance. The 

recommended heuristic is to initialize each neurons weight vector. For this initialization technique, 

the initial weights of the layers are drawn from a uniform or Gaussian distribution that has 0 mean 

and precisive variance. As Glorot and Bengio (2010) have recommended, the following equation 

can be used for the calculation of the variance: 

 

 

                                                 Variance (Winti) = 
2

𝑛𝑋+𝑛𝑌
                                                Equation 2.15 

 

where W Initialization represents a specific neuron’s distribution that is present in the layer at 

initialization, ‘no’ is the number of neurons feeding into the variance, and the ‘ny’ represents the 

number of the neurons furnished by the output of this function(Glorot & Bengio, 2010). 
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2.1.7 Optimization Schemes 

 

Optimization of the network is done by updating the initial weights of the network. In the network, 

they are two steps: forward propagation and backward propagation. In the forward propagation, 

the network will go through several layers and gives the output. The SoftMax loss layer is used to 

estimate the error of the network. By backpropagation, chain rule is applied to compute the 

gradient of the loss function with respect to the inputs. Backpropagation uses these error values to 

calculate the gradient of the loss function. The gradients of the loss function are given to the 

optimization techniques to update the weights of the networks. The weights are updated to reduce 

the loss of the error. 

  

2.1.7.1 Stochastic Gradient Descent 

 

Adam was proposed by the Bottom (2010). The gradient is calculated using the backpropagation 

technique. The gradients are utilized to update the parameter weights. In training, the network 

Stochastic gradient descent uses the mini-batches to update the parameters. The training of the 

network is given to multiple GPU’s to improve the performance and training time of the network. 

SGD is the self-explanatory of the gradient update where it updates the gradients by minimizing the 

loss function. 

 

                                         X+ = -learning rate * Gradient                                             Equation 2.16 

 

 

Momentum update: 

 

Momentum update converges higher than the other approach. The loss can be interpreted as the 

height of the hilly terrain. Initializing the parameters with the random number is equivalent to 

setting a particle with zero initial velocity at the same location. The optimization can be seen as 

equivalent to the process of simulating the parameter vector as rolling on the landscape. 

 

2.1.7.2 Adaptive Moment Estimation (Adam) Optimization 

 

Adagrad is an adaptive learning rate method proposed by the Duchi et al.  SGD have only a single 

learning rate to update the weights of the network. The Adam optimization scheme computes the 

adaptive learning rate for each parameter weights. Instead of adapting the parameter learning rates 

depends on the average i.e. is depending on the mean of the first moment, Adam also utilizes the 

mean of the second moments of the gradients(Kingma & Ba, 2014). 
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2.2 History of Micro-Doppler Signatures 

 

If the object or any structural component of the object has an oscillatory motion in addition to the 

bulk motion of the object, the oscillation will induce additional frequency modulation on the 

returned signal. Micro-Doppler signatures (MDS) effect is measured in the frequency domain by 

taking the Fourier transform of the received signal(Lee & Ka, 2014). 

 

In the Fourier transform, the peak component indicates the Doppler frequency shift induced by the 

radial velocity of the object’s motion. The width of the Doppler frequency shift gives an estimate 

of the velocity dispersion due to the micro doppler effect. The MDS characteristics reflect the 

motion kinematics of a target and provide a unique identification of a target’s momentum. The 

kinematics of the typical nonrigid bodies are used for describing the human motion that is given. 

Doppler radius utilizes the Doppler effect to measure the radial velocity of a target. The Doppler 

frequency shift can be extracted by a quadrature detector that produces an in-phase component and 

a quadrature phase component from the input signal. 

 

 

 
Figure 2.13 Doppler shifts extracted by quadrature detector (Lee & Ka,2014) 

The I and Q outputs of the quadrature detector can also be used to detector whether the target is 

approaching or away from the radar. By comparing the relative phase between the I channel, and 

the 90-degree shifted Q channel, two flow channel one is approaching to the radar and the other is 

away from the radar can be provided.  

The frequency shift of the micro-Doppler effect can be used for the classification of the different 

types of objects. The Doppler and time graph represent different types of body parts of the person 

during the motion. 
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Figure 2.14 Micro-Doppler effect of the Person 

Youngwook Kim collected data by Doppler radar operating at 7.25 GHz and data collection 

contains the micro doppler signature only when the target is approaching the radar. Youngwook 

Kim considered four types of classes: human, dog, horse, and car. The dataset is obtained from the  

outdoor environment.  

 

 
Figure. 2.15 Sample spectrograms. (a) Human (b) Dog (c) Horse (d) Car (Youngwook,2016) 

Each sample spectrograms are considered with 2 sec time windows were extracted. Fast Fourier 

transform is used to analyze the spectrogram. In the figure, the MDS of a car does not have 
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characteristics like person or bird because the car does not exhibit vibrational and rotational motion 

in addition to the bulk motion. Therefore, Micro doppler of the car cannot show the detail 

characteristics of the MDS(Cao, Xia, & Li, 2018). 
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CHAPTER 3 

METHODOLOGY 

 

This chapter presents the procedure to obtain the MDS dataset of the moving person and bird by 

changing the different input parameters and neural network process. The first subchapter describes 

the basic concept of the radar micro doppler.  

3.1 Basic Concept of Radar 

 

Electromagnetic backscattering (EMB) can be used to derive the micro doppler effect of the 

translational and rotational velocity of the targets or structures of the target. EMB can be expressed 

through the motions of the target. Translational examination specifies that the translational motion 

of the target has the phase function of the scattered electromagnetic waves.  

In the Fig 3.1 shows the radar at the stationary position and the target has the translational and 

rotational velocity w.r.t to the radar then the target induced micro-doppler shift according to the 

kinematics of the target. In the Fig. 3.1 the radar position is at the (U, V, W) and the body position 

is at (x, y, z) local coordinates have the translational and rotations w.r.t to the radar coordinates. 

The reference coordinates (X, Y, Z) is used to notice the rotations of the object, where the target 

shares the same origin with the local coordinates and thus has the same translation but rotation 

position of the local coordinate’s changes w.r.t the reference coordinates.  

 

Figure 3.1 Translational and Rotation of target 

The Doppler frequency shift induced by the target is 

                                                       𝑓𝐷 = 
2𝑓

𝑐
 [ �⃗� + �⃗⃗�  ∗  𝑟 ]𝑟𝑎𝑑𝑖𝑎𝑙  .                               Equation 3.1                                                               



20 
 

Where the first term represents the translational velocity and the second term represents the 

rotational velocity of the target. 

3.1.1 Vibration Induced Micro-Doppler Modulation 

 

Figure 3.2 Translation of target from P to 𝑷′ 

In fig. 3.2 the radar is located at the (U, V, W) and (X, Y, Z) coordinates are translated w.r.t radar 

coordinates at time t. The point of scattering P is vibrating about the center of position O. �̅�0 is the 

distance between the radar point Q and the coordinates of the body center O. The azimuth and 

elevation angle of the point O with respect to the radar position Q are α and β. Here the scattered 

P is vibrating at the frequency 𝑓𝑉 with amplitude 𝐷𝑉. The azimuth and elevation angles of the 

vibration with respect to the local coordinates is α𝑝 and β𝑝. 

The point scatterer P moved from point (𝑋0, 𝑌0, 𝑍0)
𝑇 to the point (𝑋, 𝑌, 𝑍)𝑇 at time t due to the 

vibration at the point scatterer P 

                                            [
𝑋
𝑌
𝑍
] =  𝐷𝑉  sin(2 𝜋𝑓𝑉𝑡) [

𝑐𝑜𝑠α𝑝𝑐𝑜𝑠β𝑝
𝑠𝑖𝑛 α𝑝𝑐𝑜𝑠 β𝑝

𝑠𝑖𝑛β𝑝

] + [
𝑋0
𝑌0
𝑍0

].               Equation 3.2 

The velocity of the target due to vibration becomes 

         �⃗� =  2 · 𝐷𝑉 · 𝜋 · 𝑓𝑉 · 𝑡 cos (2𝜋𝑓𝑉𝑡) (𝑐𝑜𝑠α𝑝𝑐𝑜𝑠β𝑝, 𝑠𝑖𝑛 α𝑝𝑐𝑜𝑠 β𝑝, 𝑠𝑖𝑛β𝑝)
𝑇
.      Equation 3.3 

The micro-Doppler shift induced by the vibration is  

                  𝑓𝑚𝑖𝑐𝑟𝑜−𝐷𝑜𝑝𝑝𝑙𝑒𝑟(𝑡𝑟𝑎𝑛𝑠𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑙) = 
2𝑓

𝑐
 (�⃗� 𝑇 · �⃗�  ) 



21 
 

                          = 
4·𝐷𝑉·𝜋·𝑓·𝑓𝑉

𝑐
 [cos(α-α𝑝) ·cosβ·cosβ𝑝+ sinβ·sinβ𝑝] cos(2𝜋𝑓𝑉𝑡)        Equation 3.4 

 

3.1.2 Rotation Induced Micro-Doppler Motion 

 

Figure 3.3 Rotation of target from 𝑷′′ to 𝑷′ 

In Fig. 3.3 radar position is located at the point Q (U, V, W) and the body local coordinates of the 

target are (x, y, z) and the reference coordinates of the target are (X, Y, Z). Azimuth and elevation 

angle the radar with respect to the reference coordinate of the target is α and β. The local 

coordinates of the target changes with respect to the reference coordinates.  

According to the Rodrigues formula at time t the rotation matrix becomes 

                                          𝑅𝑡 =  𝐼 + �̂�1𝑠𝑖𝑛 Ω t + �̂�12(1 − 𝑐𝑜𝑠Ωt)                           Equation 3.5 

Where �̂�1  is sa kew symmetric matrix 

�̂�1  = [

0 −�̂�𝑧
1 �̂�𝑦

1

�̂�𝑧
1 0 −�̂�𝑥

1

−�̂�𝑦
1 �̂�𝑥

1 0

] 

The reference coordinate system at time t, the scatterer P will move from its initial location to a 

new location 𝑟  = 𝑅𝑡 · 𝑅𝐼𝑛𝑖𝑡𝑟 0 . Micro-Doppler effect shift induced by the rotation is  

                     𝑓micro−doppler(Rotational)  = 
2𝑓𝛺

𝑐
 [ �̂�1(�̂�1sin𝛺t + I cos 𝛺t)𝑅𝐼𝑛𝑡. �̅�0]        Equation 3.6 
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3.2 Ellipsoid Model for the Person and Bird 

 

Segments of the bird and person are defined using the ellipsoid. The ellipsoid is a closed surface 

which has the three perpendicular axes of the three coordinates and the three points intersection 

is called as the center of symmetry.  

 

Figure 3.4 Ellipsoid 

 

Here a,b,c are axial length of the ellipsoid. 

As shown in the below Fig. 3.5 the pedestrian and bird model is build using ellipsoid model 

 

Figure 3.5 Ellipsoid model of a person and a bird 
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3.3 Person Model 

 

3.3.1 Person walking model: 

 

The person motion can be fragmented into periodic motion. The person motion can split into the 

stance phase and swing phase. Stance phase composed of three phases: double support, right single 

limb stance, and double support. Stance phase composed of five phases: Heel Strike, mid-stance, 

Heel-off, and Toe-Off. Swing phase has three events; Acceleration, Mid-swing, and Declaration.  

 

Figure 3.6 Periodic motion of person for one cycle 

A mathematical model is built with a set of the equation and simulated using MATLAB. The 

simulated model can be used to analyse the result of the single parameter with the other parameter. 

The simulated models are advantageous to test at various conditions. The simulation models are 

significant to find the effect of the momentum of the body at various conditions. 

3.3.2 Scalling of Person Model 

In the simulation of the person, the cycles are divided into time frames. At each scalling frame the 

kinematics and frequency of each segment at each sample of ‘u’ are calculated. Scaling is 

                                                                      I =
1

N
                                                         Equation 3.7 

                                                                     u = [0: I: 1 − I]                                       Equation 3.8 

here, ‘I’ is the scaling interval. 𝑁 is the number of frames per cycle. u is the scaling span for one 

cycle. At each sample the position of 17 trajectories of person is calculated. A person consists of 

a head, a torso, a hip, upper legs, lower legs, foot, upper arms, and lower arms.  
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                                                                     𝐿 = 1.346 √𝑉𝑃                                        Equation 3.9 

                                                                        D = 
𝐿

𝑉𝑃
                                                  Equation 3.10 

                                                           S = 0.752 𝐷 − 0.143                                      Equation 3.11 

                                                             t = D · No. of cycles                                       Equation 3.12 

Here, L (m) is the relative length of one cycle expressed empirically. 𝑉𝑃 (m/s) is relative velocity 

of a pedestrian. D (sec) is duration for one cycle. S is the duration of support expressed empirically.  

t (sec) is total duration of time 

3.3.3 Person Kinematics 

 

Denavit-Hartenberg convention (D-H convention) is used to describe the position the person links 

and joints. The person each segment location is allocated along the z-axis. The segments of the 

person are considered as the rigid link, such that segment size, shape, and moments of the inertia 

do not change. The person momentum has the six degrees of the freedom: Three Position of the 3-

D cartesian and three Euler angles of rotation. The figure shows the D-H convention used to 

describe the position of links and joints. 

 

Figure 3.7 D-H convention used to determine the position of links and joints 

Boulic, Thalmann proposed a person walking model based on the empirical parameterization using 

biomechanical experimental data. The data of the person walking model is collected from the 

different types of sensors such as gyroscope, accelerometers, and magnetometers or the passive 

sensors. The Graphical Laboratory of CMU used 12 infrared cameras to capture motion of a person 

with 41 markers placed on the body segments.  
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Boulic, Thalmann, and Thalman provided data of the position and orientation and proposed 

equations of the motions of the person walking model. The equations of the motions of the model 

which have 17 trajectories, 3 translation, and 14 rotation parameters. 

Table 3.1 Translation position and Rotational angles 

Trajectory Translation Body Rotation Left Rotation Right Rotation 

Vertical translation 

 

Lateral Translation 

 

Translation 

forward/backward 

 

Rotation 

forward/backward 

 

Rotation left/right 

 

Torsion rotation 

 

Flexing at the hip 

 

Flexing at the knee 

 

Flexing at the ankle 

 

Motion of the thorax 

Flexing at the shoulder 

 

Flexing at the elbow 

 

TV(u) 

 

 TL(u) 

 

TFB(u) 

 

 

 

 

 

 

 

 

𝛳𝐹𝐵(𝑢) 
 

 

𝛳𝐿𝑅(𝑢) 
 

𝛳𝑇𝑂(𝑢) 
 

 

 

 

 

 

𝛳𝑇𝐻(𝑢) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝛳𝐻(𝑢) 
 

𝛳𝐾(𝑢) 
 

𝛳𝐴(𝑢) 
 

𝛳𝑆(𝑢) 
 

𝛳𝐸(𝑢) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝛳𝐻(𝑢 + 0.5) 
 

𝛳𝐾(𝑢 + 0.5) 
 

𝛳𝐴(𝑢 + 0.5) 
 

𝛳𝑆(𝑢 + 0.5) 
 

𝛳𝐸(𝑢 + 0.5) 

 

1) Vertical Translation: Vertical offset of the center of the spine from the height of the spine. 

                                             TrVertical(u) =−av + avsin(2π(2u − 0.35))                 Equation 3.13 

Where                                                                −𝑎𝑣 = 0.015𝑉𝑝. 

here  𝑉𝑝 is the velocity of the person. The vertical translation position of person in one cycle is 

shown in the Fig 3.8. (𝑉𝑝 = 2 𝑚/sec ) 
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Figure 3.8 Vertical translation 

2) Lateral Translation: Lateral translation is the lateral oscillation of the center of the spine.  

                                                 TrLateral (u) = a1sin (2π(2u − 0.1)]                         Equation 3.14 

Where 

              𝑎1 = −0.032                                          (𝑉𝑝 > 0.5) 

            𝑎1 = −0.128𝑉𝑝
2 + 0.128𝑉𝑝                  (𝑉𝑝 < 0.5)  

 

The lateral translation position of person in one cycle is shown in the Fig 3.9. (𝑉𝑝 = 2 𝑚/sec ) 

 

 

Figure 3.9 Lateral translation 
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3) Translation forward/backward:  Translation forward/backward is the body acceleration and 

deceleration when advancing a new step and stabilizing the leg.  

                                           TrF/B(u) = −aF/B sin(2π(2u + 2φF/B)                          Equation 3.15 

Where 

   𝑎𝐹/𝐵 = −0.021                                          (𝑉𝑝 > 0.5) 

 𝑎𝐹/𝐵 = −0.084𝑉𝑝
2 + 0.084𝑉𝑝                  (𝑉𝑝 < 0.5) 

The translation of person forward/backward position in one cycle is shown in the Fig 3.10. (𝑉𝑝 =

2 𝑚/sec ). 

 

Figure 3.10 Translation forward and backward 

4) Rotation forward/backward: Rotation is a flexing movement of the back of the body relative to 

the pelvis before each step to make a forward motion of the leg.  

                                  RoVertical (u)=−arF/B +  arF/B sin(2π(2u − 0.1)]                  Equation 3.16 

Where 

    𝑎𝐹/𝐷  =  2                                    (𝑉𝑝 > 0.5) 

 𝑎𝐹/𝐷 = −8𝑉𝑝
2 + 8𝑉𝑝                  (𝑉𝑝 < 0.5) 

 

The rotation forward/backward angle of person in one cycle is shown in the Fig 3.11. (𝑉𝑝 =

2 𝑚/sec ). 
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Figure 3.11 Rotation forward/backward 

5) Rotation left/right: This a flexing moment that makes the pelvis fall on the side of the swinging 

leg. The piecewise function of the rotation is defined by 

              RoL/R (u)=

{
 
 

 
 

 −arL/R +  arL/R cos (2π(10u/3)) (0 ≤ u< 0.15)          

−arL/R − arL/Rcos (2π (
10(u−0.15)

7
) ) (0.15 ≤ u <0.5)

−arL/R − arL/R {cos (2π (
10(u−0.5)

3
)) (0.5 ≤ u <0.65)

−arL/R +arL/R {cos (2π (
10(u−0.65)

7
)) (0.65 ≤ u <1)

          Equation 3.17 

 

where −arL/R = 1.66 𝑉𝑃 

The rotation left/right angle of person in one cycle is shown in the Fig 3.11. (𝑉𝑝 = 2 𝑚/sec ) 

 

Figure 3.12 Rotation left/right 
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6)Torsion Rotation: Pelvis rotates relative to the spine to make a step. The rotation defined in 

degrees is 

                                                RoTor(u) =  −arTor cos(2π · u)                                 Equation 3.18 

Where                                                     𝑎𝑟𝑇𝑜𝑟 = 4𝑉𝑝. 

The torsion rotation angle of person in one cycle is shown in the Fig 3.12. (𝑉𝑝 = 2 𝑚/sec ) 

 

Figure 3.13 Torsion rotation 

 

7) Flexing at the hip: Three control points to be fitted in the cycle of the person. The flexing 

function of the hip in degrees plotted in figure 3.13.  

 

Figure 3.14 Flexing at the hip 
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8) Flexing at the knee: Four control points to be fitted in the cycle of the person. The flexing 

function of the knee in degrees plotted in figure 3.14. 

  

Figure 3.15 Flexing at the knee 

9) Flexing at the elbow: Three control points to be fitted in the cycle of the person. The flexing 

function of the elbow in degrees plotted in figure 3.15 

 

Figure 3.16 Flexing at the elbow 

10) Flexing at the ankle: Five control points to be fitted in the cycle of the person. The flexing 

function of the ankle in degrees plotted in figure 3.16 
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Figure 3.17 Flexing at ankle 

11) Flexing at the shoulder: Shoulder function has left and right rotations in the one cycle. The 

flexing function is 3.17 

                                                   RoShould = 3 – arShould cos (2π · u)                         Equation 3.19 

Where                                                                arShould = 9.88 Vp 

 

Figure 3.18 Flexing at the shoulder 

 

12) motion of thorax: Four control points are fitted in the cycle of the person. The flexing function 

of the ankle in degrees plotted in figure 3.18. 
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Figure 3.19 Motion of thorax 

The 3-D orientation of a body segment is determined by locating the 17 joint points based on the 

body reference coordinates centered at the origin of the spine. By using the 17 trajectory rotational 

angles and translation of the person the position the segment is determined using the Euler rotation 

matrix. where the roll angle α, the pitch angle β, the yaw angle γ. 

RX =  [
1 0 0
0 cosα −sinα
0 sinα cosα

] ; RY =  [
cosβ 0 sinβ
0 1 0

−sinβ 0 cosβ
] ; RZ =  [

cosγ −sinγ 0
sinγ cosγ 0
0 0 1

] ;   

                                                             RXYZ = RZ · (RY · RX)                                       Equation 3.20 

                                 A = RXYZ · B  + TrVertical(u) + TrLateral (u) + TrF/B(u)             Equation 3.21 

where k=1, 2, 3…17 is the trajectory of the person. 

here, B =(Xk
o(u), Yk

o(u), Zk
o(u))T  is the initial position of trajectories. A = (Xk(u), Yk(u), Zk(u))

T 

is final position of trajectories at each ‘u.  
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Figure 3.20 Trajectories of person 

The order of the calculation of the final trajectory is calculated considering the multiple rotation 

angles of the person. The final trajectory of the 17 trajectories is divided for the upper body and 

the lower body for the calculation of the final position. 

 

Figure 3.21 The order of calculation of the positions of 14 rotations 
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There are 16 midpoints and 17 trajectories (k) in the body: new coordinates, (Xk(u), Yk(u), Zk(u)). 

For every single trajectory are computed based on their original coordinates and changes in 

coordinates by flexing movements and translations. The coordinates are defined by (𝑋𝑖
′(u), 𝑌𝑖

′(u), 

𝑍𝑖
′(u)) at each u based on the two neighbouring coordinates, (Xk(u), Yk(u), Zk(u)). 

3.4 Bird Model 

3.4.1 Scaling of Bird Model 

In the simulation of the bird, the cycles are divided into time frames. At each time frame the 

kinematics and frequency of each segment at each sample of time ‘u’ are calculated. Time 

sampling is 

                                                                 tInt =
t

N
                                                         Equation 3.22 

                                                             u = [0: tInt: t − tInt]                                       Equation 3.23 

here, 𝑡𝐼𝑛𝑡 (sec) is time of in the interval. 𝑡 (sec) is total the duration of time. 𝑁 is the number of 

samples for 𝑡. u is time span. 

At each sample of time, the position of each segment for objects must be calculated. A bird has 

the main body, upper arms, and forearms. A person consists of a head, a torso, a hip, upper legs, 

lower legs, foot, upper arms, and lower arms.  

For a bird case, t = 4 (sec) & N = 8192 and for a person case, t = 1 sec & N = 1500. 

3.4.2 Bird Kinematics 

 

The simple kinematic model of the two jointed wings of the bird is considered as shown in fig. the 

simulation model considers several parameters to get the micro doppler effect of the bird. 

Flapping angle of the upper arm: The flapping angle of the upper arm is a harmonic time-varying 

function defined by 

                                                    Ψ1(u) = A1cos(2Πfflapu) + Ψ10                            Equation 3.24 

here,  Ψ1(u) (degrees) is the flapping angle of the upper arm. A1(degrees) is the amplitude of the 

upper arm flapping wing?  fflap(Hz) is flapping frequency. Ψ10 (degree) is the lag of the flapping 

angle of the upper arm. 

Flapping angle of the forearm: The flapping angle of the forearm is a harmonic time-varying 

function defined by 

                                                     Ψ2(u) = A2cos(2Πfflapu) + Ψ20                             Equation 3.25 
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Ψ2(u) (degrees) is the flapping angle of the forearm. A2(degrees) is the amplitude of the forearm 

flapping wing. Ψ20 (degree) is the lag of the flapping angle of the forearm. 

Twisting angle of the forearm: the twisting angle of the forearm is a harmonic time-varying 

function given by 

                                                     φ2(u) = C2cos(2Πfflapu) + φ20                           Equation 3.26 

φ2(u) (degrees) is the twisting angle of the forearm. C2 (degrees) is the amplitude of the forearm 

twisting wing. 

 

Figure 3.22 Simple kinematic model of the bird wing with two jointed segments 

The position of the tip of the upper arm  

                                                  

X1(u) = Vb· u                                      

Y1(u) = L1 cos (Ψ1(u) ·
π

180
)         

Z1(u) = Y1(t) · tan (Ψ1(u) ·
π

180
) 

                              Equation 3.27 

The position of the tip of the forearm 

                            

X2(u) = X1(u) - (Y2(u)  - Y1(u)) tan (d ·
π

180
)                                   

Y2(u) = L1 cos (Ψ1(u) ·
π

180
) + L2 cos (φ2(u) ·

π

180
)                       

Z2(u) = Z1 (u) + (Y2(u)  - Y1(u) ) · tan ((Ψ1(u) −Ψ2(u)) ·
π

180
)

   Equation 3.28 

here, d = 
φ2(u)

cos[Ψ1(u) −Ψ2(u)]
 . L1 (m) is the length of the upper arm. Vb (m/s) is forward translational 

velocity of a bird. L2 (m) is the length of the forearm. 

The center, (𝑋3
′ (u), 𝑌3

′(u), 𝑍3
′ (u)) of the body position is defined by the two points (A and B). The 

mid position, C (𝑋2
′ (u), 𝑌2

′(u), 𝑍2
′ (u)) shown in fig 5.2 must be computed at each sample of time 

with the coordinates of the two tips of arms. And the mid position, D (𝑋1
′(u), 𝑌1

′(u), 𝑍1
′ (u)) also can 
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be calculated by the tip of an upper arm and the center of the body coordinates. E and F are 

computed in the same way because a bird has symmetric body.   

 

Figure 3.23 Center of the bird body 

 

 

 

 

 

 

3.5 Doppler frequency of the Ellipsoid model 

 

 

Figure 3.25 Doppler shift calculation 

 

C   
D   

Figure 3.24 Midpoint of the bird body 

E   F  
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The Doppler frequency shift of the person and bird is different from the rigid body because of the 

structure of the person and bird. The Doppler frequency shift of each segment in the person and 

bird at each sampling time ‘u’ is calculated. The EMB of the radar cross-section is  

                                          RCS =  
𝝅 · a2·b2·c2 

(a2cos2(φ) sin2(θ)+b2sin2(θ) sin2(φ)+c2cos2(θ))2
                Equation 

3.29 

Here, a, b, c is the semi axial length of the body segment and θ and φ are the elevation angle and 

azimuth angle of the body segment with respect to the radar. 

The azimuth angle is calculated by 

𝜑 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
𝑋

𝑌
)   Equation 3.38 

The elevation angle is calculated by  

                                                           𝜃 = 𝑎𝑟𝑐𝑡𝑎𝑛 (
√𝑋2+𝑌2

𝑍
)                                        Equation 3.30 

The distance between the body segment and the radar is calculated 

                                   dis =√(𝑋𝑖
′(u) − U)2 + (𝑌𝑖

′(u) − V)2 + (𝑍𝑖
′(u) −W)2           Equation 3.31 

{
for birds i = 1, 2, 3                
for people i = 1,2… ,16

  

here (𝑋𝑖
′(u), 𝑌𝑖

′(u),𝑍𝑖
′(u), )) is the body segment positions at each sample of time. (U, V, W) is the 

location (m) of the radar. 

                                                        x(u) = √𝑅𝐶𝑆 ·exp(
−j ·4· π ·dis

λ
)                              Equation 3.32 

x(u) is the frequency of each segment at each sample of time ‘u’. i is Number of the midpoints 

between the two neighbouring joints. 

3.6 Time-Frequency Analysis of Micro-Doppler Effect 

Fourier transform method is used to analyse the frequency shift over time. Fourier transforms 

shows the distribution of the magnitude and the phase at different frequencies contained in the 

signal during the time interval. When the target has the vibration and rotations then the frequency 

spectrum of the signal indicates the presence of the frequency modulation. Due to lack of the 

complicated time information of the frequency shift of the vibration and rotation object the time-

frequency cannot provide more complicated information in the time-frequency shift analysis. 
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The time-varying frequency shift is analysed using the high-resolution transform which 

characterizes the temporal and spectral behaviour of the analysed signal. STFT is used to analyse 

the time-frequency shift of the target. If the window function g(t) which will slide along the 

timeline, the time-domain Doppler signal is designated as x(t); its STFT can be expressed as  

                                     𝐹𝑆𝑇𝐹𝑇(𝑡, 𝑓) = ∫ 𝑥(𝑢)𝑔∗ (𝑢 − 𝑡)
∞

−∞
exp(-j2𝛱fu) du                  Equation 3.33 

In our research work gaussian window is used, then 𝐹𝑆𝑇𝐹𝑇(𝑡, 𝑓) can be expressed as 

                                     𝐹𝑆𝑇𝐹𝑇(𝑡, 𝑓) = ∫ 𝑥(𝑢)𝑒𝑥𝑝(−
𝑡−𝑢

2𝜎2
) 

∞

−∞
exp(-j2𝛱fu) du               Equation 3.34  

 

3.7. Radar-Vision Input Dataset 

 

3.7.1 Input Dataset of Person and Bird 

 

Dataset is the backbone for the CNN’s. Two types of images are created using the simulator. Vision 

images are created by changing the different parameters of the bird and person. Vision images are 

created to know the effect of the low pixel value of the images on the neural network. Total of 

1300 images is collected for training, validation, and testing. (training: 70%, validation: 8%, 

testing: 12 %). In the testing dataset, the target model colour and background colour pixels are set 

to the very low value. The effect of the pixel value is found by calculating the mean average 

precision. The target model colour is set to [R, G, B] = [50, 50, 50]. For the black background [R, 

G, B] = [0, 0, 0]. 

Table. 3.2 Training Dataset and Testing Dataset 

Dataset Radar 

Location 

Target Image Pixel Values 

[R, G, B] 

Parameters 

Training & Validation 

Dataset  

[White Background] 

[5,0,0] 

[-5,0,0] 

[0,5,0] 

[185,185,185] 

[185,185,185] 

[185,185,185] 

All the mentioned in the 

table. 3.3,3.4 & 3.5 are 

considered for creating 

input datasets. 

mAP Calculation [5,5,0] [185,185,185] Height and velocity 

changes are considered 

Testing Dataset  

White background 

 

[5,5,0] 

 

[50,50,50] 

Height and velocity 

changes are considered for 

testing of the white 

background, Black 
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Black background [5,5,0] [50,50,50] 

[5,5,5] 

background, and MDS 

images. 

 

The radar parameters of the person and bird are mentioned in the below table.3.2. Radar 

spectrograms are created for the walking person and bird model range from 0.02 m and 0.05 m 

following a normal distribution, range resolution range from 0.01 m and 1.5 m with normal 

distribution are considered. 

Table 3.3. Radar input parameters 

Input Parameters Minimum Value Maximum Value 

Range Resolution   

Wavelength 

0.01 m 

0.02 m 

1.5 m 

0.05 m 

 

EMB of radar cross section changes with the change of the input parameters. By change in the 

position of the radar backscattering also changes. Radar spectrograms of the different views are 

studied and used as the dataset for the neural network. Each segment maximum value and 

minimum value with normal distributed is considered to create the input dataset. Input parameters 

mentioned in the below table changed to create the 900 radar spectrograms of the person. All the 

parameters are considered when the radar position at the [5 m,0 m, 0 m], [-5 m, 0 m,0 m] and [0 

m,5 m,0 m].  

Table 3.4. Person input parameters 

Input Parameters Minimum 

Value 

Maximum 

Value 

Input Parameters Minimum 

Value 

Maximum 

Value 

Range Resolution 

Height of the Person 

Relative Velocity 

Number of Cycle 

Wavelength 

Shoulder Length 

0.01 m 

1.0 m 

1 m/sec 

1 cycle 

0.02 m 

0.1 m 

1.5 m 

2.0 m 

3.0 m/sec 

No limit 

0.05 m 

0.4 m 

Torso length 

Hip Length 

Upper leg length 

Lower leg length 

Foot length 

Upper arm length 

0.2 m 

0.09 m 

0.17 m 

0.17 m 

0.1 m 

0.075 m 

0.6 m 

0.25 m 

0.52 m 

0.53 m 

0.3 m 

0.4 m 
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Head Length 0.1 m 0.3 m Lower arm lngth 0.075 m 0.35 m 

 

Input parameters of the bird model are changed to create 500 radar spectrograms at the different 

views. Each segment maximum value and minimum value with normal distributed is considered 

to create the input dataset. All the parameters are considered when the radar position at [5 m,0 m, 

0 m], [-5 m, 0 m,0 m] and [0 m,5 m,0 m]. Training, validation and testing images for Inception v3 

are collected by changing the different parameters of the bird and person at the different views. 

Total 1000 images are collected for training, validation and testing (training: 80%, validation: 

10%, testing: 10 %). 

Table 3.5. Bird input parameters 

Bird Parameters Minimum Parameters Maximum Parameters 

Forward Translation Velocity 

Length of Upper ARM 

Length of Fore Arm 

Height of the body 

Flapping Angle of Upper Arm 

Flapping Angle of Lower Arm 

Height of the wing 

The lag angle of the upper arm 

The lag angle of the forearm 

1 m/sec 

0.4 m 

0.4 m 

0.4 m 

35 degrees 

50 degrees 

0.1 Meters 

15 degrees 

40 degrees 

 

3 m/sec 

1.0 m 

1.0 m 

1.0 m 

55 degrees 

70 degrees 

0.20 meters 

30 degrees 

60 degrees 

 

3.7.2 Simulations of the Walking Person and Bird Model 

Input parameters of the person and bird model are changed for the dataset. Person and bird model 

pixel and the background colour is changed for the test dataset. Effect of the low pixel value of 

test dataset is calculated using the yolov3 network. MDS of the target will not change even the 

pixel value target and the background is changed. MDS of the target depends on the kinematics of 

the target. The following figures shows how the change of the radar performing MDS at different 

positions. 
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When a person is moving with the velocity V =1 m /sec, height h = 1 m towards the radar location 

then the MDS of the person is shown in figure  

  

Figure 3.26 Micro-Doppler Signature of person moving towards radar 

When a person is moving with the velocity V =1 m /sec, height h = 1 m away from radar location 

then the MDS of the person is shown in figure  

  

Figure 3.27 Micro-Doppler Signature of person moving away radar 

 

When a person is moving with the velocity V =1 m /sec, height h = 1 m left side radar location 

then the MDS of the person is shown in figure  
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Figure 3.28 Micro-Doppler Signature of person moving left side of radar 

When the bird is moving with the velocity V =1 m /sec towards the radar location then the MDS 

of the bird is shown in the figure. 

    

Figure 3.29 Micro-Doppler Signature of bird moving towards radar 
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When the bird is moving with the velocity V =1 m /sec away from radar is located then the MDS 

of the bird is shown in the figure. 

   

Figure 3.30 Micro-Doppler Signature of bird moving away radar 

 

When the bird is moving with the velocity V =1 m /sec left side of radar is located then the MDS 

of the bird is shown in the figure. 

 

Figure 3.31 Micro-Doppler Signature of bird moving left side 
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3.8 A.I System for Person and Bird Radar-Vision Image Data 

 

3.8.1. Data Pre-processing for Yolov3 

 

This research has two types of classes: person and bird. Input dataset must be pre-processed to 

train the yolov3. The images must be annotated to train the network. The annotations of the images 

are created and saved in the labeling software. In the labeling software, the image is converted to 

the X, Y scale according to the dimension of the image and the (Xmin, Ymin, Xmax, Ymax, Class 

id) information is stored in the annotation file. 

 

Figure 3.32 Annotation of the Image Using labelling Software 

 

3.8.2 Yolov3 architecture and process 

Yolov3 architecture is build using Keras library in python. In the yolov3, darknet 53 network is 

built step by step as shown in the table. After the yolov3 layer, the detection is made at three 

different sizes. In the table mentioned below.  Darknet 53 CNN is built according to the sequential 

layer by layer structure.  The features are extracted using the darknet 53 network.   
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Figure 3.33 Architecture of Darknet 53 in Yolov3 

Extracted features are used to detect the object at three different shapes. K -means clustering is 

used on the input dataset to find the best detector anchors for the yolov3. Total of nine anchors is 

calculated from the input dataset. Small size anchors are used to calculating small detector, 

medium anchors are used at the medium detector and large anchors are used at the large detector. 

Nine anchors calculated from the input dataset  are  
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Figure 3.34 Architecture of last layers after Darknet 53 

For pretraining the yolov3 network, total 118,287 images of COCO dataset is considered. Total of 

1300 images is used for training, validation, and testing. (training: 70%, validation: 8%, testing: 

12 %). The input shape of the images is set to the 416*416*3. Yolo loss function is used to find 

the loss in each iteration. Yolov3 is trained up to 100 epochs using the training data and validation 

data. Different types of hyperparameters are considered to prevent underfitting and overfitting. 



47 
 

Table 3.6 Yolov3 input options 

Input options YOLO v3 

Input Image Size 

Initialization 

Activation Function 

Loss Function 

Classifier 

Optimizer 

Regulations 

Learning rate 

Epochs 

Batch Size 

Batch Normalization 

416*416*3 

Xavier initialization 

Leaky Relu, Linear 

Yolo loss 

Logistic classifier 

Adam 

Dropout = 0.3 

0.03 

100 

8 

Yes 

 

As shown in the figure the collected data of the yolov3 is pre-processed for training the network. 

In the yolov3, a training dataset is used to train and fit the model (Weights and biases in the case 

of the Neural Network). Validation dataset is used to evaluate a given model, but this for frequent 

evaluation. The dataset is used to fine-tune and update the model hyperparameters. The model 

occasionally sees this data, but never does it learn from the validation dataset. Test dataset is used 

to evaluate the model (calculate MAP) by using the trained weights. The logistic classifier is used 

as the classifier for the yolov3 network. 
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Figure 3.35 YOLO v3 process 

3.8.3 Inception V3 architecture and Process 

Inception v3 (google net) model is used to classify the MDS of the different target. Inception v3 

model is created using tensor flow in python. Inception v3 contains three types of the modules: 

module A, module B, module C. Google researchers updated the model of inception v1 for the 

better performance of the network. In the inception v3, the radar spectrograms are pre-processed 

to the input shape of the 299*299*3 for training in the network.  

 

Figure 3.36 Inception v3 network architecture 
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In module A, 5*5 size filters are replaced with the 2 of 3*3 size filters. In module B, 7*7 filters 

are replaced with the 2 of 1*7 and 2 of 7*1. In module C, the high dimensional representations are 

used in the network. 

      

 

For pretraining the network, total 1.2 million of 1000 classes ILSVRC dataset is used. Total 1000 

images are collected for training, validation and testing (training: 80%, validation: 10%, testing: 

10 %). The input shape of the images is set to the 299*299*3. The cross-entropy loss function is 

used to find the loss in each iteration. Inceptionv3 is trained up to 200 epochs using the training 

data and validation data. Different types of hyperparameters are considered to prevent underfitting 

and overfitting. SoftMax is used as the classifier for the inception v3 network. 

Table. 3.7 Inceptionv3 input options 

Input options Inception v3 

Input Image Size 

Initialization 

Activation Function 

Loss Function 

Classifier 

Optimizer 

Regulations 

Learning rate 

Epochs 

299*299*3 

Xavier initialization 

Relu, Linear 

Cross-entropy 

SoftMax 

Adam 

Dropout = 0.3 

0.01 

200 

Figure 3.37 Three types of modules in Inception v3 
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Batch Size 

Batch Normalization 

32 

Yes 

 

In the Inception v3, a training dataset is used to train and fit the model (Weights and biases in the 

case of the Neural Network). Validation dataset is used to evaluate a given model, but this for 

frequent evaluation. The dataset is used to fine-tune and update the model hyperparameters. The 

model occasionally sees this data, but never does it learn from the validation dataset. Test dataset 

is used to evaluate the model (calculate MAP) by using the trained weights. 

 

 

Figure 3.38 Inception v3 process 
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3.8.4 Multi-threading network 

In the multi-threading network, the system is built to operate the detection and classification tasks. 

Trained weights from the yolov3 are used to detect the target in the vision images. And anchor 

boxes are used to detect the for the target localization. Integration over union = 0.5 and threshold 

score = 0.5 used as the testing parameter. The logistic classifier is used for the classification score. 

Trained weights from the inception v3 are used to classify the signature of the target. SoftMax 

classifier is used to classify the class. 

 

 

 

    

 

 

 

 

 

 

                                                           

 

 

 

 

 

 

 

 

 

 

 

 

 

Image INPUT 

DARKNET-53(Trained 

Weights) 

Inception V3(Trained 

Weights) 

OUTPUT CLASS LABEL, 

Box Confidence, Boxes 

ANCHOR BOXES 
SOFTMAX LAYER 

Radar Input 

Logistic Classifier 

OUTPUT CLASS LABEL, 

Class Confidence 

Multi-threading 

Figure 3.39 Multi-threading process of the YOLO v3 and Inception v3 
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CHAPTER 4 

RESULTS AND DISCUSSION 

 

4.1 Results of Yolov3 

 

4.1.1 Training and Validation Loss of Yolov3 

 

Total 800 images are used to train the network and 200 images are used for validation dataset. 

Yolov3 network is trained for 100 epochs on vision dataset. Training loss represents how the model 

fits the network by updating the parameters of the weights. The graphs represented below is 

visualized using the tensorboard. 

The line graph in the fig. 4.1 demonstrates the change in the training loss from 0 to 200 epochs. 

At each step training loss is computed. 

 

Figure 4.1 Training loss of Yolov3 

Here, system performing without the overfitting and underfitting because validation loss is 

decreasing every iteration. The graphs represented below is visualized using the tensorboard. 

The line graph in the fig. 4.2 demonstrates the change in the validation loss from 0 to 200 epochs. 
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Figure 4.2 Validation loss of Yolov3 

 

4.1.2 Validation Accuracy of Yolov3 

 

Validation dataset is used to validate the model at different epochs by updating the 

hyperparameters of the network. Validation accuracy of the validation dataset at each epoch is 

represented in the graph shown below. The validation accuracy at 100 epochs is 65 %. In the first 

50 epochs, the model is trained using the training dataset and validation accuracy is calculated. In 

the second 50 epochs, the model is trained using trained dataset and validation dataset is used to 

update the hyperparameters of the network. The graphs represented below is visualized using the 

tensorboard. 

 

The line graph in the fig. 4.3 demonstrates the change in the validation accuracy from 0 to 100 

epochs. 

 

 
Figure 4.3 Validation accuracy of Yolov3 
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4.2 Results of Inceptionv3 

 

4.2.1 Training and Validation Loss of the Inceptionv3 

 

Total 800 images are used to train the network and 100 images are used for validation dataset. 

Inceptionv3 network is trained for 200 epochs on radar dataset. Training loss represents how the 

model fits the network by updating the parameters of the weights. Training graph mentioned below 

represents the training loss at each iteration. All the graphs represented are visualized using the 

tensorboard. 

 

The line graph in the fig. 4.4 demonstrates the change in the training loss from 0 to 200 epochs. 

 

 
Figure 4.4 Training loss of Inceptionv3 

 

The line graph in the fig. 4.5 demonstrates the change in the validation loss from 0 to 200 epochs. 

 

Figure 4.5 Validation loss of Inceptionv3 
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4.2.2 Validation Accuracy of Inceptionv3 

 

Validation dataset is used to validate the model at different epochs by updating the 

hyperparameters of the network. Validation accuracy of the validation dataset at each iteration is 

represented in the graph shown below. The validation accuracy of the inception v3 is 98 %.  

 

The line graph in the fig. 4.6 demonstrates the change in the validation accuracy from 0 to 200 

epochs. 

 

 
Figure 4.6 Validation accuracy of Inceptionv3 

 

4.3 Results of detection examples 

 

The following are the different results and their outputs in the terminal for both white background 

and black background dataset. There are good, bad, miss, wrong and detections for the testing 

dataset. The following figure shows the probability of the class in image.  
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Figure 4.7 Yolov3 process of white background of person 
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Figure 4.8 Yolov3 process of black background of person 
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Figure 4.9 Yolov3 process of white background of bird 
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Figure 4.10 Yolov3 process of black background of bird 
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4.4 Mean Average Precision of Yolov3 

Total 150 images are used to calculate mAP of the bird and pedestrian which is 100%. Total 150 

black background images of bird and pedestrian is used to calculate the mAP which is 92.48%.  

This shows the low pixel intensity in vision images lowers the performance of the CNN’s.  In the 

figure 4.11, the bar graph demonstrates the mAP of the white and black background images 

respectively.  

 
 

 
 

4.5 Classification Accuracy  

The results in Table 4.1 are obtained when the vision images are tested at different type of 

conditions to understand the performance of the network at different pixel value. Different pixel 

values of object and different background of images are examined to know the performance of 

network at different conditions. The experimental results show the classification accuracy for the 

white background is 100% for both pedestrian and bird and for the black background is 94.7% and 

97.3% respectively. For the case of object RGB=[5,5,5] in black background birds can be classified 

with accuracy of 46.7%. The classification accuracy of MDS images is 100%. MDS images are 

created based on the returned frequency signal and do not depend on background property 

 

 

 

 

 

 

Figure 4.11 MAP of white and black background images 
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Table. 4.1 Accuracy 

 

 

4.6 Multi-Threading Network to Process Image-Radar Data 

 

In multi-threading network, trained weights of yolov3 are used to detect the target using vision 

image and trained weights of inception v3 are used to classify the target using radar image. Radar 

image can be used as the backup information when the vision image contains the low pixel values. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.12 Multi-threading network yolo v3 process 
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Figure 4.13 Multi-threading network inception v3 process 
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CHAPTER 5 

CONCLUSION AND RECOMMENDATIONS 

 

 

5.1 Conclusion 

 

The rapid advancement of technology has changed the way autonomous vehicle’s operation. 

Different types of the sensors are used for the path planning of the autonomous vehicles. Single 

camera cannot be used for the autonomous vehicles because detection networks cannot perform 

well at the low density of pixel value. Radar sensor is one of the strongest candidates because it 

gives us various information of the target (position, velocity, MDS). 

 

MDS and vision images are used in our research work to improve the performance of the system. 

In our research work, MDS of the bird and person are simulated using the kinematics. MDS of the 

target changes according to radar positions. In our research work, the MDS of the target is analysed 

using STFT. 

 

Kinematics of the target is varied at different views to obtain the frequency shift. Radar 

spectrogram containing less than 2-sec information is enough to obtain good results with the 

dataset. In the night time, the radar system is helpful to find the output class with high-class 

probability and a radar system can be used as the backup sensor because the low pixels in the 

vision images degrades the classification accuracy during the night time. 

 

The MDS of the target can be considered at the different motion scenarios and classification of the 

moving pedestrian and bird can be achieved using the MDS. This helps to improve the performance 

of the CNN’s in different type of conditions. Concluding the above text, the radar sensor can used 

at different type of weather conditions for the classification of moving pedestrian and bird with 

high precision.  

 

5.2 Recommendations 

 

As mentioned in the above subchapter, there are few issues of creating radar dataset by using 

simulation. In the real world, the radar frequency shift can have disturbance because of the 

different objects in the environment. Real world environment should be considered to achieve the 

precise micro doppler signature. This is helpful to improve the performance of the network. Micro 

doppler signature of the target should be simulated when the radar is at different positions to 

improve the performance of the network. An advanced type of Fourier transform method can be 

used to analyze the radar backscattering of the target. 

 

The MDS can be developed for several targets to improve the performance of the network. 

different type of suppression methods can be applied to reduce the disturbance of the radar 

backscattering of the target. Better detection model can also build to improve the localization of 

the target. The classification model can be improved to classify the micro doppler signature with 

a good confidence score. As a final note, radar should be used to create the MDS for multiple 

targets in a real-time environment to improve the performance of the network.  
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