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ABSTRACT 

While artificial intelligence and machine learning have been applied in data processing research, the bulk of 

research has focused on supervised learning. In a couple of years, there has been an intensifying trend toward 

retaining unsupervised learning in research to improve performance, sequencing images, categorization, 

optimization, and anomaly detection. It retains great success; when applying unsupervised learning for 

Computer Vision, Natural Language Processing, Networking, Visual data representation, Image Processing, etc. 

The focus of this paper is to provide an overview of techniques and applications of unsupervised learning in the 

domain of visual data in previously published papers and their benefits. 
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I. INTRODUCTION 

In this era, image processing and visual /video data processing, and neural techniques are involved in many practical 

applications. Progress in hardware technology and software technology rises the computing capabilities. Accordingly, 

the probability of new possibilities and new exploiting technology also rises. With image processing and neural 

network becoming increasingly dynamic, heterogeneous, and complex in medical applications for the detection of 

dieses. The research in such fields has become less amenable to manual detection and analyses and predictions. It can 

support methods for optimization and automated decision-making from the fields of artificial intelligence(AI) and 

machine learning(ML). These techniques have already transformed multiple fields such as computer vision, natural 

language processing, speech recognition, and optimal control. 

Recently, a new unsupervised learning paradigm developed as self-supervised learning [1][2][3]. The key idea behind it 

is to influence the inherent structure of raw images and formulate a discriminative or reconstruction loss function to 

train the data. Such as forecasting the relative patch positions [4], reconstructing missing pixel values and object-level 

representation learning from scene images[5]. 

The main purpose of this paper is to focus on the important advances in unsupervised learning methods for visual data 

and images. 

II. TECHNIQUES OF UNSUPERVISED LEARNING FOR VISUAL DATA 

In this section, some widely used techniques are discussed for visual data: 

2.1 Order Prediction Network for Sorting sequences: In this method, sequence sorting as a substitute task is 

used for self-supervised learning using a large collection of unlabeled videos[3]. Here, it provides a tuple of randomly 

shuffled frames, then trains a neural network to sort the images into chronological order. First, it computes frame 

features. Then extract features from all the pairwise frames and fuses them for order prediction. 

2.2 Object-level Representation Learning Framework from Scene Image:  This framework is based on a key 

insight of the current contrastive learning method: it will implicitly group different images with similar visual concepts 

together even though they are explicitly optimized to group different views of the same image [5]. This miracle 

discloses that image-level contrastive learning has already persuaded a latent space with rich visual concepts. 

First, it extracts potential object-based regions in scene images using an unsupervised region (selective search 

algorithm). Secondly, a region corresponding generation scheme is used to influence the off-the-shelf image-level 

contrastive learning pre-trained model to discover corresponding object-instance pairs in the embedding space. Finally, 

object-instance pairs are used to construct positive sample pairs for object-level representation learning.  
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2.3 Video Instance Embedding: In this method, Video Instance Embedding (VIE) framework is introduced [6], 

to learn features from videos the idea of deep unsupervised embedding can be used. Here, videos are projected into a 

compact latent space through a deep neural network. In that their parameters are tuned to optimally distribute embedded 

video instances, in this way similar videos are collected and dissimilar videos are separated. This framework learns 

powerful representation for transfer learning to action recognition in the large-scale kinetics dataset as well as 

classification in single frame object Image net dataset. 

2.4 Stereo Matching using Single–View Videos (SMV): This method is used single-view videos. (SMV). It is an 

unsupervised approach that constructs deep learning[7]. A set of corresponding points are computed between images 

from videos and image patches that center at the computed points are extracted from single-view videos. It requires left 

and right stereo images. As a matching cost function, it uses negative and positive samples to establish a dataset to train 

a similarity network. It also uses a local-global matching cost network that achieves the first feature maps associated 

with the last feature maps as yield features. The concatenated features are connected to full-connected layers. In this 

way, the network yield a similar measure image patch pair as a matching cost. After that, it calculates matching costs 

are aggregated using semi-global matching and cross-based cost aggregation with sub-pixel interpolation.  

2.5 Intrinsic Image decomposition framework from a single image: In this method, the key idea is that the 

natural image, the reflectance, and the shading all share the same content, which reflects the nature of the target object 

in the scene[8]. Therefore, considering estimating the reflectance and shading from a natural image as transferring 

image style but remaining the image content, based on this idea unsupervised learning method to learn the style of a 

natural image, reflectance and shading by collecting three unlabeled and applying auto-encoder and generative-

adversarial network to transfer and natural image to the desired style while preserving the underlying content. This 

method transfers from one domain to another two domains with explicit physical meaning. It adopts three physical 

constraints into method 1. The physical consistent constraints 2.Domain invariant content constraint that natural image 

and its decomposition layers share the same object, layout, and geometry. 3. The physical independent constraints that 

reflectance is illumination invariant and shading is illumination invariant.  

2.6 Object structure and dynamics from videos: this approach, improves upon unstructured representation for 

both pixel-level video prediction and for downstream tasks requiring an object-level understanding of motion dynamics 

[9]. 

To achieve the unsupervised video understanding, first of all, necessary to learn to predict future frames. There are two 

main challenges to achieving it: that are to make a pixel-level prediction and second the representation of a model 

trained for pixel-level reconstruction is not guaranteed to be useful for downstream tasks. Authors in [9] use a key 

point-based representation of object structure is used. Since it is a natural representation of a dynamic object. It is 

commonly used for face and poses tracking. Generally, supervision is required for training key point detectors. Here, 

key point representation directly learns from video without any supervision beyond the pixel data in two steps. 1. First, 

encode individual frames to key points, then model the dynamics of those points. As an output, the representation of the 

dynamic model is spatially structured, eventhough the model is trained only with a pixel reconstruction loss. 

2.7 Learning Landmark detectors for visual objects: In this method, it learns landmarks by looking at images of 

deformable objects which vary by gaining time and/or viewpoint[10]. Such types of image pairs are extracted from 

video sequences or they may be generated by arbitrarily disturbing still images. In the context of future frame 

prediction, videos have been used before for Self-supervision. The main goal of this step is to generate future video 

frames by observing one or more past frames. In this process, the difficulty is the high degree of ambiguity, which 

exists in predicting the motion of objects from post observations. To eliminate this ambiguity, consider two images, a 

source(past) image, and a target (future) image. Here reproduces the target image, given the source and target images as 

input. This task is clearly known. Then pass the target through a tight bottleneck meant to distill the geometry of the 

object. This is to do so by constraining the resulting representation to encode spatial locations; it is obtained by an 

object landmark detector. The source and encoded target image are then passed to a generator network which, 

reconstructs the target. Minimizing the reconstruction error encourage the model to learn landmark like reconstruct the 

representations because the Landmarks can be used to encode the geometry of the object which changes between 

source and target [10]. The constant appearance of the object can be obtained from the source image alone.     

2.8 Encoder decoder model:  this model consists of a content encoder, a motion encoder, and a video generator 

[11]. This method can be used for conditional video generation and fine-grained action recognition. This method, 

separates motion from videos and learn appearance-independent motion representation. The encoders influence the 

advantage and extract the content representation and motion representation from video clips. The video generator takes 

an input of content representation and motion representation and reconstructs the corresponding video. 

It trains the model on the following perception: 1. The appearance of the object and background does not change 

automatically, so two clips in the same video should be equivalent in representation content. 2. The model should 

reconstruct the corresponding videos from content representation and motion representation.  

By using the first step, one can directly minimize the difference between content representations from the same video. 
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In the second step, one can influence cycle consistency learning to train video generation in a self-supervised way. 

When content representation and motion representation are taken from the same video, then the model should 

reconstruct the same clip as the input of the motion encoder. It is considered a one-step cycle. When the contents and 

motion are extracted from two different videos, it is considered at wo-step cycle. Since there is no supervisory signal 

for the generated clip. it means when generating a clip as motion and a motion clip as content, the model should 

generate the same clip as the initial one. 

III.  Analysis and benefits of the methods 

In this section, all the above methods are discussed, analyzed, and list benefits of unsupervised learning for visual 

images:  

3.1 The sequence sorting provides strong supervisory signals as the network needs to reason and understand the 

statistical temporal structure of image sequences. This method outperforms the approaches on the action benchmark 

datasets. It also achieves competitive performance in classification and detection.  

3.2 Existing image-level contrastive learning methods have priors to discover object-level corresponding across images 

using supervised learning. But first time for unsupervised cross-image object-level correspondence discovery is 

revealed. It significantly outperforms the image-level contrastive learning approach. This method improves the 

performance, and demonstrates its potential to benefit from more unlabeled scene data. 

3.3 Benefits of Video Instance Embedding are listed below: 

1. Due to the long-range temporal structure, it embeds entire videos into the latent space, so it is intended to 

influence contextual information contained in the video. 

2. It achieves unsupervised transfer performance on action recognition and creates a more useful representation 

for static object categorization than supervised action recognition. 

3. This framework is more biased by per-frame context and multi-framing models develop representations 

focusing on dynamic features.   

Unsupervised learning on at-scale video tasks has become substantially more effective because of recent architecture 

and loss function ideas.  The deep embedding approach is a gradually feasible framework for general unsupervised 

learning across many visual tasks. Two pathway model with static and dynamic pathways is relatively better than alone. 

3.4 Following are the benefits of Stereo Matching using Single–View Videos (SMV): 

1. This approach does not require stereo images as well as ground truth.  

2. Similar to the local binary pattern, a local-global matching cost network is used to achieve the benefit of using 

the first layer that extracts features.  

3. SMV performs robustly for different datasets. It outperforms different learning-based stereo matching methods 

that use domain data for training.  

This method gives the best performance among unsupervised methods, outperformed several supervised methods, and 

is also well-performed across different datasets. 

3.5 It introduced three assumptions about the distributions of different image domains i.e. domain invariant content, 

reflectance shading independence, and the latent code encoders are reversible. Unsupervised learning gives 

outperformance compared to supervised learning. Here, four intrinsic image benchmarks are used to test the result. 

Those are ShapeNet, MPI Sintel benchmark, MIT intrinsic dataset, and IIW.   

3.6This method improves video prediction quality and performance for tasks forex. Action recognition and reward 

prediction. It is also beneficial for supervised video prediction. In key point coordinate space, modeling dynamics 

allows to sample and evaluate predictions efficiently. Errors in coordinate space are more meaningful compared to 

pixel space. The spatially structured representation outperforms unstructured representation on a range of motion-

related tasks such as tracking, motion prediction, and reward prediction. 

It is more useful than unstructured representation for downstream tasks which require object-level information. 

3.7 The main advantage of this method is the simplicity and generality of the formulation compared to other works for 

unsupervised learning of landmarks. It allows it to work well on data for more complex than previously used in 

unsupervised learning of objects landmarks. It does not require access to information about correspondence, optical 

flows, or transformation between images. This method learns from synthetically-generated image deformation as well 

as raw videos. This method can be used for many applications such as detecting landmarks of people and diverse data 

such as 3D objects and digits.  

3.8 The baseline encoder and decoder model achieves a quite low retrieval accuracy without separating motion from 



  

  International Journal of All Research Education and Scientific Methods (IJARESM), ISSN: 2455-6211 

Volume 10, Issue 6, June-2022, Impact Factor: 7.429, Available online at: www.ijaresm.com 
  

   IJARESM Publication, India >>>> www.ijaresm.com Page 1369 

videos. This method outperforms the powerful for demonstrating the effectiveness of the appearance-independent 

motion representation. 

This method is used for conditional video generation and fine-grained action recognition. 

IV. CONCLUSION 

In this paper, different methods and techniques are studied. These techniques are essential and very important for 

training visual data or videos. Using the approaches of unsupervised learning discussed in this paper improves the 

performance over the state-of-art methods on standard datasets. The methods discussed in the above sections use 

Convolutional Neural Networks (CNNs) used to demonstrate outcomes. This study can attract the researcher’s attention 

toward unsupervised learning for more accurate prediction and analysis. 
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