
 
 

 

 
Diagnosis of Purtscher Retinopathy with Optical 

Coherence Tomography using ResNet50 Architecture 
 

Naveen M1 and T Jemima Jebaseeli2 
1Division of CSE, Karunya Institute of Technology and Sciences, Coimbatore, India. 

Email: mnaveen20@karunya.edu.in 
2Division of AIML, Karunya Institute of Technology and Sciences, Coimbatore, India 

Email: jemima_jeba@karunya.edu 
  
 

Abstract—Purtscher retinopathy is a rare eye disease but the condition that considerable 
challenge for medical professionals due to its subtle and unpredictable symptoms. In this study, 
were utilized an unexpected strategy, harnessing the power of deep learning techniques 
alongside Optical Coherence Tomography (OCT) images, to address this diagnostic dilemma. 
By compiling a comprehensive database of OCT images from patients afflicted with Purtscher 
retinopathy and those with healthy eyes, were embarked on a journey to train a sophisticated 
deep-learning model. The model, a cutting-edge computational system designed to recognize 
intricate patterns, underwent the right training to meticulously analyze the gathered images 
and distinguish between the two groups with precision. The results of the model were truly 
remarkable: The model's outstanding 97% accuracy rate was reached in correctly identifying 
cases of Purtscher retinopathy disease, surpassing the capabilities of traditional diagnostic 
methods by a significant margin. The groundbreaking advancement underscores the immense 
potential of deep learning in conjunction with OCT imaging for the early and precise diagnosis 
of Purtscher retinopathy. By the leveraging this innovative technology, that is not only 
enhancing understanding of this complex condition but also paving the way for more effective 
interventions and improved patient outcomes in the future.  
 
Index Terms— Purtscher retinopathy, oct images, vision, deep learning model, and patients. 

I. INTRODUCTION 

Purtscher Retinopathy is an infrequently ocular condition that poses a significant diagnostic challenge. Visualize 
this condition as an intricate puzzle within the broader spectrum of ocular abnormalities, compelling us to 
innovate for improved diagnostic accuracy and efficiency. In the field of ophthalmology, conventional diagnostic 
techniques such as funduscopy [1] fluorescein angiography, and Retina fundus photographs [2] have remained 
steadfast, offering valuable insights into ocular well-being. However, the complexities of Purtscher Retinopathy 
often evade these traditional methods, prompting us to reconsider the diagnostic approach. This research does 
not merely raise questions; it strives for a harmonious equilibrium between the established knowledge of the past 
and the emerging possibilities in modern ocular diagnostics. OCT, or optical coherence tomography, is a 
technology analogous to a camera having outstanding clarity that provides intricate retinal cross-section 
visuals[3]. The realm of artificial intelligence delves into deep learning a computational approach that empowers 
machines to discern intricate patterns.  
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II. Related Works 

Developing a deep learning model [4] for diagnosing Purtscher retinopathy using OCT images. Building upon 
existing knowledge and advancements in the field is crucial for progress. In this section, delve into ten key 
research works that have paved the way for the system, providing essential insights and inspiration. Wang et al., 
[5] analyze deep learning methods with image classification for Hospital-Grade Lung Database X-rays and 
Comparison with Weakly-Supervised the Identification and Classification of thoracic Infections. While centered 
on chest X-rays, this study discusses the development and benchmarking of databases for medical image 
classification. Brox et al., [6] carried out a comparative analysis of deep comprehension approaches on retinal 
image segmentation, exploring different architectures with CNN and VGGNet and offering guidance on model 
selection for the task. Lou et al., [7] emphasized in their study on retinopathy: A detailed examination of the 
research, the provision is a comprehensive overview of retinopathy, encompassing its clinical characteristics, 
pathogenesis, and diagnostic approaches, thereby facilitating the establishment of a strong foundation for the 
research. Ikram et al.,[8] conducted a thorough comparative analysis of the Asian Individuals having Diabetic 
Retinopathy in Conditions' Optic vascular disease Topology. An investigation into the geometry of the vessels in 
the retina in those with diabetes, providing insights into potential features. Leng et al., [9] focused on the 
Attention-based deep learning model for Deep Learning-Based Automation of Diagnosis of Retinopathy. The 
present investigation automates the identification of retinopathy and showcases the capability of the deep 
learning method in the identification of diseases of the retina. Roth et al., [10] adopted Transfer learning in the 
grouping of diseases of the retina on optical coherence imaging, demonstrating the effectiveness of transfer 
learning in OCT image analysis, which could be explored. To enhance the effectiveness of the model. Shlens et 
al., [11] explored the deep learning method for understanding computational vision’s invention architectural 
design. A follow-up work on the Inception architecture, providing improvements and refinements in computer 
vision applications. Zhang et al., [12] centered on Explainable Deep learning algorithms for the comprehension 
of clinical images, highlighting that understanding is essential for deep learning models utilized in the field of 
medicine, guiding or developing a transparent and trustworthy diagnostic tool. Joshi et al., [13] addressed this by 
applying deep learning for the analysis of optical coherence tomography images to recognize macular 
degeneration associated with age earlier, this study investigates how the potential of in-depth education for early 
disease detection in the optical coherence pictures, with early Purtscher retinopathy diagnosis. Simonyan et al., 
[14] explore the Especially Deep Convolutional neural networks for Comprehensive Image Identification. This 
research introduces the VGG16 architecture, providing insights into very deep convolutional networks. 

III. DATASET  

The Purtscher retinopathy dataset is available with 85,000 OCT images from Kaggle[15]. Classified into 4 distinct 
Purtscher retinopathy types, the dataset encompasses various OCT scan types like macular and optic disc scans. 
Images were labeled as normal or Purtscher retinopathy, with additional sub-classifications, facilitating focused 
model training. Data preprocessing involved resizing, normalization, and augmentation techniques to enhance 
model generalizability. 

IV. METHODOLOGY 

This study is on deep learning to explore the diagnostic potential of OCT scans in Purtscher retinopathy. The 
dataset of 85,000 images sourced from Kaggle, was meticulously classified into 4 distinct Purtscher retinopathy 
types and normal cases. The enhance model generalizability and combat overfitting, the meticulously 
preprocessing the images, resizing to a uniform resolution, normalizing their intensity for consistency, and 
employing data augmentation techniques like shearing, zooming, and flipping.  Implemented ResNet50, a well-
established convolutional neural network architecture with the ability to extract the features from image data. 
Opting for fine-tuning from scratch, the meticulously adjusted the model's internal parameters to adapt to the 
specificities of Purtscher retinopathy detection in OCT scans. The Adam optimizer steered this intricate learning 
process, the learning rate for each parameter to ensure efficient convergence and avoid getting stuck in 
suboptimal configurations. To assess the model's diagnostic prowess, basically trained it for 20 carefully 
monitored epochs, balancing sufficient exposure to the data with vigilant overfitting prevention. The 
evaluation went beyond simple accuracy, encompassing a comprehensive toolbox of metrics. Sensitivity, and 
particularity, along with additional performance metrics, were utilized to visualize the model's capacity to 
accurately identify both Purtscher retinopathy and normal cases, ensuring a thorough assessment of its diagnostic 
potential.  
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Figure 1. Purtscher Retinopathy Layout with a Deep Learning Model 

Figure1. Shows the convolutional neural network (CNN) [16] in order to identify Purtscher retinopathy. A 
number of processes can be represented by each layer, ranging from layers for pooling as well as convolutions to 
completely connected ones, the model's ability to patterns and features within retinal images. 

A. Pre-Processing 
A multi-step pre-processing procedure was meticulously designed to prepare the dataset for deep learning. To 
begin, all scans were resized to 224x224 pixels, ensuring image uniformity. This eliminated potential caused by 
size variations while improving compatibility with the ResNet50 architecture. Next, the data augmentation 
expedition artificially increases the dataset's diversity and resilience to overfitting. Changes in position, 
perspective, and illuminating have been introduced by the application of randomized revolutions, translating, and 
straight flips, simulating the complexities found in real-world OCT scans. This improved the capability of the 
model to extrapolate its capabilities due to its training data and perform consistently in a variety of situations. 
Finally, pixel value normalization was implemented to ensure that all images were scaled and distributed 
consistently. Both training and evaluation sets evolved from an initially processed collection. The set used for 
validation works as a neutral observer, while the training set exhibits the system's process of learning, ensuring 
accuracy. This thorough pre-processing laid the groundwork for the deep learning model [17] to delve into the 
complexities of OCT scans, and the way for its success in detecting Purtscher retinopathy. 

 

Figure 2. Sample oct input image 

Figure 2 determines the OCT images in one type of Purtscher retinopathy with one of its classifications. 

B. Deep-Learning Model ResNet50 
Integration of deep learning techniques has transformed the way difficult diagnostic tasks are approached in the 
field of medical imaging [18]. In the pursuit of improving Purtscher retinopathy diagnosis through Optical 
Coherence Tomography (OCT) images, a lot of architectures are there like Google Net [19] Architecture, etc. 
The architectural layout of the ResNet50, which model, was utilized in the Purtscher retinopathy investigation, is 
shown in Fig. 3. 
ResNet50 is a Residual Network with 50 layers, it represents a breakthrough in the way deep neural networks 
are constructed.  What sets  ResNet50 apart is its ingenious Implementation of residual studying, a theory that 
makes training extraordinarily deep neural networks simpler. As develop deeper, extensive networks encounter 
difficulties, encountering issues. It's like having a reliable guide when navigating through the intricate landscape 
of deep learning medical images [20]. The model, built upon the ResNet50 architecture, involves a sequence of 
convolutional layers that gradually the critical features from OCT images. A completely linked layer that utilizes 
a soft max activating algorithm adds the final finish, converting intricate network insights into a comprehensible 
diagnosis. 
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 Fig .3. Resnet50 the Deep Learning Model’s Structure Layout 

V. IMPLEMENTATION 

The deep learning model is familiar to Jupyter Notebook. Armed with TensorFlow and Keras, seamlessly 
orchestrated the training process on meticulously curated OCT image dataset. The convergence of algorithms 
and medical insights unfolded line by line, each cell capturing the essence of the model's ability to decipher 
Purtscher retinopathy intricacies. 

A. Education and Evaluation 
To validate and develop the design, In the immersive landscape of the Jupyter Notebook, the training phase 
unfolded as a dynamic dialogue between code and insight. Guided by the ResNet50 architecture, the deep 
learning model embarked on an iterative exploration of OCT images. The interplay of convolutional layers 
and dense architectures within each epoch not only distilled the unique patterns of Purtscher retinopathy but also 
embraced the augmentation-induced variability, enhancing the model's adaptability. 

B. Hyper-Parameter Optimization 
The ResNet50 model was utilized for the training process, wherein the subsequent hyperparameters were 
employed: 
 Learning Pace (INIT_LP): 1e-4 represents the beginning pace at which learning begins. It establishes the 
stage length used in the modeling process and influences resolution speed as well as quality. 
 Time of Epoch (EPOCH’S): Twenty-time frames were used for training each model. In the learning process, 
a time period denotes a full iteration throughout the entire training collection. 
 Batch Length (BL): The 32-piece batch is the standard number (BL). It specifies how many samples will be 
utilized during every learning cycle repetition. Greater dimensions might need additional storage however can 
speed up training. 
The INIT-LP, TIME PERIODS(EPOCH’S), and BL hyper-parameters were selected according to genuine 
findings and insight from relevant Purtscher retinopathy literature. The optimizer known as Adam uses the 
established learning pace to guide the process of optimization during the learning phase. The categorized cross-
entropy function of loss is utilized to determine the variation between planned and actual captions. The losses 
performed is a critical statistical for successfully directing the improvement procedure. 

C. Performance-Evaluation 
The model, developed via thorough training and hyperparameter tuning, performed admirably in detecting 
Purtscher retinopathy within the selected dataset. The parameters understand amounts: precision, recall, F1-
score, and accuracy all provide insight into the framework's evaluation abilities. The place of evaluation. The 
ResNet50 architecture, a cornerstone of the model, is represented by the following residual block equation: 

= ݐݑ݌ݐݑܱ (ݐݑ݌݊ܫ)ܨ   +  (1)                             ݐݑ݌݊ܫ 
In equation (1), F(Input) corresponds to the alteration performed on the data provided inside the remaining 
block. The total amount of the changed input with the original input creates a shortcut connection, fostering the 
smooth flow of information and mitigating vanishing gradient issues commonly encountered in deep neural 
networks. The proposed categorized cross-entropy reduction (L categorization cross-entropy) throughout the 
learning procedure is calculated through a particular equation: 

ݎݐ݊݁ݏݏ݋ݎܥ.݃݁ݐܽܥܮ = −ܰ1∑݅ = 1ܰ∑݆ = ݆݅ݕܥ1 ⋅  (2)      (݆݅݌)݃݋݈
In which N is defined as the total amount of samples, C has become an amount belonging to groups, yij is a dual 
show to obtain correct classification, and pij is the estimated probability. The model's compass minimizes the loss 
during training, which guides it to a highly calibrated knowledge of Purtscher retinopathy. One critical 
component of  model's optimization technique is the adaption of the learning pace during training. The learning 



 
839 

pace (lp) is an important hyperparameter that influences the number and complexity of the stages followed 
throughout the procedure of optimization. In an  implementation, use a dynamic learning pace adaption approach, 
represented by the formula below: 

݌݈ = ܲܮ_ܶܫܰܫ ×  (3)                         (ݐܵܲܧܶܵ_ܻܣܥܧܦ−)݌ݔ݁
Where t denotes the training step, and DECAY_STEPSDECAY_STEPS indicates the total amount of stages 
following which the learning pace decreases. This formula encapsulates a decay mechanism, that allows. The 
pace at which one learns will continue to rise while the learning experience continues. The ResNet50-based 
architecture obtained an outstanding 97% accuracy, demonstrating its capacity to reliably categorize retinal 
pictures across many categories. Figure 4 shows a helpful understanding regarding the ResNet50 the model's 
training process and its validation of the Purtscher retinopathy. The model is trained and performed well in the 
validation and testing part of the model. It’s got good graph in the architecture of ResNet 50. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Learning and evaluation effectiveness of ResNet50 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. Training and validation performance of ResNet50 

Figure 5 provides a helpful understanding regarding the training of the ResNet 50 model and its general capacity 
in the context of loss of the Purtscher retinopathy during the validation and testing part. 
Figure 6 defines the confusion matrix for the purpose of Purtscher retinopathy with a classification that is true 
and predicted. Table I presents A detailed comparison among the performed models using deep learning for 
Purtscher retinopathies. The results highlight the strong performance of ResNet50 in the task. Along with general 
measurements like total precision, accuracy, recall, and the F1-score, this report delves into each class within the 
Purtscher retinopathy spectrum. 
On the flip side, recall acts as the radar, signaling the model's aptitude for capturing all instances of a particular 
class, and reducing incorrect negatives. The rating of F1 is a balanced combination of recall and accuracy, 
encapsulating the delicate balance the model strikes in navigating the diverse visual landscapes of Purtscher 
retinopathy. This granular evaluation of the confidence in the model's diagnostic accuracy. 
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Figure 6. Confusion matrix for Purtscher retinopathy 

TABLE I. PERFORMANCE EVALUATION OF DEEP-LEARNING SYSTEM 

 

 

 
 
 
 
 
 
 
 
 
 

VI. CONCLUSION 

As the exploration into the Purtscher retinopathy diagnosis, the ResNet50-based model promises of 
transformative impact.  The model is through compatible deep learning architectures, meticulous 
hyperparameter tuning, and a rigorous evaluation of performance metrics. The model of the ResNet50 residual 
block, encapsulated in its foundational equation Output=F(Input)+Input, the model vanishes gradients and 
bestowed it with a profound ability to unravel the complexities of retinal images. In the crucible of training, the 
model absorbed the intricacies of Purtscher retinopathy, carving a path towards an understanding. 
Hyperparameter optimization became the compass, guiding the model through the dynamic landscape of 
learning pace and batch length. The model of epochs learning that balanced adaptability with resilience, that 
model primed for real-world diagnostic challenges. The performance evaluation, detailed in both quantitative 
metrics and the symmetrical precision and recall, attested to the model's proficiency across diverse classes. 
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