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), must be examined.

I. INTRODUCTION

0 N a daily basis, security screening staff at air- ports must manually scrutinise hundreds of pieces of luggage for contraband. In addition to this massive burden, interpreting X-ray luggage imaging can be quite difficult.Due to the nature of packed luggage, where objects are tightly packed, X-ray baggage imagery generally contains a very high degree of clutter [START_REF] Turcsany | Improving feature-based object recognition for x-ray baggage security screening using primed visualwords[END_REF] (see figure 1).Almost every airport now has a semi-automated scanner system, as evidenced by the fact that automation is becoming more common and demonstrating its worth increasing the level of dependability The majority of automation is based on screening bags using X-Ray scanners [START_REF] Gu | Automatic and robust object detection in x-ray baggage inspection using deep convolutional neural networks[END_REF] and then moving on to the next step The security guard is in charge of determining whether there is a threat.

II. LITERATURE REVIEW

A Lot of advancements have happend in the field of AI with multimedia particularly wih images and videos being in the centre. Graham-Knight3 et al [START_REF] Brandon | Accurate kidney segmentation in ct scans using deep transfer learning[END_REF] proposed a novel method for kidney segmentation in CT scan using deep learning. A serious model for kidney division in CT examines is prepared utilizing the openly accessible KiTS19 dataset. The model performed well against the KiTS19 test dataset, accomplishing a Sørensen-Dice coefficient of 0.9620 while creating kidney division veils from CT examines. The algorithm utilized is U-Net, a typical method used to section biomedical pictures of different modalities, including X-ray and CT checks. The model is prepared utilizing nnU-Net, an open-source structure for preparing U-Net. To help bring Deep Learning to kidney stone diagnosis and treatment, this promising model is then applied to a dataset developed by the research team, consisting of CT scans from patients who underwent treatment for kidney stones between 2011 and 2014. Regardless of by and large achievement, the model seems delicate to changes in highlights between the two datasets, with some division covers functioning admirably and others unfit to effectively isolate the kidney from the encompassing life systems.

This paper [START_REF] Singh | Visual gesture recognition for ground air traffic control using the radon transform[END_REF] explains the recognition of gestures to control air traffic. Different parts of the algorithm such as acquisition, segmentation, labeling and recognition utilizing the parametric Radon transform are tended to in this paper. binary skeleton portrayal of the This study [START_REF] Yin | Nose shape estimation and tracking for model-based coding[END_REF] offers a method for nose detection for low bit rate video coding based on experimentation on real video sequences, which is a benefit of the presented method. To extract the moving head silhouette, we first employed an active tracking algorithm to follow the moving head. They also extract feature regions by segmenting the image into regions that increase based on color components. It divides the amount of areas into four categories: left eye blobs, right eye blobs, nose blobs, and mouth blobs. After that, they employed the Hough transformation to estimate the shape of various characteristics. Finally, nose features can be found in the nostril and nose side forms, which can be detected using a shape adaptive model since the nostril has a twisted-pair shape and the nose side has a parabola shape.They used an active video sequence for the experiment findings, and it annulled the deformable template matching algorithm with only a few single steps to capture a template for facial features. As a result, it reduces search time and addresses template shrinking difficulties. According to preliminary findings, this approach appears to be useful in real applications, and they anticipate more robust feature detection algorithms in the future.

On the videos side we have [START_REF] Curcio | Tile priorities in adaptive 360-degree video streaming[END_REF]. This paper proposes a strategy for overseeing in a controlled manner the agile quality degradation in DASH-based streaming systems to deliver omnidirectional video. The technique is empowered by the signaling of tile priority maps in order to reduce the impact of graceful degradation on the users' Quality of Experience (QoE). Simulating results had shown that this strategy permits degrading the system by more than 10% of minor bandwidth use during Viewport Dependent Streaming, without forfeiting the client QoE so much compared with the case that doesn't utilize this method. Moreover, the presented technique further develops adaptability from the service provider's viewpoint. This research paper [START_REF] Ma | Background subtraction based on principal motion for a freely moving camera[END_REF] highlights the methods to remove backgrounds from videos. Robust Principal Component Analysis (RPCA) is used to assess the motion of the video background in this paper, and a novel background subtraction approach for a freely moving camera is given. Background Subtraction is a prevalent problem in computer vision, and it's used as a pre-processing step in a wide range of high-level applications such as traffic monitoring and activity recognition. For removing the background of videos generated from freely moving cameras, Robust Principal Components Analysis (RPCA) is used, in which both the angle and magnitude of the optical flow are used for motion analysis. Moving objects have been detected in the past by a variety of methods, including evaluating the texture of a movie. The extraction of the optical flow, which characterizes the mobility of pixels, is the first stage in our process. Two frames taken at various times were used to record the optical flow. The optical flow can be used to represent the motion of pixels' positions following camera motion because pixels no longer keep their positions. Furthermre, It creates a motion matrix that can be dissected using RPCA. The background motion of scenes is assumed to be represented by a low-rank matrix, and RPCA is used to decompose the background motion before subtracting it. We leverage neighborhood information and super-pixels to increase the accuracy of the proposed approach by compensating for faults created during the creation of optical flows. Experiments were conducted to evaluate the strategy's performance on video, and it was discovered that the RPCA model is ineffective, so a new way has been presented because several flaws were discovered when conducting the process. Despite the fact that the offered solution did not entirely solve the problem, it did propose a fresh manner for approaching the challenge. This can be used to overcome the problem of backdrop detection with a freely moving camera in the future.

A combination of gaming, video and image with AI is [START_REF] Fakhri | Foveated haptic gaze[END_REF] This paper presented Foveated Haptic Gaze, an approach for conveying visual information via haptics that is intuitive and designed for interacting with real-time 3-dimensional environments. To validate this approach they developed a prototype of the system along with a simplified first-person shooter game. Also they presented very encouraging user study results of both sighted and blind participants using their system to play the game with no visual feedback. Results from the user study indicated the playability of the Doom game was conserved without vision as many participants were able to achieve suitable performance metrics and accuracies. This was assisted by positive subjective user feedback with respect to the system design. Differences in performance among test groups were few, having only slight sighted usability bias.

This work [START_REF] Riffo | Threat objects detection in x-ray images using an active vision approach[END_REF] developed an active vision strategy to inspecting X-ray images in order to automatically locate things that pose a threat. Their method consists of three steps: detecting possible danger objects in single views based on feature similarity and geographic distribution; estimating the best-nextview using Qlearning; and eliminating false alarms based on multiple view limitations. X-ray images of firearms and razor blades were used to test this approach. It performed well in the detection of pistols (Re = 67 percent, Pr = 83 percent) and razor blades (Re = 82 percent, Pr = 100 percent), with 360 examinations in each case. The findings showed that using X-ray pictures for non-destructive inspection improves object detection in complicated surroundings and can help counteract obstruction and luggage internal disarray.

This research [START_REF] Zhang | On using xmc r-cnn model for contraband detection within x-ray baggage security images[END_REF] offers a model for recognising weapons and knives in X-ray baggage photos using an X-ray material classifier region-based convolutional neural network (XMC R-CNN). By combining the Xray material classifier method with the organic and inorganic stripping algorithms, the XMC R-CNN model is employed to solve the problem of contraband detection in overlapped X-ray luggage images, resulting in a higher detection rate and lower miss rate.Guns and knives were detected 96.5 percent and 95.8% of the time, respectively, with miss rates of 2.2 % and 4.2 %. The XMC R-CNN model-based contraband detection method is used to security inspection X-ray luggage pictures. The secure X-ray baggage photographs can be automatically filtered in some specific fields based on user requirements, reducing the quantity of X-ray baggage images that security inspectors must examine. Security inspection efficiency is enhanced, and security inspection labour intensity is reduced.

This research work [START_REF] Hayat | Fused Geometry Augmented Images for Analyzing Textured Mesh[END_REF] introduces a multi-modal mesh surface representation that combined texture and geometry data in this article. This method establishes an inverse relationship between different geometric descriptors computed on the mesh surface or its downsampled counterpart and the mesh's corresponding 2D texture picture, allowing the creation of fused geometrically augmented images. Using typical convolutional neural networks in a transferlearning mode, we can learn feature representations from 3D input in a highly efficient manner using this new fused modality. By successfully merging shape and texture information at the data level, the proposed methodology is both computationally and memory efficient, preserves intrinsic geometric information, and learns highly discriminative feature representation. Our system outperforms state-of-the-art algorithms in the tasks of facial action unit recognition, expression classification, and skin lesion classification.

Yolo -based object detector was used to automate threat detection in an X-ray image. The study com-pared the performance between using transfer learning and training from scratch in an IEDXray dataset composed of scanned X-ray images of improvised explosive device (IED) replicas [START_REF] Galvez | Yolo-based threat object detection in x-ray images[END_REF]. This paper proposes an object detection algorithm for X-Ray baggage security screening images. Firstly, to outline the detected object from X-Ray baggage security imagery, they proposed a foreground-background segmentation method based on color information [START_REF] Gu | Automatic and robust object detection in x-ray baggage inspection using deep convolutional neural networks[END_REF]. Then, to classify and outline different types of objects in X-Ray im-age, a deep convolutional neural networks (DCNNs) based object detection framework Faster R-CNN are propose(see figure-2) [START_REF] Liu | Deep convolutional neural network based object detector for x-ray baggage security imagery[END_REF].

In this paper, they proposed a learning-based X-ray image synthesis method for object detection. Specifically, for each foreground object to be synthesized, they first estimated positions difficult to detect by the object detector. These positions and their corresponding confidence values are then used to construct a difficulty map, which is used for sampling the target foreground position for image synthesis [START_REF] Kim | Learningbased image synthesis for hazardous object detection in x-ray security applications[END_REF].

This study presented an image classification technique for object detection in X-ray baggage imagery using primed visual words in an SVM classifier framework. Primed visual words are obtained through classspecific clustering of feature descriptors and used to encode images in our bag-of-words model.

Deeper neural networks are more difficult to train. We present a residual learning framework to ease the training of networks that are substantially deeper than those used previously. We explicitly reformulate the layers as learning residual functions with reference to the layer inputs, instead of learning unreferenced functions. We provide comprehensive empirical evidence showing that these residual networks are easier to optimize, and can gain accuracy from considerably increased depth [START_REF] He | Deep residual learning for image recognition[END_REF].

They present some updates to YOLO. They made a bunch of little design changes to make it better. They also trained this new network that's pretty well. It's a little bigger than the base YOLO model but more accurate. At 320 × 320 YOLOv3 runs in 22 ms at 28.2 mAP, as accurate as SSD but three times faster. When we look at the old .5 IOU mAP detection metric YOLOv3 is quite good. It achieves 57.9 AP50 in 51 ms on a Titan X, compared to 57.5 AP50 in 198 ms by RetinaNet, similar performance but 3.8× faster [START_REF] Redmon | Yolov3: An incremental improvement[END_REF].

The highest accuracy object detectors to date are based on a two-stage approach popularized by R-CNN, where a classifier is applied to a sparse set of candidate object locations. In contrast, one-stage detectors that are applied over a regular, dense sampling of possible object locations have the potential to be faster and simpler, but have trailed the accuracy of twostage detectors thus far. In this paper, they investigate why this is the case. We discover that the extreme foreground-background class imbalance encountered during training of dense detectors is the central cause. They proposed to address this class imbalance by reshaping the standard cross entropy loss such that it down-weights the loss assigned to well-classified examples. Their novel Focal Loss focuses training on a sparse set of hard examples and prevents the vast number of easy negatives from overwhelming the detector during training. To evaluate the effectiveness of loss, they design and train a simple dense detector we call RetinaNet. Our results show that when trained with the focal loss, RetinaNet is able to match the speed of previous one-stage detectors while surpassing the accuracy of all existing state-of-the-art two-stage detectors [START_REF] Lin | Focal loss for dense object detection[END_REF].

III. METHODOLOGY

We would be using the Single shot detector(SSD) as our object detection model. SSD (Single Shot Detector) runs a convolutional network on input image only one time and computes a feature map(see figure -2). Also, in Feature Map Extractor (VGG16 was used in the published paper but we implemented ResNet50 as a backbone network on our model)). SSD produces expectations of various scales from the included maps of various scales and expressly isolates forecasts by viewpoint proportion. Also, SSD, a single-shot detector for multiple classes that's quicker than the previous progressive for single-shot detectors (YOLO), and considerably a lot of correct, as correct as slower techniques that perform express region proposals and pooling (including quicker R-CNN). The focus of our project is to make a harmful object detector based on transfer learning model focusing on object such as knifes, scissors and blades. Also more focus would be to detect small harmful objects in the bag such as blades which are difficult to identify in typical airport x-ray machines.

In our project we used SSD300 as our object detection model which is a pre-trained model on COCO dataset and then RestNet50 as backbone network to implement transfer learning in our model. When we add more layers to our deep neural networks, the performance becomes stagnant or starts to degrade. This happens due to vanishing gradient problem. When gradients are backpropagated through the deep neural network and repeatedly multiplied, this makes gradients extremely small causing vanishing gradient problem. ResNet solves the vanishing gradient problem by using Identity shortcut connection or skip connections that skip one or more layers. The SSD300 ResNet50 model is available in PyTorch models hub. It has been trained on the COCO vision dataset already. So, it is every bit ready for inference once we load the pre-trained weights into the model. As it has been trained on the COCO dataset, it also gives us the freedom to detect many objects which belong to the 80 classes SSD ResNet50 has been trained to detect. Then we trained around 200 images of x-ray baggage from GDX-ray dataset on top our model and extracted features were used during detection of the harmful objects.

The draw boxes() (as shown above) accepts three parameters. They are image, results, and classes to labels. Image is the original input image or the frame before applying any resizing or other augmentations/transforms. The results contain the bounding box coordinates, the labels, and the confidence scores for the detected objects. And the classes to labels contains the class label names from the COCO dataset. As we are feeding the image to an SSD300 model, so we need to resize the image to 300×300 pixels. This means we have to resize the bounding box coordinates to 300×300 pixel range from the normalized range. Then we also bring the bounding box coordinates to match the original size of the image for proper visualization. Now, we can draw the bounding boxes around the original image instead of the resized image. The rest of the code includes drawing the bounding box rectangles and putting class label text for the objects. We do this using OpenCV. Finally, we return the image with the bounding boxes drawn around all the detected objects. Now we convert the image into PIL image format. As we will feed the image to an SSD300 object detector, we need to resize the image to 300×300 pixels (as shown above).

Then we are applying the ToTensor() function. This divides the pixel values by 255 and also brings the dimensions to [channels x height x width] format for proper PyTorch input. Finally, we apply the mean and standard deviation for the ImageNet normalization of the input data. This is because the ResNet50 neural network backbone has been trained on the ImageNet classification data (as shown above). Now, we feed the tensor input to the SSD300 detector. Then comes the part where we use the utility scripts that we downloaded for the NVidia SSD300 model. We use the decode results() function of the utils to bring the outputs to the proper format. The pick best() function of utils takes a confidence threshold as input along with the results per input. This provides us with best results per input which contains the bounding boxes, the class labels, and the confidence scores for each of the inputs. We are providing the threshold as 0.45 (as shown above).

IV. RESULTS OBSERVED

As metioned above in the methodology, We have used a pre-trained SSD model, which was already trained on COCO dataset and hence with the help of Resnet50 by implementing transfer learning approach we used 200 images of GDXray dataset on top of our pre-trained model. The images we passed through the model are mentioned in fig 3 .  We have found the following results. We have used some external library as Torch, OpenCV and TorchVision. The model was able to detect items like knives , blades and scissors as shown in fig 4. . The mean average precision for the detected items can be found in fig [START_REF] Gu | Automatic and robust object detection in x-ray baggage inspection using deep convolutional neural networks[END_REF].

Whereas, there were some discrepancies such as it was not able to detect another small dangerous items such as guns as well as model was inaccurate for detecting multiple items in a single x-ray images as mentioned in the fig. 6.

V. CONCLUSION

As mentioned in the above results section, we have constructed this model to detect on small objects such as knives, blades and scissors very precisely with good accuracy. But we observed that it was not able to detect other small harmful objects such as guns. We also observed its inability to detect multiple items in a single x-ray image which is making it less effective than the other models present. In the future, we will work on improving the model by increasing the size of dataset as for our project we only considered 200 images from the GDXray. As well as, we are also going to work on loss function so that result can be better and accuracy can be increased.
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