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1. Abstract 

Object Detection and Recognition on hardware platform plays a very significant role in 

developing driver assistance systems (DAS) with limited computational resources. Object 

detection for DAS is a multi-class detection problem that involves detecting various objects like 

cars, Auto, Traffic Lights, Bicycles, and Pedestrians, Traffic Signs etc. DAS also requires 

accuracy, speed, and sensitivity for detecting these objects in various challenging conditions. The 

lighting and weather conditions pose a serious challenge for accurate object detection for DAS. 

The thesis proposes three separate architectures for Traffic Sign Recognition (TSR), Traffic Sign 

Detection(TSD) and on-road object detection in rainy conditions. The proposed TSR network is 

based on Convolutional Neural Network(CNN) and uses spatial and color transformer networks 

to improve the accuracy of recognition in various illumination conditions. The thesis also 

proposes a speed-efficient and lightweight fully CNN architecture for traffic signs and other on-

road object detection in rainy conditions. The proposed architecture uses a CNN-based de-

raining network with a custom Structural Similarity Index Measure (SSIM) loss function in the 

object detection pipeline which can give an accurate performance in limited computational and 

memory resources. The object detection architecture contains some architectural modifications to 

existing SSD architecture to make it more hardware efficient and improve accuracy on small 

objects. It uses a trainable color transformation module using 1x1 convolutions for handling the 

adverse lighting conditions encountered in DAS. The architecture uses feature fusion and dilated 

convolution approach to enhance the accuracy of the proposed architecture on small objects. The 

datasets available for object detection in DAS are very imbalanced so Class weight penalization 

technique is used to improve the performance of the architecture on scarcely present objects. The 

performance of the architecture is evaluated on three well-known datasets KITTY, Udacity, and 

Indian Driving Dataset for on-road objects and German Traffic Sign Detection Benchmark 

(GTSDB) and Tsinghua-Tencent 100k dataset for TFD. The architecture achieves satisfactory 

performance in terms of Mean Average Precision (mAP) and detection time on all these datasets 

compared to existing datasets. The TFD architecture only requires 11 MB for storage which is 

almost ten times better than previous architectures. The TFD architecture has one sixth 

parameters than the best performing architecture and fifty times less floating point operations per 

second compared to other similar implementation. The on-road object detection architecture 

requires 3 times fewer hardware resources compared to existing architectures. The lightweight 

nature of the proposed architecture and modification of CNN architecture with TensorRT allows 

the efficient implementation on Jetson Nano hardware platform for prototyping which can be 

integrated with other intelligent transportation systems.      

2. Brief description on state of the art of the research topic 

There are two main approaches in Computer Vision which are called object recognition and 

detection. Object recognition deals with identifying class of a particular object. It gives a label to 

an image while detection incorporates bounding box around the location of the object. This thesis 

deals with traffic sign recognition and detection as well as detection of all other objects 
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encountered while driving which will be called on-road objects. This section evaluates all 

approaches which have been proposed for object recognition and detection in DAS domain. 

There are two major approaches in this domain: The first approach uses traditional texture 

based methods of using color and shape for detecting and learning based algorithm for classifying 

traffic signs. The second approach uses end to end learning based methods and in particular CNN 

based methods for solving the problem. Many researchers have tried to combine these approaches 

as well. 

Traditional methods used color and shapes of traffic signs for detection and classification. 

W.G. Shadeed et al [1] used color segmentation in YUV color space for traffic sign classification. 

Haojie Li et al[2] combined color and shape features for detecting and classifying traffic signs 

from the images. A. De La Escalera et al[3] used color thresholding technique for traffic signs as 

they come in definite colors. Shape information can be easily fetched using Hough Transform [4] 

so N. Barnes et al[5] have used that for detecting traffic signs. Selcan Kaplan Berkaya et al [6] 

used EDCircle algorithm [7] for detecting traffic signs but it only worked for circular traffic sign 

detection. Histogram of oriented features (HOG)[8] and Support Vector Machine (SVM) [9] are 

very popular algorithms for detecting and classifying objects of fix shapes and sizes. C. G. Keller 

et al [10] and S. Maldonado-Bascon et al [11] used them for detecting as well as classifying traffic 

signs from images. Random Forest [12] and K Nearest Neighbor [13] can also be used as 

classification algorithms for traffic sign classification [14]. The advantages of using color and 

shape based methods are that they are computationally efficient and easy to implement. The 

disadvantages of these methods are that they are not illumination invariant and also fails when the 

color of the traffic sign fades. These methods will also fail when there is some occlusion in the 

image or signs have deformation. The second approach is based on deep neural network was 

discovered to overcome these disadvantages.        

The Deep learning based approaches uses CNN for end to end traffic sign detection and 

recognition. The traffic sign recognition approaches using CNN have touched almost human level 

performance in the constrained scenarios. Dan Ciresan et al [15] used a multi column CNN [16] 

for traffic sign recognition. P.Sermanet et al [17] proposed a multi scale CNN architecture [18] 

which helped in classifying traffic signs of multiple sizes and shapes. The recognition approach 

for traffic sign is easy compared to detection as no other object or sign is present in the image so 

CNN based approaches have achieved great results. 

CNN can also be used for object detection in DAS. The first major breakthrough in object 

detection using deep learning was achieved by R-CNN [19]. Though it improved accuracy 

drastically but it had many drawbacks. It used selective search [20] and Edge boxes [21] for 

making region proposals, CNN for extracting features from the proposed regions and then SVM 

for recognition. The R-CNN [19] required separate training for CNN and SVM. It also required 

multiple pass through CNN for all regions which slowed the detection performance. The SPP-Net 

[22] proposed speeding up of this process by calculating features for all regions simultaneously 

but it still required multiple training. The further improvement was done in Fast R-CNN [23] 
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which replaced SVM by softmax classification layer. It still required selective search for region 

proposals which made the detection process slower. This problem was solved in Faster R-CNN 

[24] which used Region proposal Network instead of selective search which allowed the network 

to be trained end to end. This family of methods treated region proposals and classification as two 

different parts. 

These parts were merged into one by two methods called You Only Look Once (YOLO) [25] 

and Single Shot Detector (SSD) [26]. Both the algorithms detected the objects in a single pass 

through the network which improved the speed of the network. They both divided the image in 

rectangular grid or default bounding boxes and then used CNN for classification as well as 

regression. The YOLO used a single prediction layer which made it faster but less accurate [25]. 

The SSD [26] used multiple feature maps at different scales for prediction which made it more 

accurate. Both SSD and YOLO were less accurate for detecting small objects. Fu et al.[27] 

proposed Deconvolutional SSD (DSSD) which fused the feature maps of earlier layer with later 

layers for more accurate detection of small objects. This improved accuracy is at the cost of 

speed. BaNET architecture [28] was also proposed which used dilated convolution for improving 

performance on small objects. These algorithms also performed poorly when the driving 

environment is unconstrained like Indian roads. Prajjwal [29] proposed a combination of 

domain-specific classifiers and effective transfer learning techniques over faster r-cnn which 

improved the performance of object detection in unconstrained environments. Anay et al. [30] 

evaluated performances of YOLO-V3 [31], Poly-YOLO [32], Mask R-CNN [33], Retina-Net 

[34], and Faster-RCNN [24] on the Indian Driving Dataset and also proposed few-shot learning 

method for training on new classes. 

Most architectures above used deep CNN architectures as feature extractors which consume 

large memory and make the performance slower. Many researchers have proposed lightweight 

feature extractors which can improve inference speed and memory utilization. The architectures 

like MobileNet-SSD [35], MobileNetV2-SSDLite [36], Pelee[37], and Tiny-DSOD [38] used 

lightweight feature extractor which allowed implementation on mobile devices with low frame 

rate. Riah et al. [39] proposed lightweight separable convolution neural network based 

architecture for pedestrian detection in DAS which could be implemented on embedded devices. 

Huy-Hung et al. [40] implemented various recent lightweight deep learning architectures like 

EfficientDet Lite [41] and Yolov3-Lite[42] on the Jetson TX2 development board [43].  The 

accuracy of these algorithms was not sufficient for using them in DAS. The proposed 

architecture tries to use a shallow feature extractor with some architectural modifications which 

allow its implementation on the hardware platform and give sufficient accuracy to be used in 

DAS.     

The thesis also tries to improve the performance of CNN based object architectures in rainy 

conditions. Many CNN-based algorithms are proposed which learns the mapping between rainy 

image and clean image. The algorithm proposed in [44] and [45] decomposes the rainy image 

into base and detail layer; and tries to learn the mapping between the detail layer and the 

negative residual. This approach is fairly accurate but they used deep ResNet [46] architecture to 
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learn the mapping which requires large computational resources and memory. Some lightweight 

architectures like residual guide FFN [47] and pyramid network [48] are also proposed but they 

are not very accurate. Recent architectures use variations of generative adversarial networks to 

generate de-raining images [49]. These architectures provide good performance but they are 

difficult to train and require large datasets. This thesis uses a combination of negative residual 

mapping and lightweight architecture for accurate de-raining on a hardware platform with 

limited computational resources. 

3. Research Gap 

The following gaps were identified by studying the literature. 

 It was observed from the literature that most of the architectures require high 

computing resources and memory which makes them hard to deploy on edge 

platforms with limited resources for real time performance. 

 SSD and YOLO are less computationally complex but they process images with 

smaller resolution which makes their performance poorer on small objects particularly 

traffic signs.  

 The architectures in the literature performed poorly in various lighting and adverse 

weather conditions.  

 The deep learning architectures are suffering from class imbalance problem which 

gives poor performance on classes with low examples on training set. 

These are the main challenges which have been worked upon in this thesis.   

4. Problem statement 

Object detection for DAS is a non-trivial task due to their various shapes and types and 

due to ntra-variability objects or visual appearances that depend on their pose, size and color. 

The illumination changes and poor visibility conditions caused by rain or fog also effects the 

performance of object detection system. The changes in scale, view point and occlusions by 

other objects limits the performance of object detection system.  

Hence, problem is summarised as to propose an object detection architecture for driver 

assistance system which can perform well on the challenges listed above. The proposed 

architecture should be lightweight and speed efficient so that it can be implemented on GPU 

hardware platforms like Jetson Nano embedded development board. 

5. Objective and scope of work 

The envisaged objectives of the proposed research work are: 

 To develop a hardware prototype for object detection for driver assistant system (DAS) 

using deep learning on Jetson Nano platform. 
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 To set up a system that automatically detects and classifies an object in stationary camera 

video scenes which is speed efficient and consumes minimum hardware resources 

without compromising on detection and classification accuracy. 

 To develop an object detection architecture in rainy conditions. 

 To demonstrate the performance of the implemented system on Indian road scenarios. 

6. Contribution by thesis 

Our contribution by thesis has been presented as follows. 

 The thesis proposes speed efficient and lightweight end to end trainable CNN architecture 

which classifies traffic signs using color and spatial transformer network. It eliminates 

the need of any data augmentation and performs well in various illumination conditions. 

The architecture is deployed on Jetson Nano hardware platform. 

 The thesis proposes a lightweight feature extractor compared to existing object detection 

architectures for driver assistance system which allow processing of high resolutions 

images particularly for TFD.  

 The thesis uses concept of dilated convolution [28] and feature fusion [50] for preserving 

features of small objects in shallow architecture which can help in the accuracy of small 

object detection. 

 The proposed network incorporates a fully convolutional de-raining network in the object 

detection pipeline which allows accurate object detection in rainy conditions. It also 

proposes a modified SSIM [51] loss function which improves the performance of the de-

raining network.  

 It proposes a class weight penalization technique for avoiding class imbalance in the 

dataset used for training. 

 The proposed network reduces memory usage and floating-point operations per second 

(FLOPs) by almost three times which makes it very speed efficient and lightweight 

compared to similar architectures proposed in the literature with comparable results in 

terms of accuracy.  

 The lightweight nature of the proposed architecture allows efficient implementation on 

the Jetson Nano hardware platform [52]. The CNN architecture is further pruned by using 

TensorRT [53] which helps in acceleration on Jetson Nano. 

7. Work accomplished - Research, results and comparison 

This section will cover implementation and results for three different networks: (1) 

Traffic Sign Recognition Network (2) Traffic Sign Detection Network (3) On-Road Object 

Detection Network in rainy conditions 

7.1 Proposed Traffic Sign Classification Architecture 

The simplified flow chart for the proposed system is shown in Fig. 1 below. 
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Fig.  1 Flow Chart for Proposed System 

As can be seen from the figure, the input image is given to a single neural network which 

internally contained Color transformer network (CTN) [54] for color space conversion, Spatial 

Transformer Network (STN) [55] for learning spatial transformation and CNN for feature 

extraction and classification. The beauty of the system that entire network is trainable in a one 

go. The CTN and STN will learn their parameters in the same way like regular CNN using 

gradient descent and back propagation.  The CTN will learn color transformation parameters 

according to the dataset while training. The integration of STN module will give the proposed 

network the ability to learn spatial transformation parameters conditional on the training dataset 

without the need of any additional training. This spatially transformed feature map is given as 

input to the normal CNN architecture for classification. Batch Normalization is used after every 

convolutional layer in the CNN architecture. It helps in faster training and increases accuracy by 

normalizing output of each layer [56].   

The entire system is trained using German Traffic Sign Classification dataset [57] or 

Belgium Traffic Sign dataset [58]. The trained model is deployed on Jetson Nano development 

board [52] for inference in real time on embedded platform.  

7.1.1 Implementation and results 

 Timing results and accuracy for both datasets using proposed architecture is shown in 

Table 1. 

Table 1 Timing results and accuracy for both datasets for proposed architecture 

Parameter GTSRB BT 

Training Accuracy 99.94% 98.26 

Validation Accuracy 99.16% - 

Test Accuracy 98.40% 96.31 

Classification time 3.9ms/image  3.9ms/image 

   

 The change in training and validation accuracy after every epoch is compared for three 

optimizers. Adaptive moment estimation (Adam)[59] is preferred as an optimization function 

while training because of its faster convergence and lower fluctuations compared to RMSProp 

and Nadam Optimizer.  
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 Initially, it was found that training accuracy is very high compared to validation 

accuracy. So model was over fitting on the training data. To overcome that, dropout of 0.3 was 

used in dense layers. It randomly removes neurons with a probability of 30% while training so 

we are training a different architecture every time. It removes the over dependence on any 

neuron and by that avoids over fitting. The few correctly identified traffic signs from the test set 

of germen dataset using the proposed method is shown in Fig. 2. 

 

Fig.  2 Correctly Classified Traffic Signs 

The performance of the proposed algorithm on GTSRB is compared with other algorithms in 

Table 2. 

Table 2 Performance of the proposed system 

Algorithm used Classification Accuracy (%) 

Human (Average) [14] 98.84 

CNN with Spatial Transformer (Proposed Method) 98.40 

Multi-scale CNN [10] 98.31 

CNN without STN 97.04 

Random Forest [19] 96.14 

LDA on HOG2 [20] 95.68 

LDA on HOG1 [20] 93.18 

LDA on HOG3 [20] 92.34 

 As can be seen, the performance of the proposed algorithm is very close to human 

performance. By tweaking few parameters and training for a longer time may help it in reaching 

human level performance as training and validation error is already surpassing human 

performance. The system is also deployed on Jetson Nano development board. It takes around 

11ms to classify traffic signs in Jetson Nano which is faster than 40ms taken by CPU only 

computation unit. So this system can be easily used for deploying in vehicles for real time 

applications.  

7.2 Proposed Traffic Sign Detection Architecture 

The proposed CNN architecture for TSD resembles more to the SSD [26] family of 

architectures than R-CNN family [19-24]. The motivation behind using SSD family is that it will 

require a single pass through the network which will result in less computation time and less 

memory resources which serves the requirement for embedded implementation. The complexity 

of detecting small traffic signs from high resolution images in various illumination conditions 
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with reduced computational complexity motivated the design of proposed architecture. The 

proposed traffic sign detection architecture is shown in the Fig. 3 below. 

 

Fig.  3 Proposed CNN Architecture 

The proposed architecture uses feature pyramids of last four convolutional layers for detection 

and classification. It uses CTN [54] for making the architecture invariant to illumination and 

change in the lighting conditions at night. It was observed that SSD architectures does not provide 

good results for small objects[26]. The reason behind is that as we go deeper in to the architecture, 

each feature in the feature map corresponds to large receptive field in the input image which 

cannot represent small objects. The traffic signs in the datasets used are from size 16 x 16 to 128 

x128 in the image sizes of 1360x 800 or 2048 x 2048.39,47 If we resize the image than the sign 

dimensions will get even smaller which will make it very hard to detect. The proposed 

architecture can process the image without resizing. The choice of number of convolution layers 

is done based on the receptive field calculation. The architecture also uses feature fusion module 

[50] to further boost the performance of the architecture on small objects. The architecture first 

measures performance using classical cross entropy loss with hard negative mining [26] for 

avoiding class imbalance. The performance is also measured using focal loss [60] which can 

effectively reduce the effect of class imbalance. The proposed architecture is targeted towards 

embedded platform so how the architecture fairs in terms of memory and computational cost is 

also of paramount importance. The choice of layers and trainable parameters is done by keeping 

this final goal in mind. The concepts used in the architecture are explained in details below:    

7.2.1 Implementation and results 

The proposed implementation uses GTSDB[61] and Tsinghua-Tencent 100K[62] for 

evaluating the performance of the architecture. The architecture is also deployed on Jetson Nano 

for real time inference.  

Results on GTSDB dataset    

 The GSTDB dataset [61] consists of images with traffic signs belonging to 43 classes. The 

traffic signs in the dataset are very small in size (<1%) compared to the original image size. The 
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images also have varied illumination and transformation. This makes the detection task even more 

difficult. Total 739 images from GSTDB [61] dataset were used for training and 131 images were 

used for testing. The results obtained after training using ADAM optimizer[59] for 150 epochs are 

shown below in Fig. 4.  

  

  

Fig.  4 Proposed results for TSD and Recognition on GTSDB 

  The performance of the proposed architecture is measured in terms of Mean 

Average Precision on classes with more than 50 instances in training set. The performance is 

measured for small (<0.01% of image size), medium (0.01 to 0.05% of image size) and large 

object sizes (>0.05% of image size) from the test dataset. The mAP achieved is 96.13% for large, 

85.68% for medium and 73.03% for small objects. The performance of the proposed algorithm 

on GTSDB is compared with other algorithms in Fig. 5. The results for other algorithms are 

taken from Arcos-Garcia, A. et al. [63] 
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Fig.  5 mAP vs Image Size for different architectures on GTSDB dataset 

 The network performances very well on large objects and its performance is equivalent or 

partially better compared to faster R-CNN. The addition of CTN adds around 1% to mAP value. 

The addition of feature fusion network adds 4% to mAP value for smaller objects which makes 

the proposed architecture best performer in smaller objects. It is also observed that use of focal 

loss for classification improves the mAP.  

Results on Tsinghua-Tencent 100K dataset 

 The performance of proposed architecture is also measured on Tsinghua-Tencent 100K 

dataset which is even more challenging and contains more images compared to GTSDB dataset. 

The detection results after training the architecture on Tsinghua-Tencent 100K dataset for 150 

epochs using ADAM optimizer is shown in Fig. 6 below: 

  

Fig.  6 Proposed results for TSD and Recognition on Tsinghua-Tencent 100K dataset 

 The performance of the proposed architecture is measured in terms of Mean Average 

Precision. The performance of the proposed algorithm on Tsinghua-Tencent 100K is compared 

with other algorithms in Fig 7.  

0 10 20 30 40 50 60 70 80 90 100
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YOLO V2

Mean Average Precision (%)
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Fig.  7 mAP comparison of different architectures 

 The proposed architecture gives 38% mAP value which is slightly less than the 

performance given by Faster R-CNN because of its complex ResNet 50 feature extractor. This 

architecture is designed to be more computationally efficient compared to other architectures 

which will be shown in the section below. 

Computational efficiency of the proposed architecture 

 The architecture is targeted towards embedded platforms for edge deployment so the 

architecture is implemented on Jetson Nano which is an edge deployment board for performance 

evaluation. The performance of architecture in terms of forward inference time is compared with 

other architectures designed with the same objectives in mind which is shown in Fig. 8.  

 

Fig.  8 Running time for different architectures  

 The proposed architecture performs far better than other similar architectures both on 

Desktop GPU Nvidia GTX 940 with running time of 220ms and on Jetson Nano with 578ms.  

 The proposed architecture only requires 11 MB for storing model and its parameters 

which is 10 times better than other architectures. The system’s performance is compared in terms 

of number of trainable parameters and floating point operations per second which is shown in 

Table 3.  

Table 3 Computational Performance of different architectures 
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Proposed Architecture 945088 0.042 

Faster R-CNN Resnet 50 [63] 43337242 533 

Faster R-CNN Resnet 101 [63] 62381593 625 

Faster R-CNN Inception V2 [63]         12891249 120 

Faster R-CNN Inception Resnet V2 [63] 59412281 1837 

R-FCN Resnet 101 [63]                   64594585 269 

SSD Mobilenet [63]                     5572809 2.3 

SSD Inception V2 [63]                  13474849 7.59 

YOLO V2 [63]                          50588958 62.78 

 The architecture has one sixth parameters than the best performing architecture and 50x 

less floating point operations per second. The system is deployed on Jetson Nano development 

board. It takes around 578ms to detect traffic signs in Jetson Nano which is still 1.5 times faster 

than other similar architectures implemented earlier. 

7.3 Proposed Object Detection Architecture in Rainy Conditions 

The proposed architecture will be explained in two separate sections with the first section 

describing the de-raining network and the second section describing modification in object 

detection architecture from section 7.2. 

7.3.1 Proposed Image De-raining Architecture 

The proposed Image De-raining architecture is illustrated in Fig. 9. 

 

Fig.  9 Proposed de-raining architecture 

Most of the earlier neural network architecture tried to learn the mapping between clean and 

rainy images which has a large mapping range that can reduce the performance of the CNN 

architecture. The architecture uses similar concepts as suggested in [45] for reducing the 

mapping range from input to output. The rainy image is decomposed into base and detail layers 

based on prior knowledge of the image. The base layer is obtained by passing the rainy image 

through a low pass filter while the detail layer is obtained by subtracting the base layer from the 

original rainy image. The detail layer will be devoid of any background information and only 

contain the finer details in the image with most of the pixel values nearer to zero. This detail 

layer will serve as an input to the trainable CNN architecture. Instead of predicting the clean 

image directly, the trainable layer tries to predict the difference between the clean image and the 

rainy image. This difference is called a negative residual which only requires learning of the rain 

streaks. This significantly reduces the mapping range for the learnable CNN network which 

helps in the improvement of the performance. 
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The architecture proposed in [45] used deep ResNet architecture for learning the mapping 

which requires large computational resources which does not serve the purpose of the proposed 

implementation. So the proposed architecture uses eight-layer simple CNN architecture without 

any skip connection to learn the mapping between deep layer and negative residual. The 

mathematical formulation for the proposed architecture can be explained with the following 

equation. The input rainy image is denoted by I and output image is denoted by O.   

𝐼𝑑𝑒𝑡𝑎𝑖𝑙
0 = 𝐼 − 𝐼𝑏𝑎𝑠𝑒    (1) 

𝐼𝑑𝑒𝑡𝑎𝑖𝑙
𝑙 = 𝑅𝑒𝑙𝑈(𝑊𝑙 ∗  𝐼𝑑𝑒𝑡𝑎𝑖𝑙

𝑙−1 +  𝑏𝑙) 𝑤ℎ𝑒𝑟𝑒 𝑙 = 1 𝑡𝑜 𝐿 − 1   (2) 

𝑂𝑎𝑝𝑝𝑟𝑜𝑥 = 𝑅𝑒𝑙𝑈(𝑊𝐿 ∗  𝐼𝑑𝑒𝑡𝑎𝑖𝑙
𝐿−1 +  𝑏𝐿) + 𝐼   (3) 

 Where ‘L’ indicates the total number of layers, ‘Wl’ are the weights at each layer and ‘bl’ 

are the biases. ‘*’ indicates convolution operation at each layer. The kernel size at each layer is 

taken as 3x3 with the number of feature maps equal to 32. We started with using MSE as a loss 

function for training the architecture as suggested in [45]. The function is given in the equation 

below: 

𝐿 =  ∑ ‖𝑂𝑎𝑝𝑝𝑟𝑜𝑥𝑖 −  𝑂𝑖‖
𝐹

2𝑁
𝑖=1   (4) 

The equation indicates that loss function is the summation of Frobenius norm between the 

predicted image (Oapproxi) and clean image (Oi). The accuracy of the proposed de-raining 

architecture is measured by using SSIM as a performance metric [51]. SSIM is a very good 

indicator for identifying the structural similarity between two images [51]. SSIM is a matrix that 

gives a quantitative idea about the perceptual quality of distorted images with respect to the 

reference image. The mathematical equation for calculating SSIM is shown below. 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =  
(2𝜇𝑥𝜇𝑦+𝐶1)(2𝜎𝑥𝑦+𝐶2)

(𝜇𝑥
2+ 𝜇𝑦

2+ 𝐶1 )(𝜎𝑥
2+ 𝜎𝑦

2+ 𝐶2 )
  (5) 

𝐿 = 1 − 𝑆𝑆𝐼𝑀(𝑥, 𝑦)   (6) 

  Where, ‘x’ is a distorted image, ‘y’ is a reference image. ‘μ’ indicates the mean operation of 

intensity values and ‘σ’ is a standard deviation. ‘C1’ and ‘C2’ are numeric constants that are used 

for the mathematical stability of the equation. This thesis proposes to use the modified SSIM 

function as an objective function for training the de-raining architecture which is indicated by 

‘L’. SSIM needs to be maximized while training the network and it is in the range of 0 to 1. So 1 

– SSIM can be used as a loss function which will be minimized while training the architecture. 

The use of SSIM significantly improves the performance of de-raining architecture which will be 

discussed in the implementation. 

7.3.2 Proposed object detection architecture 

The proposed object detection architecture is derived from the concept of SSD [26] 

architecture as SSD provides a nice tradeoff between accuracy and speed. It is similar to the 

architecture proposed in 7.2 which was used for traffic sign detection with minor modifications 
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in dilated convolution and feature fusion layers. The architecture uses feature maps of the last 

four convolution layers at different scales for object detection and classification.  

The receptive field of deep layers is very large in the original image which is not able to 

represent small objects. The careful consideration of image size, object size and receptive field 

calculation lead to the development of a feature extractor with five convolutional layers, dilated 

convolution in the fourth layer, and feature fusion layer. The dilated convolution technique helps 

in increasing the receptive field size without any increase in trainable parameters which helps in 

detecting small objects in shallow networks [28]. The feature fusion module [50] helps in 

detecting small objects which is explained in the next section. The proposed architecture uses 

exponential rectified linear unit (EReLU) [66] as an activation function after all the convolutional 

layer.  

The choice of scale and aspect ratios for default bounding boxes plays a very important role in 

the performance of the architecture. They are chosen based on the size of the feature map, size of 

the images, size, and shape of objects in the dataset. The proposed architecture uses six default 

bounding boxes with an aspect ratios of [0.20, 0.33, 0.5, 1.0, 1.0, 2.0] at each prediction layer. 

The architecture has four prediction layers with a scale values of [0.08, 0.16, 0.32, 0.64, 0.96]. 

The current feature map scale and next feature map scale are used to decide the scale for the 

second bounding box with the aspect ratio 1.  

The architecture uses classical cross-entropy loss with hard negative mining and class weight 

penalization technique which can avoid the class imbalance in positive and negative boxes and 

classes in the dataset. The proposed architecture is targeted towards embedded platform so 

hardware optimization techniques using TensorRT [53] is performed for better performance.  

The network is trained by applying various data augmentation techniques. The motivation 

behind using various data augmentation techniques to train the proposed architecture is to allow 

the model to be robust in real-life conditions. The translation augmentation is applied which 

randomly shifts the image vertically as well as horizontally by few pixels. The brightness of the 

image is varied randomly to make the model more robust to lighting changes. The scaling is 

applied which randomly scales the image by a factor of 0.7 to 1.4 which allows size invariance. 

Some images are randomly flipped which allows the model to perform well in case of rotation in 

objects. 

The loss function for the proposed architecture consists of summation between L1 loss for 

localization and cross-entropy or softmax loss for classification [26]. Most of the default 

bounding boxes will not contain any objects which tilt the bias of the detection algorithm. To 

overcome that, this thesis also uses a hard negative mining technique but with a ratio of negative 

to positive examples as 2:1. It improved accuracy by almost 1% compared to 3:1 value taken in 

the original paper. The second type of imbalance can occur when the dataset contains more 

examples of some classes and very few examples of other classes. All datasets used for DAS 

contain many examples of cars compared to other classes. Class weight penalization technique is 

used to overcome this effect. It assigns weights to each class which is learned from the dataset. 
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The loss on classes with fewer examples is given more weightage compared to a class with more 

examples. The weighted cross-entropy loss [67] is used for optimization which gives better 

performance compared to the original loss function. The equation for weighted cross-entropy is 

given below:   

𝐿 =  −
1

𝑀
 ∑ ∑ 𝑤𝑘 ∗ 𝑦𝑚

𝑘 ∗ 𝐿𝑜𝑔( �̂�𝑚
𝑘 )𝑀

𝑚=1
𝐾
𝑘=1     (7) 

Where, M is the number of training examples, K is the number of classes, 𝑤𝑘 is a weight for 

class k, y is the true label and �̂� is predicted label.  

7.3.3 Implementation and results 

This section will contain the results for de-raining and object detection architectures 

individually and then the combined results for end-to-end architecture. 

7.3.3.1 Implementation results for de-raining network 

It is very difficult to obtain the pair of rainy and clean images from real word to train the 

model so the proposed de-raining architecture was trained on a dataset provided by authors of 

[44,45] which have randomly chosen images from UCID dataset [68] with rain streaks added in 

random orientations to mimic real-life rain scenarios using Photoshop. The training dataset was 

enhanced by using rain streaks added images of the Indian driving dataset. The architecture was 

trained using randomly selected 128x128 patches from training images for 3 million iterations 

with a batch size of 16. ADAM [59] optimizer was used to train the model with starting learning 

rate of 0.1 which was reduced by a factor of 10 after every million iterations. The models were 

trained using MSE loss initially and then trained using custom SSIM loss for performance 

comparison. The performance of the model was compared qualitatively using visual inspection 

and quantitatively with SSIM and PSNR. The architecture was also implemented on Jetson 

Nano. The inference time on Laptop GPU and Jetson Nano is compared with other architectures 

designed with similar objectives. 

Initially, we will see the qualitative and quantitative performance of three synthesized rainy 

images from the test data. The qualitative results are shown in Fig. 10 below. 
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(a) Rainy Image (b) DSC [69] (c)  Layer Priors[70] (d) ResNet [45] (e) Proposed Method 

Fig.  10 Qualitative Comparison of different image de-raining methods 

As can be seen from the figure that the results using the Discriminative sparse coding [48] 

method contain lots of rain streaks while the method using layer priors [14] also leaves behind 

some rain artifacts. Both of these methods use low-level image features which are not able to 

remove rain completely. Deep detail network in [18] uses deep Resnet architecture so it performs 

exceedingly well on these images. The proposed method was also able to remove rain streaks 

and artifacts from the images completely while preserving details from the image that is useful 

for object detection. The quantitative comparison in terms of SSIM for these images and average 

SSIM on test data of 1400 images are shown in the table 4 below: 
Table 4 SSIM comparison on Test Images 

Images DSC [69] Layer Priors 

[70] 

ResNet [45] Proposed 

method with 

MSE Loss 

Proposed method with 

SSIM Loss 

Umbrella 0.80 0.82 0.86 0.862 0.912 

Flower 0.77 0.81 0.92 0.819 0.844 

Girl 0.71 0.80 0.90 0.812 0.899 

Test Data 0.78 ± 0.12 0.87 ± 0.07 0.90 ± 0.05 0.87 ± 0.04 0.88 ± 0.04 

 

The performance of the proposed architecture improves if we use custom SSIM loss compared 

to MSE loss. It performs well compared to the method in the Layer prior method [70] and DSC 

[69]. The weaker performance compared to the method using DDN-ResNet [45] can be attributed 

to the lighter architecture used for embedded platforms. It only uses eight convolutional layers as 

compared to more than 50 used in DDN-ResNet [45]. The performance in terms of execution time 

for various image sizes is done to see the effect of lighter architecture. It is shown in Table 5 

below. 

Table 5 Execution time comparison on Test Images (in Seconds) 

Image Sizes DSC [69] Layer 

Priors [70] 

ResNet [45] Proposed Work 

[NVIDIA 

Geforce 940] 

Proposed 

Work [Jetson 

Nano] 

250 x 250 54.9 169.6 0.2 0.035 0.12 

500 x 500 189.3 674.8 0.3 0.14 0.46 

750 x 750 383.9 1468.7 0.5 0.303 1.02 
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The proposed architecture significantly improves the performance in terms of execution time 

on Desktop GPU. It can be easily implemented on Jetson Nano because of its lightweight and the 

performance on Jetson Nano is also better compared to other de-raining methods. 

7.3.3.2 Implementation results of Object Detection Architecture 

The proposed object detection architecture is trained and evaluated on various object 

detection datasets like Kitty [71], Udacity Self-driving Car Dataset [72], and Indian Driving 

Dataset (IDD) [73]. The results of the proposed architecture are compared with other 

architectures available in the literature 

Results on Kitty Dataset 

The kitty [71] is a widely used object detection dataset in the literature that has eight different 

object classes. The object detection results on various test images are shown in Fig 11 below. 

  

Fig.  11 Object Detection Results of proposed architecture on Kitty Dataset 

  As can be seen from the figure, the architecture can detect objects which are occluded as 

well as objects which are far away from the camera and small in size. The performance is 

measured by using Mean Average Precision (mAP) as a performance metric for easy, moderate, 

and hard detections. The easy detection is defined by a minimum 40px bounding box height with 

no occlusion and maximum 15% truncation. Moderate detection is defined by a minimum 25px 

bounding box height with partial occlusion and maximum 30% truncation. Hard detection is 

defined by a minimum 25px bounding box height with a difficult occlusion level and maximum 

50% truncation.  

The architecture can give high precision for all classes even though the training examples are 

very low for some of the classes due to data augmentation and class weight penalization 

techniques. This performance is compared with other well-known.  The comparison is shown in 

Table 6 below. Few of the results of other methods are taken from [74]. 
Table 6 Average Precision comparison between different architectures 

Method Average Precision (%) 

 Vehicle Pedestrian 

 Easy Moderate Hard Easy Moderate Hard 

Faster R-CNN [24] 86.71 81.84 71.12 76.21 62.14 60.33 

SSD [26] 77.71 64.06 56.17 25.12 18.20 16.21 

YOLO V2 [75] 76.79 61.31 50.25 22.16 16.16 15.82 
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MS-CNN [76] 90.03 89.02 76.11 84.12 74.98 63.48 

ShuffleNetv2 [74] 88.46 84.31 73.12 80.63 72.18 64.02 

Proposed Method 88.06 87.06 75.38 75.07 72.29 62.71 

 

As can be seen from the Table, The architecture performs well on easy, moderate, and hard 

examples. Some architectures perform better than the proposed architecture which can be 

attributed to the complex or deep nature of those architectures which will make them hard to 

deploy on hardware platforms. The proposed architecture is designed to be efficient on 

embedded platforms which can be proven by comparing the computational complexity of the 

architecture with other architectures as shown in Table 7 below. Some results of other methods 

are taken from [74] and [77]. 
Table 7 Performance Comparison between different architectures in terms of computational complexity 

Method Model Size (MB) GFLOPs FPS 

   Laptop GPU Jetson TX2/Nano 

Faster R-CNN [24] 520 150 1 0.8 

SSD [26] 35 1.2 3 8 

ShuffleNetv2 [74] 30 1.12 17 11 

EfficientDet-Lite [77] 60 48 - 1.7 

Yolo3-tiny [77] 35 33 - 10.3 

Yolo3-tiny-3I [77] 36 43 - 8.0 

Proposed Method 10.68 0.399 17 7 

 

The computational complexity is compared in terms of overall memory size, floating points 

operation per second, and the number of frames processed per second. The architecture 

consumes three times lower memory compared to other architectures. There is almost 3x 

reduction in floating-point operations per second which signifies the lightweight nature of the 

architecture. The architecture takes around 0.06s to process a single image on Laptop GPU 

which amounts to processing around 17 frames per second. This architecture was also deployed 

on Jetson Nano where it could process around 7 frames per second. The other architectures in the 

literature were deployed on Jetson TX2 which has almost three times compute capacity 

compared to Jetson Nano so if the proposed architecture is implemented on Jetson TX2 it will 

give comparable or better performance compared to other architectures in the literature.  

The architecture is also evaluated on other datasets to validate its performance. This is 

explained in the next sub-sections. 

Results on Indian Driving Dataset 

This dataset is specially built by taking Indian driving scenarios into account along with 

objects that are only encountered while driving on Indian roads [73]. The dataset has 15 different 

classes of objects. The object detection results on various test images are shown in Fig. 12 

below. 
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Fig.  12 Object Detection Results of proposed architecture on Indian Driving Dataset 

  The IDD dataset has many classes compared to the other two datasets with classes like 

motorcycles and autorickshaws which are mostly seen on Indian Roads. The architecture can 

detect most of the objects even with random orientations and occlusions. The performance is 

calculated by measuring mAP for classes in the test set. The performance of the architecture is 

compared with other architectures on the same dataset in Table 8 below: 
Table 8 Performance Comparison of different architectures on IDD dataset 

Architecture mAP (%) 

YOLO-V3 with DarkNet-53 [32] 11.7 

Poly-YOLO with SE-DarkNet [32] 15.2 

Mask R-CNN with ResNet-50 [32] 17.5 

Retina-Net [30] 22.1 

Faster R-CNN [29]  18.45 

Faster R-CNN with domain transfer [29] 24 

Proposed Architecture (Version1) 16.42 

Proposed Architecture (Version2) 19.31 

The performance of the proposed architecture is evaluated for two scenarios. The version 1 

architecture is simple CNN architecture without feature fusion, dilated convolution, and class 

weights in the loss function. The second version includes these two modifications. The addition 

of feature fusion and class weights improves the performance for almost all the classes in the 

dataset. The proposed architecture performs better than most of the architecture. It performs 

poorly compare to the RetinaNet and Faster R-CNN variant which can be attributed to the 

complex nature of their architecture which makes them computationally inefficient on embedded 

platforms. 

Implementation results of combined Architecture 

The rain removal and object detection architectures are concatenated for the overall detection 

of objects in rainy conditions. The weights of the rain removal network are fine-tuned by training 

them on images from IDD with added rain streaks. The detection results for combined 

architecture are shown in Fig. 13 below. 
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(a) Rainy Image (b) De-rained image (c) Object detection Results 
Fig.  13 Object Detection results on Rainy Images 

Dense streaks are added to images in IDD compared to the earlier UCID dataset to simulate 

real-time rainy conditions. The output of the de-raining network and object detection network is 

also shown in the figure. The object detection architecture without a de-raining network failed to 

detect any object on the rainy image. The combined architecture can detect most of the objects in 

rainy conditions. The combined architecture takes around 0.11s to process the entire image. The 

overall architecture takes around 12MB of storage and about one million trainable parameters 

which makes it ideal for implementation on embedded platforms. 

8. Conclusions 

Object detection can play a very crucial role in any DAS which can be integrated with an 

intelligent transportation system. It is a complex computer vision problem with challenges like 

illumination, size of the object, adverse weather conditions, occlusion, and clutter affecting the 

performance of the system. The implementation of the system on hardware is even more difficult 

as accurate object detection algorithms based on deep learning require large computational 

resources and memory. This thesis proposes a speed-efficient and lightweight CNN architecture 

for object detection which is implemented on Jetson Nano embedded platform. It also proposes 

the integration of de-raining network in object detection pipeline which improves the 

performance of the system in rainy conditions. The proposed de-raining network is a shallow 

computationally efficient network that gives an equivalent performance to deep neural network 

with a modified SSIM loss function. The proposed object detection architecture has a shallow 

feature extractor compared to the original SSD with feature fusion and dilated convolutions 

concepts which improve the performance on small objects. The performance of the architecture 

is evaluated on three well-known object detection datasets and it achieves good detection 

accuracy. The architecture is computationally very efficient with a three times reduction in 

memory usage and FLOPs. The overall object detection pipeline is evaluated on synthetically 
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added rain streaks on IDD dataset which takes around 0.11s for inference and 11MB of memory 

usage.  The performance of the proposed architecture can be improved further in the future on 

IDD dataset in terms of detection accuracy by making further architectural modifications. 
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