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 Abstract 

 A novel end-to-end vision processing pipeline 

is proposed that directly addresses the need for 

task-based, context-aware scene visualizations for 

human-centric computer mediated displays such 

as prosthetic vision. The proposed model aims to 

detect objects in a scene through a viable and 

scalable method for learning image filters that are 

adaptable to new tasks and environments. Our 

proposed approach is evaluated quantitatively and 

qualitatively using simulated prosthetic visuals 

and deployed on any computer-mediated visual 

guidance, including remote control of vehicles 

such as drones, mining equipment, rescue robots, 

etc.), over bandwidth constrained display. 
 

I. Introduction 

 This section provides an overview of 

the proposed model for human-centric 

vision processing. A model for human-

centric vision processing refers to a 

computational framework designed to 

mimic the human visual system and 

process visual information in a way that 

is centered around human perception 

and understanding. This model aims to 

bridge the gap between raw visual data 

and human-level interpretation. The 

model typically consists of multiple 

interconnected modules, each 

responsible for a specific aspect of vision 

processing. These modules may include 

image preprocessing, feature extraction, 

object recognition, scene understanding, 

and semantic segmentation, among 

others. The model’s core concept revolves 

around feature extraction, where relevant 

visual features such as edges, textures, 

colors, and shapes are extracted from the 

input images. This process is inspired by 

the early stages of visual processing in 

the human brain. Once the features are 

extracted, the model moves on to higher-

level tasks such as object recognition and 

scene understanding. Object recognition 

involves identifying and classifying 

objects present in the image, while scene 

understanding focuses on interpreting 

the overall context and relationships 

between objects. To achieve human-

centric vision processing, the model takes 

into account various factors that 

influence human perception. These 

factors include attention mechanisms, 

which prioritize certain regions of the 

image based on their saliency or 

relevance. By simulating human 

attention, the model can focus on 

important details and discard irrelevant 

information. Additionally, the model 
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may incorporate knowledge about 

human cognition and semantics. This 

enables it to reason about the content of 

the image and make inferences based on 

prior knowledge or common sense. 

Overall, a model for human-centric 

vision processing aims to go beyond 

mere image analysis and strives to 

understand visual data in a way that 

aligns with human perception and 

cognition. By doing so, it opens up 

possibilities for applications in fields 

such as autonomous driving, augmented 

reality, robotics, and healthcare. It also 

highlights the advantages of this model 

for the development of task-targeted and 

customizable vision processing pipelines, 

as well as its scalable deployment on 

prosthetic vision devices. 

 Vision processing for prosthetic 

vision is a field that focuses on 

developing computational methods to 

restore or enhance visual perception in 

individuals with visual impairments. It is 

based on the understanding of how the 

visual system works and aims to replicate 

or mimic its functionality through 

artificial means. 

 The human visual system consists of 

several interconnected stages, starting 

from the capture of visual information by 

the eyes to the interpretation of that 

information by the brain. In individuals 

with visual impairments, these stages 

may be disrupted or impaired, leading to 

a loss of vision. Vision processing for 

prosthetic vision aims to compensate for 

these impairments by processing 

captured visual information and 

presenting it to the individual in a way 

that they can perceive and interpret. 

 One of the key aspects of vision 

processing for prosthetic vision is image 

preprocessing. This involves techniques 

such as denoising, image filtering, and 

color correction to improve the quality of 

captured images. By reducing noise and 

enhancing image clarity, preprocessing 

helps to provide a better input for 

subsequent processing stages. 

 Feature extraction is another 

important component of vision 

processing. It involves identifying and 

extracting relevant visual features from 

the preprocessed images. These features 

can include edges, textures, colors, and 

shapes. By extracting these features, the 

processing system can focus on the most 

important aspects of the visual scene. 

 Image enhancement techniques are 

then applied to enhance the visibility of 

key visual elements. This can involve 

adjusting contrast, sharpening edges, or 

adapting the image to optimize visibility. 

The goal is to make important details 

more distinguishable and easier to 

perceive. 

 Object recognition algorithms play a 

crucial role in vision processing for 

prosthetic vision. These algorithms are 

trained to identify and classify objects 

present in the scene. By recognizing 

objects, the system can provide 

meaningful information to the individual 

about their surroundings, enabling them 

to navigate and interact with their 

environment more effectively. 
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 The processed visual information is 

then mapped onto a spatial 

representation that can be interpreted by 

the user. This can involve converting the 

processed image into a tactile display or 

generating auditory cues that convey 

information about the scene. The output 

is tailored to the specific needs and 

capabilities of the individual and the 

prosthetic vision device being used. 

 Overall, vision processing for 

prosthetic vision is a multidisciplinary 

field that combines knowledge from 

computer vision, machine learning, and 

neuroscience. It aims to develop 

computational models and algorithms 

that can replicate or enhance the 

functionality of the human visual system, 

providing individuals with visual 

impairments with functional vision and 

improving their quality of life. 

 

II. Background and Related Work 

 The proposed vision processing 

pipeline aims to enhance the structural 

features of captured photosensor data to 

generate a functional representation for 

prosthetic vision devices. This involves 

modifying the raw input data to improve 

the visibility of key surface boundaries in 

real images. Deep reinforcement learning 

can be utilized as one of the methods to 

achieve this enhancement. 

 The first step in producing a 

phosphene visualization is to find out the 

best feature among many available 

features. As discussed in [1], the wrapper 

approach is used to evaluate best feature 

but it evaluates only the subsets of feature 

it is based on the performance of specific 

algorithm. Under wrapper approach, the 

recursive feature elimination technology 

is used which eliminates the least 

important features. The challenge in 

recursive feature elimination method is it 

is not suitable for the high dimensional 

datasets. The next step is to produce the 

phosphene visualization using the best 

feature map. In [2], The proposed method 

classifies the spectral images using 

convolutional neural network it captures 

the relevant spatial and spectral features, 

the accurate predictions are made. For 

Hyperspectral images the network called 

convolutional neural network is more 

preferred. It considers both spectral and 

spatial features at different scales and 

classifies the most accurate. The 

multiscale feature is less interpretable it 

limits the ability to gain insights.  

 In [3], The Psychological sensors 

captures the human activity like muscle 

activity, heart rate, skin conductance etc. 

Which acts as a raw data. The transfer 

Learning is employed to automatically 

capture the relevant features from the 

raw data and the deep learning neural 

network LSTM and CNN on combination 

identifies the complex patterns and 

recognize accurate predictions and 

improves the performance. Due to the 

integration of sensor, transfer learning 

and deep neural network the complexity 

and the cost is not efficient and the user 

feels discomfort due to the continuous 

monitoring and the sensors need to be 

calibrated properly. In [4], the image 

exposure is enhanced using the neural 
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network and loss function. Some images 

may be less exposure which means it 

might be too bright or it might be too 

dark so it affects the visualization of users 

so those images exposure need to be 

enhanced correctly it is done by the 

neural network and appropriate loss 

function. During the enhancement 

process the unintended distortions are 

generated it affects the fidelity of original 

data. 

 In [5], Binary threshold is measured 

and binary image is converted to 

phosphene with respect to binary 

threshold. In Otsu’s method optimal 

threshold is taken and with respect to 

optimal threshold, the binary image is 

converted to phosphene image. Otsu’s 

method is efficient compared to other 

methods as in other’s the nature of the 

image is first is considered but here it can 

be applied to all types of images. In [6], It 

involves the integration of transfer 

learning approaches over the deep 

reinforcement learning. The Deep 

Reinforcement learning make the 

sequential correct decisions based on the 

feedback. The transfer learning is the 

effective learning method from the pre-

trained model and it classifies 

automatically. On integrating the both, 

the classification is done accurately and 

appropriately the relevant features are 

predicted and classified, the performance 

is improved.  

 In [7], the YOLO-v5 is used as an 

object detection algorithm which detects 

the objects in the images, it extracts the 

features that is the high dimensional 

features. The feature map of 

underground water image acts as a state 

s, visual enhancement algorithm acts as 

an action a, based on the object detection 

score the reward r is evaluated. The 

reward guides the agent to select a visual 

enhancement algorithm. The evaluation 

metrics like precision, recall, accuracy, F-

score are used to measure the 

performance and to improve the 

performance. In [8], the information is 

gathered from to sources one from 

human gaze and other from machine 

vision. The Human gaze involves 

tracking, monitoring and analyzing the 

direction of person gaze. Machine vision 

it is a computer vision technology it 

processes the visual information using 

machine learning process. The feature is 

extracted from these two sources and the 

relevant fusion algorithm is employed 

and the model is trained to predict the 

intended locomotion mode. 

 In [9], the features may be discrete or 

continuous, for the continuous data the 

feature space is infinite so the infinite 

number of features is selected using 

graph-based feature filtering approach. 

Graphs can represent the relationships or 

dependencies between entities. The 

feature filtering is proposed it is a type of 

feature selection in which features are 

assessed and filtered based on certain 

criteria without involving a learning 

algorithm, it is likely to derive from 

graph-based structure. In [10], The FTIR 

spectral resolution enhancement 

technology is proposed in order to 

enhance the resolution and to reveal the 
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fine spectral features it is done by 

employing the minimization algorithm. 

Here, the enhancement leads to make the 

spectrum more sensitive to noise. 

 In [11], Ultrasound imaging technique 

is used to visualize the internal structures 

it is applicable to medical field in order to 

visualize the internal features of our body 

for generation of phosphene image the 

visualization of internal feature is not as 

mandatory. In [12], The Deep 

Reinforcement Learning is applied 

directly to the image and the best feature 

is selected based on utility by applying 

utility function. The challenge we face in 

utility function is it could provide only 

the appropriate feature that has highest 

utility whereas reward function enables 

the learning of agent through the rewards 

and feedback. 

 In [13], Here Reinforcement Learning 

is applied using locomotion skills, based 

on the movement here the agent gets 

trained and learned. Based on the 

locomotion activity, the RL algorithm is 

chosen. As it requires a large number of 

interactions with environment in order to 

learn effective locomotion skills, the 

sample inefficiency is problematic. In 

[14], Batch RL is applied to train the agent 

and to make informative decisions to 

attain a desirable outcome but it is 

applicable only to fixed datasets, it 

undergoes distributional shift which 

does not cover the entire state-action 

space whereas a RL is applicable to all 

datasets it covers all the state-action 

spaces. 

 In [15], the features are extracted 

using filter and wrapper methods, the 

filter methods use statistical measures to 

evaluate the relevant features whereas 

wrapper methods use specific machine 

learning model to evaluate the subset of 

features. In Filter method, the features are 

evaluated and ranked using certain 

metrics like correlation, mutual 

information and statistical tests. This 

method is useful for high dimensional 

data.In[16], The Feature Selection selects 

the strongly relevant features and 

eliminate the weekly relevant features, in 

this, the extra classifier is applied to the 

irrelevant feature which again process 

the strongly relevant features and weekly 

relevant features. 

 In [17], the instances involved 

belonged to multiple classes so it involves 

multi-labelling it is done by employing 

correlation measure. It involves 

analyzing the correlation structure 

between different labels it is done using 

statistical measure to capture 

dependencies between labels. The 

performance is evaluated using 

evaluation metrics includes precision, 

recall, f-score or Hamming loss. The 

selected feature is used in conjunction 

with multi-label classifiers. In [18], The 

relevant features are automatically 

selected from the dataset using 

unsupervised learning. The technique 

Metric Fusion is applied to the relevant 

features which fuses different metrics 

according to the data. Following this, the 

novel low-rank approximation is applied 

in order to retain the important 
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information in the data. As it involves 

combining the multiple metrics it makes 

the computational cost high. In ref 19, 

Novel Feature selection method is 

imposed to deal with uncertainty in 

relevant features. This method quantifies 

the uncertainty during the selection 

process. This method leads to overfitting 

and the computational cost is also not 

efficient. In [20], The multiple features are 

ranked using various ranking techniques 

like using statistical measures, recursive 

feature elimination, Lasso etc…Then the 

ranked features are clustered together 

using various clustering techniques like 

correlation-based clustering, hierarchical 

clustering and dimensionality reduction 

techniques. To asses the quality of 

clusters the cluster evaluation metrics 

like silhouette score, Davies Bouldin is 

used, then the most important feature is 

identified. In [21], The unsupervised dual 

Learning Feature it captures the relevant 

features and instances without using 

labeled data. This method is useful for the 

data with high dimensions, its objective is 

to enhance the interpretability. 

 Section III discusses about proposed 

method by overcoming all the limitations 

faced in the above said methods. 
 

III. Proposed Work 

 The process of producing phosphene 

visualization of an image is done using 

VGG16 (Fig.1) to extract various features. 

Then it the set of features is passed as 

input to reinforcement learning model to 

select the best feature based on 

cumulative rewards. 

 
Fig.1 The architecture of VGG16, 

whose input is an image of dimension  

224 x 224 x 3 

 
 The system flow involves, passing an 

input image to VGG16 (Section III-A) to 

extract features and passing those 

features to the reinforcement learning 

model to select the best feature. Then we 

apply binary thresholding to convert it to 

a phosphene visualization. 

  

 
 

 Fig.2 System flow diagram showing 

the entire process involved in generating 

the phosphene visualization. The input is 

an image of size 224 x 224 x 3. VGG16 

extacts various features and the DRL 

model extracts the best feature out of it. 

Then thresholding is applied to produce 

binary image, which is then converted to 

phosphene visualization. 

 
A. VGG16 Architecture 

 The VGG16 model is a popular 

convolutional neural network 

architecture that is commonly used for 

image classification tasks. It consists of 16 

layers, including convolutional layers, 
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pooling layers, and fully connected 

layers. Here are the features (layers) of 

the VGG16 model: 

 The input layer represents the input 

image. The first convolutional layer with 

64 filters. The second convolutional layer 

with 64 filters. Max pooling layer after the 

first two convolutional layers. The third 

convolutional layer with 128 filters. 

 The fourth convolutional layer with 

128 filters. Max pooling layer after the 

second two convolutional layers. The 

fifth convolutional layer with 256 filters. 

The sixth convolutional layer with 256 

filters. 

 The seventh convolutional layer with 

256 filters. Max pooling layer after the 

third three convolutional layers. The 

eighth convolutional layer with 512 

filters. The ninth convolutional layer with 

512 filters. 

 The tenth convolutional layer with 

512 filters. Max pooling layer after the 

fourth three convolutional layers. The 

eleventh convolutional layer with 512 

filters. The twelfth convolutional layer 

with 512 filters. The thirteenth 

convolutional layer with 512 filters. Max 

pooling layer after the fifth three 

convolutional layers. The first fully 

connected layer with 4096 units. The 

second fully connected layer with 4096 

units. The final fully connected layer with 

the number of units equal to the number 

of classes in the classification task. 

 These are the features (layers) of the 

VGG16 model, which collectively enable 

it to learn hierarchical representations of 

images and perform feature extraction. 

The above said architecture is shown in 

fig.1. 

 
B. Flow of the proposed system 

1.  Preprocessing: The raw photosensor 

data is preprocessed to remove noise 

and artifacts. This may involve 

techniques such as denoising, image 

filtering, and normalization. The goal 

is to obtain a clean input for 

subsequent processing stages. 

2.  Feature Extraction: In this stage, deep 

learning techniques can be employed 

to extract relevant features from the 

preprocessed data. VGG16 are 

commonly used for this purpose. 

These networks are trained on large 

datasets to learn discriminative 

features that are important for object 

recognition and boundary detection. 

3.  Deep Reinforcement Learning: Deep 

reinforcement learning can be 

integrated into the pipeline to 

enhance the visibility of key surface 

boundaries. This involves training a 

reinforcement learning agent to make 

decisions on modifying the input data 

based on a reward signal. The agent 

learns through trial and error to apply 

modifications that result in improved 

boundary visibility. The reward 

function given below is used to 

calculate the cumulative reward and 

select the best feature from the 

obtained features. 
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Rt- total discounted reward 

γ: The discount factor. 

k: Time period from 0 to T 

4. Boundary Enhancement: The 

modifications suggested by the 

reinforcement learning agent are 

applied to the preprocessed data to 

enhance the visibility of key surface 

boundaries. This can be achieved 

through various techniques such as 

contrast enhancement, edge 

sharpening, and adaptive filtering. 

The goal is to make the boundaries 

more prominent and distinguishable 

from the surrounding areas. For our 

case, contrast enhancement gives 

clear difference between the surfaces. 

5. Post-processing: After boundary 

enhancement, additional post-

processing steps can be performed to 

further refine the functional 

representation. This may include 

noise reduction, smoothing, and 

contour extraction. The final output is 

a processed image that highlights the 

structural features and boundaries of 

interest. 

 By incorporating deep reinforcement 

learning into the vision processing 

pipeline, the system can learn to 

adaptively modify the input data to 

enhance key surface boundaries. This 

approach allows for personalized 

adjustments based on individual 

preferences and visual needs, leading to 

improved functionality and usability of 

prosthetic vision devices. 

 

C. Training the Deep Reinforcement 

Learning model 

 Training the DRL model involves the 

process of building a reinforcement 

learning model to train the Deep 

Learning model. Training the 

reinforcement model results in selecting 

the best feature map from a list of feature 

maps to generate the target phosphene 

visualization. The reinforcement learning 

agent gains reward in each episode. As 

observed, the cumulative reward keeps 

on increasing.  

 
Fig. 3 Rewards gained in each episode 

while training the DRL model 

 

Results 

 This process of producing phosphene 

visualization of an image to enhance 

prosthetic vision was first done using 

built-in Image package as shown in Fig.4 

which produced a clear differentiation 

between the boundaries. This was more 

effective in detecting indoor objects.  
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 Fig. 4 Showing results obtained by 

using built-in Image package, 

differentiating the boundaries clearly 

between the objects in the scene. Left is 

the input and to the right is the 

corresponding phosphene visualization. 
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