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Abstract: Autonomous vehicles are emerging day by day and it is being used as a part of public transport 

like taxi in some developed countries. The technology Edge artificial Intelligence is used for 

implementation of the models that running directly on local hardware devices instead of using remote 

cloud server. In this process sensor fusion, object detections, path finding are some of the important tasks. 

Object detection takes major role because, all objects in the road must be identified. Based on the 

observation, decision are made like whether the vehicle needs to be moved right or left or front or back 

etc. In this proposed research work the novel object detection approach is proposed to improve the 

accuracy of this process. YOLOv8n model and CNN Transformer module are combined and implemented 

to achieve the task. Based on the experimentation, it is observed that proposed model has produced the 

better results in terms of various Evaluation Metrics like mAP (mean Average Precision), Precision, Recall, 

F1-Score, Inference Time (FPS) . 
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Introduction 

 Autonomous vehicles are one of the technological advancement in the transport now days. But the 

challenge behind the technology is very sensitive and collaborative. Starting from the sensor modules to 

the actuators, it consists of plenty of sensitive hardware’s that are embedded. Though it is implemented 

and being used in some of the countries, still there are unaddressed challenges such as sensor fusion, 

object detection, path finding, decision making, prediction etc. In this research paper, the object detection 

is taken into consideration. During the uncertainty conditions, like heavy rain and fog, the objects in front 

of the vehicle will not be clear.  Many objects can be there in front of the vehicle such as car, truck, bus, 

motorcycle, bicycle, pedestrian, traffic light, traffic sign, animals, road obstacles etc. Each object has its 

own properties. Pedestrian may move from one direction to another in the road needs immediate 

breaking. The cyclist may not move as per the prediction. The traffic lights may change periodically. The 

animals can cross the road unexpectedly.  The vehicle needs to identify each object and based on that, 

the decision must be taken. It is very hard to make the decision with the available inputs with in a Nano 

seconds. The proposed approach, extracts important visual features such as human body, bicycle frame, 

road marking, and traffic signs. These features are mapped into numerical feature vectors. Detected 

object’s learned characteristics are stored in this feature vector. Then the object localization determines 

the exact location of the object. The YOLO divides the image into various grids. This is to predict the height, 

width, center coordinates, confidence etc. To minimize the localization loss accurate bounding boxes are 

predicted. This process is important to estimate object position, lane occupancy, and distance with other 

vehicle.                   
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Related works  

In [1], the authors discussed about the object detection in low light scenarios. In this algorithms are failed 

to predict the low level features in the dark environments. LLD-YOLO based approach is proposed and it 

is designed for low light conditions.  In [2], they introduced the scene information gathering and 

distributing network. They followed the slice and distribute method to prevent the information loss during 

fusion. Omni dimensional dynamic convolution is incorporated to redesign the network. In [3], a query 

based model with a new pipeline is proposed. Bidirectional feature pyramid network is implemented to 

detect the small object accurately and it different scales of features are integrated. It achieves the 

precision, speed of vehicles in high speed driving scenarios. In[4] a light weighted object detection is 

proposed with dynamic up scaling for remote sensing images. The convolution module based on improved 

multiscale attention is proposed instead of traditional convolution method. This improves the accuracy of 

object detection in remote sensing.  

In[5] the authors discussed about the deep learning, CNN and vision transformers based object detection 

algorithm. A compete analysis of the anchor free, anchor based and transformers based detectors are 

taken for consideration and reviewed. Thy discussed the insights behind these approaches and quality 

metrics are analyzed through the experimental analysis. In [6] mutual assistance learning is proposed for 

object detection. During the head detection of the detector mutual assistance is manifested. And to 

provide a shared offsets and avoid inconsistency between prediction pairs, regression and decoupled 

classification are reintegrated. In [7] 3D object detections for autonomous vehicles are analyzed. This 

research work summarized the most commonly used 3D image detection techniques. In addition to that, 

they proposed two new object detection approaches. Feature lifting based methods,  data lifting based 

methods, depth augmented feature learning method are some of the methods analyzed in this paper. 

In[8] they achieves accurate object detection by aggregating  the effective features within the region 

dynamically. This method consists of two major modules such as dynamic region aggregation module and 

global multilevel perception module. This improves the object detection accuracy of the small objects.        

Proposed Approach 

In this work, the deep learning based object detection has been proposed which is based on the 

YOLOv8n model and CNN transformer method. The driverless vehicles always have multisensory inputs 

such as camera, ultrasonic sensors, LiDAR , Radar etc and each input source works independently in 

getting the input signals and all versatile input signals are combined together the process called as sensor 

fusion[1]. Camera detects lane marking, colors, traffic lights and pedestrians, LiDAR does the 3Dimention 

distance calculations, Radar measures the speed and distance perfectly, Ultrasonic sensors is detecting 

the short range obstacles, Inertial Measurement Unit (IMU) measures the orientation and acceleration, 

GPS provides the position of the vehicle. Each sensors operates in different frame rates like camera 

operates 30 frames per second, LiDAR operates 10 frames per second and Radar operates 20 frames per 

second and these information needs to be synchronized using time stamps with respect to the same 

instant. Sensor fusion involves various activities such as sensor calibration, preprocessing, feature 

extraction etc. Sensor calibration measures the spatial relationships between all sensors, preprocessing 

involves noise removal and data standardization and feature extraction extracts features from sensors 

[2]. During sensor fusion, all data’s are combined in to unified representation. In this approach feature 

fusion approach is used, in which extracted features of each sensors are merged. The next phase is object 

detection and tracking phase. This provides the measurements of velocity, positions, acceleration and 



  

SGS Initiative, VOL. 1 NO .10 (2026): LGPR 

predicted future location and it uses the kalman filter algorithm for object detections. YOLOv8n along with 

CNN transformer method is adopted to enhance the accuracy of the process. The architecture diagram of 

the proposed approach is given in Figure 1.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Proposed YOLOv8n-CNN based object detection model 

YOLOv8n Model Effectuation 

In a KITTI dataset,  let Xd  is the  dth input image, Zd gives the ground truth annotations and V-is the total 

number of training samples, then the taken KITTI dataset can be  

represented (equation (1)) as  𝐷𝑆 = {(𝑋𝑑 , 𝑍𝑑)}𝑑=1
𝑉     ---- (1).  

In this, each image could be defined  𝑋𝑑  ∈  ℚ𝐻×𝑊×𝑃 , where H -denotes height, W-denotes width of an 

image, and P- gives 3(RGB channels). KITTI dataset is undergone for annotation. That will be converted to 

YOLO format. Here the original bounding box (𝑟𝑚𝑖𝑛, 𝑠𝑚𝑖𝑛 , 𝑟𝑚𝑎𝑥, 𝑠𝑚𝑎𝑥)  is converted to YOLO format as  

 

𝑟𝑝 =
𝑟𝑚𝑖𝑛 +  𝑟𝑚𝑎𝑥

2𝑊
 

𝑠𝑝 =
𝑠𝑚𝑖𝑛 +  𝑠𝑚𝑎𝑥

2𝐻
 

 

--(2) 
 
--(3) 
 

𝑤 =
𝑟𝑚𝑎𝑥 +  𝑟𝑚𝑖𝑛

𝑊
 

ℎ =
𝑠𝑚𝑎𝑥 + 𝑠𝑚𝑖𝑛

𝐻
 

 

--(4) 
 
--(5) 

and the final annotation has become ( 𝑝, 𝑟𝑝, 𝑠𝑝, 𝑤, ℎ  )      ---(6) 

Then the input data will pass through the YOLOv8 such as 𝐺𝑌𝑂𝐿𝑂 = 𝑔𝑌𝑂𝐿𝑂(𝑋) where 𝐺𝑌𝑂𝐿𝑂  ∈  ℚ 𝑚×𝑛×𝑡 

And the overall YOLO loss can be obtained as 𝑀𝑌𝑂𝐿𝑂 = 𝑀𝑏𝑜𝑥 + 𝑀𝑐𝑙𝑠 + 𝑀𝑂𝑜𝑏𝑗 --- (7) this denotes 

localization loss, classification loss and objectness loss. 

CNN Feature Extraction Module 

In this the local spatial features are extracted using CNN , the convolution operation of  MYOLO  can be 

represented as 𝑀𝐶𝑁𝑁 = 𝜎(𝑹 ∗ 𝑀𝑌𝑂𝐿𝑂 + 𝒃)  --(8) 

Where 𝒃- bias,  R – convolution kernel, 𝜎 – ReLU activation, and *-convolution. After multiple convolution 

layers  as 𝑀𝐶𝑁𝑁    ∈  ℚ 𝑞×𝑝×𝑑   --(9) 

During experimentation, these CNN features are represented in to tokens and each tokens is projected. 

After that hybrid CNN-transformer integration is done [3]. Detection head predicts the hybrid loss 
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function. Finally the performance metrics precision, recall, Intersection over union and mean average 

precision and analyzed.    

Experimentation:  

Proposed hybrid YOLOv8n and CNN transformer approach is implemented in colab research platform and 

the necessary files such as numpy, pandas, pathlib, json etc are downloaded and the KITTI dataset is 

prepared for training and execution. The dataset preparation is done followed by the file structure id 

preparation.  After the dataset is trained, YAML file is included. The YOLO model is adopted to the 

environment, the actual model training has started with respect to various aspects. Various objects such 

as car, pedestrian , van, truck, van, cyclist etc are taken for consideration and all are analyzed with respect 

to adopted model. Then the validation phase is executed for the taken images. E.g. Figure 2 represents 

the output of the proposed model with respect to training dataset , executing a model and validation of 

the results with some standard metrics like mAP(mean Average Precision), recall, precision, and Inference 

time. The results are observed and values are recorded. From the results it is observed that overall 

performance of the training process with the KITTI dataset, validation of a model and prediction results 

of the various objects given in values.           

 
Figure 2. YOLOv8n and CNN transformer approach results 

Confusion matrix of the proposed approach is given in figure 3. The matrix clearly says that the proposed 

approach got some improvements in predicting the objects like car, van, cyclist, truck, pedestrian, sitting 

person, bike, running person etc and the values are tabulated for future evaluation purpose which 

improves the accuracy of the process. At the end of  YOLOv8n and CNN transformer approach in the 

environment, after running the model  the prediction results in terms of images that contains the object 

identified. E.g. Figure 4 shows the output images and prediction results of the proposed approach. Figure 

4(a), (b), (c), (d) identifies some cars in the road. Figure 4(e) identifies cyclist and Figure 4(f), 4(g), 4(h) and 

4(i) identifies the van, pedestrian, truck etc.   
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                               Figure 4(a) 

Figure 3. Confusion matrix of the proposed approach                                                           Figure 4(b)                                                                                                                                                                                                                                                                                                                       

 The figures (4(a) to 4(i)) shows the output of the proposed model, Only 9 images given here out of 20 

images generated as output. In each image some objects like car, cycle, pedestrian are analyzed and 

identified clearly. The proposed model improves the clarity in identifying the objects. 

                     Figure 4(c)                                                   Figure 4(d)                                                Figure 4(e) 

                              Figure 4(f)                                                                                       Figure 4(g) 

                    Figure 4(h)                                                                                               Figure 4(i) 

Figure 4. The proposed YOLOv8n and CNN object detection  

Conclusions  

A novel object detection algorithm is proposed using hybrid YOLOv8n and CNN transformers in this work. 

In autonomous vehicles, the object detection process is a sensitive process as, within a micro or nano 

seconds, all objects in the road needs to be identified. The sensor fusion is taken place, after that object 

detection is done. Based on this, the vehicle creates 3D model of the environment in front of it. In order 

to improve the accuracy of the object detection process, a hybrid YOLOv8n and CNN transformer is 
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adopted to the model. The dataset KITTI is taken for consideration. After Converting annotations to YOLO 

format, the YOLOv8 baseline model is trained. CNN transformer module is developed and integrated to 

the hybrid architecture. Then the model is trained and fine-tuned, after the getting and analyzing the 

results, it is observed that the proposed approach improves the accuracy of the object detection process 

by 3.4%.  
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