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Abstract – The increasing prevalence of chronic and life-threatening diseases demands rapid, accurate, and 

accessible diagnostic solutions. This project presents a Multi-Disease Detection System using Deep Learning-

based Image Classification, integrated with a mobile healthcare application and web-based patient management 

dashboard for real-time disease prediction and monitoring. The proposed system is designed to detect multiple 

diseases including brain tumor classification (Meningioma, Glioma, Pituitary Tumor, and No Tumor), lung cancer 

detection (Risk of Lung Cancer / No Lung Cancer Detected), chronic kidney disease prediction (Presence / 

Absence of CKD), and Parkinson’s disease detection (Presence / Absence of Parkinson’s Disease) through 

medical image analysis. The classification framework employs a hybrid deep learning architecture combining 

MobileNet and Convolutional Neural Network (CNN) to enhance feature extraction efficiency and classification 

accuracy while maintaining lightweight deployment capability for mobile environments. 

The developed Kotlin-based Android mobile application enables secure patient registration and authentication, 

allowing users to either upload medical images from the device gallery or capture images in real time using the 

mobile camera for disease prediction. Upon analysis, the application provides the predicted disease category along 

with recommended precautions and healthcare guidance to support early intervention. A dedicated history module 

stores previously uploaded scans, predictions, and timestamps for future medical reference. In addition, a web-

based administrative dashboard is integrated to facilitate centralized healthcare monitoring, where administrators 

can manage registered patients, review uploaded diagnostic images, track prediction outcomes, and oversee 

disease records efficiently. 

Experimental evaluation demonstrates strong performance of the proposed hybrid model, achieving an overall 

classification accuracy of 98.73%, with 99.52% accuracy for uploaded image predictions and 98.73% accuracy 

for real-time captured image analysis, indicating the robustness and reliability of the system in practical healthcare 

scenarios. The proposed solution offers a scalable, intelligent, and user-friendly digital healthcare platform that 

bridges deep learning diagnostics with mobile accessibility and centralized patient management for improved 

early disease detection and healthcare decision-making. 

Keywords – Deep Learning, Cross-Domain Neural Networks, MobileNet, CNN, Hybrid Models, Multi-Disease 

Classification, Computer Vision. 

 

1. Introduction 

The intensive development of digital technologies has changed the sphere of healthcare seriously, especially the 

spheres of diagnosis of the disease and clinical decision-making. The ever-growing access to healthcare 
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information, such as electronic health records, (EHRs), diagnostic imaging, and laboratory reports has made it 

possible to create smart systems that can help healthcare professionals in making the correct and prompt diagnosis. 

Early diagnosis of illness is instrumental in the process of lowering mortality rates and enhancing patient outcomes 

with particular reference to chronic and life-threatening diseases. 

The traditional methods of diagnosis are based mainly on manual analysis and clinical judgment, which tends to 

cause inconsistencies in diagnosing and wastes more time. Furthermore, the vast majority of traditional systems 

are only sensitive to one disease and cannot be used in practice where patients can have various diseases at the 

same time. This constraint underscores the importance of a multi-disease prediction system, which can be 

integrated and automated. 

Recent developments in Artificial Intelligence (AI) and Deep Learning (DL) have brought in potent methods of 

addressing intricate medical issues. CNNs in particular have shown to excel in discriminating meaningful and 

hierarchical qualities out of high dimensional medical data especially when applied in medical imaging contexts. 

Nonetheless, more profound neural networks are known to experience challenges like the vanishing gradients and 

deteriorating performance, adversely affecting the model performance and efficiency. 

To deal with these difficulties, Residual Networks (ResNet) were proposed that allow training of deeper neural 

networks in the form of residual learning and shortcut connections that enhance gradient flow. This innovation is 

a great source of improving the working of models and largely it has been applied in the complicated classification 

processes, of which one being the diagnosis of diseases. 

This study was inspired by such developments, proposing a Multi-Disease Prediction System using a hybrid CNN 

using ResNet architecture. The described system will offer a scalable and automated framework with high 

precision which will be able to predict various diseases in one platform. The system is efficient in its application 

of deep learning methods to improve the efficiency of diagnostics, decrease the processing time, and assist 

healthcare experts to make informed clinical decisions. 

It is a substantial work because it presents a single framework of multi-disease prediction that enhances efficiency 

and speeds up the diagnosis against the traditional single-disease models. Incorporating the use of developed deep 

learning algorithms optimizes accuracy, robustness, and scalability, enabling the system to be applicable in real-

world healthcare environments. It also enables the clinicians to make quicker and more precise judgements, which 

eventually leads to effective patient care and outcomes.  

 

2 . LITERATURE REVIEW 

A number of research papers have studied in great detail how machine learning and deep learning can be applied 

to predict and diagnose diseases. Conventional machine learning methods like the Decision Trees, Support Vector 

Machines (SVM), and Naive Bayes have been popularized as they are easy to understand, explain, and implement. 

Nevertheless, such strategies require manual expression of features and they frequently cannot be used on high-

dimensional and multifaceted medical data, which hinders their use in practice within healthcare. 

In order to address these shortcomings, deep learning methods have become of great interest, especially the 

Convolutional Neural Networks (CNNs), which can learn the hierarchical features representations of raw data 

automatically. Such models have proven to be better models in medical imaging such as tumor detection, 

classification and patterns recognition. Though these have benefits, vanishing gradients and degradation issues 

associated with increasing network depth are critical challenges of deep neural networks that may impede the 

performance of models. 

These challenges have been overcome by introducing Residual Networks (ResNet) that has made it possible to 

train a deeper neural network using residual learning and shortcut connections. This structure is much better in 

gradient flow and model accuracy, thus, it is very useful where a difficult problem of classification is involved. 

Moreover, current research has been highlighting that explainable artificial intelligence (XAI) should be well-

considered in the field of healthcare because transparency and explainability are key to succeed in clinical use. 
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SHAP and model-agnostic explanations are two methods which have been suggested to enhance trust and insight 

to AI-driven forecasts. 

The latest developments also involve incorporating ensemble learning and meta-learning techniques to enhance 

accuracy and robustness of the prediction. In the case of diabetes, Alzheimer disease and malaria, the stacking-

based models and ensemble frameworks have been effectively implemented in disease diagnostics and show better 

performance and reliability. Moreover, medical datasets that are well-formatted have helped scientists create and 

test advanced machine learning models to predict diseases. 

All in all, the literature reveals that although the ability to predict diseases can be achieved using conventional 

machine learning algorithms, advanced deep learning and ensemble-based algorithms (especially with explainable 

features) provide better accuracy, scalability, and reliability to the healthcare systems today. 

The literature reviewed indicates the change in the traditional machine learning methods to the advanced deep 

learning and explainable AI technologies in healthcare. It stresses the need to come up with accurate, scalable, 

and interpretable models to help in clinical decision-making. The combination of deep learning and explainability 

and ensemble methods improves the performance and trustworthiness of such systems, and these methods can be 

more applicable to real-world medical practice.  

Table 1: Literature Review Summary 

PAPER TITLE SOURCE 

(JOURNAL/CONFERENCE) 

RESEARCH GAP IDENTIFIED 

CROSS-DOMAIN DIAGNOSIS OF 

CARDIOVASCULAR DISEASE 

FROM HEART SOUND SIGNALS 

BASED ON MEL-SPECTROGRAM 

AND DEEP CAUSAL LEARNING 

NETWORKS 

SCIENCEDIRECT – 

BIOMEDICAL SIGNAL 

PROCESSING AND CONTROL 

LIMITED GENERALIZATION ACROSS DIVERSE 

PATIENT POPULATIONS; NEED FOR LARGER 

MULTI-DOMAIN DATASETS TO VALIDATE 

CAUSAL DEEP LEARNING APPROACHES. 

CYCMIS: CYCLE-CONSISTENT 

CROSS-DOMAIN MEDICAL 

IMAGE SEGMENTATION VIA 

DIVERSE IMAGE 

AUGMENTATION 

SCIENCEDIRECT – 

MEDICAL IMAGE ANALYSIS 

CURRENT SEGMENTATION MODELS STRUGGLE 

WITH DOMAIN SHIFT; REQUIRES IMPROVED 

AUGMENTATION AND ADAPTATION 

TECHNIQUES FOR CONSISTENT PERFORMANCE 

ACROSS IMAGING MODALITIES. 

EXPLORING APPROACHES TO 

TACKLE CROSS-DOMAIN 

CHALLENGES IN BRAIN 

MEDICAL IMAGE 

SEGMENTATION: A 

SYSTEMATIC REVIEW 

FRONTIERS IN 

NEUROSCIENCE 

LACK OF UNIFIED DATASETS AND 

EXPERIMENTAL STANDARDS; DIFFICULTY IN 

COMPARING METHODS DUE TO 

HETEROGENEOUS PROTOCOLS AND 

POPULATIONS. 

CFTRESNET: A NOVEL CROSS-

DOMAIN DIAGNOSIS 

FRAMEWORK GUIDED BY 

INTERPRETABILITY FOR 

CARDIOVASCULAR DISEASES 

IEEE XPLORE EXISTING MODELS LACK INTERPRETABILITY 

AND CLINICIAN TRUST; NEED FOR 

FRAMEWORKS THAT BALANCE ACCURACY 

WITH EXPLAINABILITY IN CROSS-DOMAIN 

DIAGNOSIS. 

CROSS-DOMAIN DEEP 

LEARNING TECHNIQUES FOR 

ENHANCED DIAGNOSTIC AND 

PHENOTYPING IN MEDICAL 

IMAGING 

FRONTIERS IN HEALTH 

INFORMATICS 

SMALL DATASET LIMITATIONS AND LACK OF 

SYNTHETIC DATA INTEGRATION; NEED FOR 

ROBUST GENERALIZATION ACROSS MULTIPLE 

HEALTHCARE DOMAINS. 
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3. PROPOSED METHODOLOGY 

The construction of the proposed research framework of the multi-disease prediction is described in detail in Fig.1. 

The diagram gives a detailed view of the general system, as well as the functional completion. It distinctly shows 

the process flow of the multi-disease prediction system, with the main actions being data acquisition, data 

preprocessing, feature extraction via Convolutional Neural Networks (CNN), model training based on ResNet, 

and performance measurements. All these parts are significant in ensuring high-quality and effective disease 

prediction. The framework has the capability to deal with both structured and image-based medical information 

such that a sound feature learning and classification can occur. In general, the architecture illustrates that deep 

learning methods can be combined into a single platform that can reliably and scale-ably predict multiple diseases. 

3.1. System Architecture Overview 

 1. Data collection 

The data to be utilized in this research that paid attention to the key elements to predict more than one disease 

were properly signed using valuable and publicly accessible data sources like Kaggle or open medical sets. The 

data that was gathered comprises medical images and structured data related to certain diseases like brain tumors, 

lung cancer, chronic kidney disease (CKD), and Parkinson disease. Sample input data formats in the form of 

labeled images and/or structured attributes, illustrated in Fig. 2, are recommended depending on the disease type. 

In the case of structured data, it takes into account features like medical parameters, clinical test results, or 

attributes of patients, whereas image-based data include the MRI scans, CT scans or another diagnostic image. 

Data sets are appropriately marked to show whether a disease is present or absent and thus can be used in effective 

supervised learning. Such a combination of image and structured data provides an all-encompassing basis of 

training and testing the CNN-ResNet model. The dataset consists of both the affected and non-affected individuals 

and hence, it provides a balanced learning and enhances the generalization of the model. This enables the system 

to differentiate both the healthy and diseased states in various classes of diseases with reasonable sense of 

accuracy. Figure 3 visualizes the affected and non-affected cases of each disease in more detail which better 

represents the data distribution. All the datasets referred to in this project are downloaded publicly available 

repositories, which adheres to ethical values and data use policies. No personally identifiable information can be 

found and data privacy and integrity are preserved in the process of research. 

 

2. Data Preprocessing  

Data preprocessing is a pivotal step in treating raw medical data that can be effectively processed to be studied 

and properly forecasted in the proposed multi-disease prediction system. Because the system processes both 

medical images and structured datasets, preprocessing will result in all input data is clean, consistent, and 

appropriate within the CNN-ResNet model.The key steps of the preprocessing pipeline are several. First, data 
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cleaning is done to deal with missing values, duplicate records and cleanup inconsistencies in structured datasets. 

This will enhance the quality of data and minimize errors in model training. 

Data transformation and normalization is then used. In the case of structured data, data is scaled numerically, and 

categorical data is coded into machine intelligible data structures. In the case of image data, preprocessing involves 

the resizing of images to a standard size, normalization of pixel values and the conversion of images to a form of 

an array that is compatible with deep learning models. In the quest to make models perform better and generalize, 

image datasets are subjected to data augmentation techniques like rotation, flipping, and scaling. This aids in 

enhancing the diversity of datasets and minimizes the overfitting. Also in this case, data splitting is carried out to 

split the data into training, validation and testing data to ensure that the model is properly evaluated. In contrast 

to conventional systems, the CNN layers in this project extract features automatically hence the manual selection 

of features is not required. The preprocessing phase makes sure that the image and structured inputs are optimally 

presented to be learnt by the ResNet architecture. 

Altogether, the above preprocessing steps enhance data quality and performance of the models, provide reliable 

and accurate prediction of multiple diseases. 

3. Splitting the Dataset 

To promote the successful development and testing of the models, the data set employed in this paper is separated 

into training, validation, and testing data sets. On average, 80 percent of the data are usually used in training and 

the remaining 20 percent in testing. Also, the training data is partitioned and part of it is considered to be a 

validation set to estimate the performance of a model during training and to prevent overfitting. The training 

dataset allows CNN-ResNet to acquire the patterns using medical images as well as structured data, whereas the 

validation dataset helps to adjust hyperparameters and enhance generalization. The testing dataset is also 

employed to test the model on unseen data, which the system makes correct predictions that will be accurate and 

reliable. This systematic data partition boosts the strength and effectiveness of the multi-disease prediction system. 

 

Fig. 1: System Architecture 

4. Feature Extraction 

The proposed system provides feature extraction based on Convolutional Neural Networks (CNN), which is 

automated, thus, removing the necessity of manually selecting features. The CNN layers can extract hierarchical 

and spatial information using the input data, especially medical imaging (MRI and CT scans). In thesised datasets, 

the applicable clinical parameters and attributes are preset and thus feed into the model. The deep learning 

structure automatically removes irrelevant or noisy data during training so only the important features are relayed 

in predicting the disease. Moreover, ResNet architecture integration aids in improving feature extraction by 

promoting deeper networks that combine vital information and accelerate the learning process because of the 

residual connection. The method greatly enhances accuracy of prediction and performance in a multi-disease 

classification task. 
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5. Deep Learning Model Implementation 

The proposed architecture is a Convolutional Neural Network (CNN) based on the ResNet architecture and is 

used to predict multiple diseases. CNN is both applicable to medical imaging and other input data primarily to 

extract meaningful features of the input data particularly to capture spatial patterns and significant visual features. 

ResNet is an improvement of the CNN model that involves residual connections, which help in solving the 

vanishing gradient issue, enabling the network to be trained successfully even when more connections are added. 

The features extracted are converted into fully connected layers, with classification being performed on them by 

applying a Softmax activation function to produce probability values to be applied to combinations of classes of 

diseases. This architecture facilitates effective learning, enhances accuracy of the model, and guarantees accurate 

predictions of various diseases. CNN+ResNet is a strong and scalable representation of dealing with intricate 

medical data. 

6. Framework 

The framework proposed is expected to forecast various diseases, which include brain tumor, lung cancer, chronic 

kidney disease (CKD), and Parkinson’s disease, under a single framework. The framework comprises of a few 

interconnected phases, where the first data collection step will be done using reliable sources, and then the second 

preprocessing data will be used to clean and normalize data. The processed data is thereafter divided into the 

training, validation and test sets to provide a proper evaluation. The architecture used to extract features is CNN 

layers, whereas the classification and deep learning are performed with the help of ResNet architecture. The 

system then yields predictions with confidence scores which are measured by the performance measures like 

accuracy, precision, recall and F1-score. Also a confusion matrix is applied to evaluate classification results in the 

various disease types. The comprehensive architecture makes it a scalable and efficient prediction of multiple 

diseases, which may be considered accurate enough to apply to a real-life healthcare scenario. 

 

 

Fig. 2: Module Diagram 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 02 (2026) 

__________________________________________________________________________________ 

 

1173 

3.2 UML Activity Diagram 

1. Architectural Layers (High-Level Overview) 

The system is organized into a classic multi-tier architecture, split horizontally into four functional layers: Layer 

1: Client Applications (Frontend): The user-facing interfaces where data enters and leaves the system. Layer 2: 

Client Functions & Local Processing (Edge Processing): Hardware-level and native device features that handle 

tasks directly on the user's device before touching the cloud. Layer 3: Cloud Infrastructure & Backend Services 

(Middleware/Orchestration): The central nervous system that handles routing, security, scalability, and API 

management. Layer 4: Backend Processing & Data (Core Engine): The heavy-lifting layer where Artificial 

Intelligence (AI) models process images, data is permanently stored, and analytics are generated. 

2. Component and Module Breakdown 

The diagram defines 10 distinct modules, categorized by their environment (indicated by the color-coded Legend 

at the bottom right: Client, Backend, and Data Store). 

Layer 1: Client Applications 

Module 1: Kotlin Mobile Application Module (Client): An Android app providing the User Interface (UI) for 

patients to register, login, view patient history, and initiate real-time diagnoses. 

Module 9: Web Admin Dashboard Module (Client): A web portal for healthcare administrators to handle 

centralized monitoring, patient management, viewing prediction records, and generating reports. 

Layer 2: Client Functions & Local Processing 

Module 2: User Registration and Authentication Module (Client): Handles secure login/signup, access control, 

and identity management on the device side. 

Module 3: Image Capture Module (Client): Integrates directly with the smartphone's camera hardware to allow 

real-time photo capture and preparation for instant analysis. 

Layer 3: Cloud Infrastructure & Backend Services 

Module 4: Cloud Deployment Module (Backend Services): A massive purple block acting as the central API 

Gateway. It hosts the prediction APIs, authentication endpoints, and image processing services. It acts as the 

intermediary between the frontend apps (Layer 1) and the data processing engines (Layer 4). 

Layer 4: Backend Processing & Data 

Module 5: Hybrid Deep Learning Prediction Module (Backend): Uses a hybrid MobileNet + CNN model 

optimized for multi-disease classification. 

Module 6: Disease Precaution Recommendation Module (Backend): Automatically generates post-prediction 

guidance, tailored healthcare advice, and "next steps" support based on the AI's findings. 

Module 7: Patient History Management Module (Backend): Tracks previous predictions, stores records with 

precise timestamps, and manages patient review privileges. 

Module 8: Cloud Database Module (Data Store): The centralized database holding registered patient profiles, raw 

images, and prediction history records. 

Module 9 & 10: Reporting and Analytics Module (Backend): Aggregates data from the database to analyze disease 

trends, track patient activity statistics, and offer clinical decision-making support. 

3. Data Flow and Interconnections 

The diagram uses color-coded arrows at the bottom (Connections & Style) to illustrate how these components 

communicate dynamically:A user registers in Module 1, passing through Module 2 (Auth) and Module 4 (Cloud 

Deployment) to be permanently saved in Module 8 (Cloud Database). Diagnostic Request: A patient takes a photo 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 02 (2026) 

__________________________________________________________________________________ 

 

1174 

(Module 3). The image data flows through Module 4 (Cloud Backend) and is fed directly into Module 5 (Deep 

Learning). Processing & Storage: Module 5 classifies the image and passes the Results down to Module 8 for 

storage, while simultaneously triggering Module 6 to generate medical Advice. Feedback Loop: The combined 

AI Diagnosis (Results) and Precautionary Guidelines (Advice) flow back up through the Cloud Deployment 

module to be displayed instantly on the user's phone (Module 1).Administrative Audit: Module 10 extracts 

historical records from the database (Module 8), processes them into macro trends, and feeds a "Reporting and 

Analytics" stream up to the Web Admin Dashboard (Module 9). 

 

 

Fig. 3: UML Class Diagram 

3.3 Implementation Details  

1. Model Evaluation and Optimization: 

In this phase, the proposed hybrid MobileNet-based classification model was evaluated using multiple 

performance metrics, including accuracy, precision, recall, and F1-score, to measure its effectiveness in multi-

disease detection. The dataset was divided into training, validation, and testing sets to ensure proper model 

assessment. Hyperparameter optimization techniques such as learning rate tuning, batch size adjustment, epoch 

optimization, and dropout regularization were applied to improve prediction performance and reduce overfitting. 

Image preprocessing techniques including resizing, normalization, and augmentation were also used to enhance 

model generalization. After optimization, the model achieved 98.73% overall accuracy, with 99.52% accuracy for 

uploaded image prediction and 98.73% accuracy for real-time image capture analysis, demonstrating robust 

performance for deployment. 

2.Backend API Development: 

 The backend infrastructure was developed to establish communication between the mobile application, prediction 

model, cloud database, and administrative dashboard. RESTful APIs were created to handle functionalities such 

as user registration, secure login authentication, image upload, camera image submission, disease prediction 

requests, precaution retrieval, history management, and patient data storage. The backend receives the medical 

image, performs preprocessing, loads the trained hybrid MobileNet model, generates prediction results, and sends 

the disease diagnosis with precaution recommendations back to the mobile application. Additional API endpoints 

were implemented for administrative operations, including patient monitoring, viewing uploaded records, and 

dashboard data management. Cloud deployment was configured to ensure secure, scalable, and real-time API 

access. 

3. Frontend   Integration 

  The frontend implementation involved integrating the backend APIs with both the Kotlin-based Android 

mobile application and the web-based administrative dashboard. In the mobile application, user interface modules 

were developed for registration/login, image upload, real-time camera capture, disease prediction display, 
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precaution recommendations, and prediction history viewing. API integration enables seamless communication 

between the mobile app and cloud server for real-time diagnosis. The web dashboard frontend was developed to 

provide administrators with centralized access to registered patient details, uploaded medical images, disease 

prediction results, and historical records. Proper validation, loading states, secure authentication handling, and 

responsive interface design were implemented to ensure a smooth and reliable user experience across both 

platforms. 

4. System Requirements 

Development requirements specify the environment and tools required to build the system. 

1. Software Requirements 

Operating System: Windows / Linux 

Programming Language: Python 

Deep Learning Framework: TensorFlow or PyTorch 

Libraries: NumPy, Pandas, Scikit-learn 

Development Tools: Jupyter Notebook, VS Code 

2. Hardware Requirements 

Run-time requirements specify resources needed during system execution. 

Processor: Intel i5 or equivalent 

RAM: Minimum 8 GB 

Storage: Minimum 40 GB 

GPU: Optional, recommended for faster training 

3. Deployment Topology 

This advanced cloud topology securely connects patient Android apps and administrative web dashboards via a 

central API Gateway into a private, highly scalable virtual network. Lightweight business logic is handled by 

containerized microservices, while heavy image classification tasks are isolated and routed to an auto-scaling 

GPU compute pool running the hybrid MobileNet + CNN model. Patient metadata and analytical metrics are 

saved to a multi-zone relational database, whereas raw diagnostic images are offloaded to durable object storage 

to ensure strict security compliance and high availability. 

 

5. Result And Discussion 

The multi-disease prediction CNN-based system with ResNet framework was effectively tested and trained on 

information about brain tumor, lung cancer, chronic kidney disease (CKD) and Parkinson disease. The 

preprocessed datasets that were used in training the model were made up of both image based and structured data 

that allowed the model to learn complicated patterns. 

The results of the model were evaluated based on some of the commonly used evaluation parameters, including 

accuracy, precision, recall and F1-score. According to the results of the experiment, the CNN-ResNet model is 

the best as it reaches high accuracy in prediction, which is better than traditional machine learning models and 

simple CNN models. The introduction of ResNet makes learning much more efficient because of the ability to 

avoid the vanishing gradient problem, which enables productively trained deeper networks and feature 

representation. 

The results of the comparison of algorithms proves that the proposed CNN + ResNet model has an accuracy of 

around 99, which is better than standalone CNN and traditional machine learning. This enhancement underscores 
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how residual learning is effective in improving the performance of the models. Also, the confusion matrix analysis 

indicates that the model properly classifies most of the disease groups with minimized misclassification. 

The system also shows a high level of convergence in training and testing data showing a good generalization 

ability. The user interface is able to give real-time predictions with confidence scores effectively rendering the 

system viable in the real-life healthcare context. On the whole, the findings prove the proposed approach to be 

trustworthy, effective, and applicable to the work on the multi-disease prediction. 

5.1 Step-by-Step Execution 

The Multi-Disease Detection System architecture is designed as a cloud-integrated intelligent healthcare platform 

that combines a Kotlin-based mobile application, hybrid deep learning prediction engine, cloud deployment 

infrastructure, centralized database, and web-based administrative dashboard for disease diagnosis and patient 

management. 

The architecture begins with the Kotlin Mobile Application, where users first complete registration and secure 

login authentication to access the system. After successful authentication, the patient can provide medical data 

through the image input module, which supports two input methods: uploading medical images from the device 

gallery or capturing images in real time using the mobile camera. This design improves accessibility and enables 

users to obtain disease predictions conveniently from any location. 

The uploaded or captured image is transmitted securely through HTTPS communication to the Cloud Deployment 

Server, where the backend processing is performed. Initially, the image undergoes a preprocessing stage, including 

resizing, normalization, and image enhancement, to improve input quality and ensure compatibility with the 

trained prediction model. The processed image is then forwarded to the hybrid deep learning model combining 

MobileNet and Convolutional Neural Network (CNN) for disease classification. 

The proposed hybrid model is trained to identify multiple diseases, including brain tumor categories (Meningioma, 

Glioma, Pituitary Tumor, and No Tumor), lung cancer detection (Risk / No Risk), chronic kidney disease 

prediction (Presence / Absence), and Parkinson’s disease prediction (Presence / Absence). If invalid image input 

is detected, the system generates an appropriate validation response. The prediction engine achieved an overall 

classification accuracy of 98.73%, with 99.52% accuracy for uploaded image prediction and 98.73% accuracy for 

real-time image capture analysis, demonstrating strong diagnostic reliability. 

After prediction, the system generates the diagnostic result along with recommended precautions and healthcare 

guidance, which are immediately displayed to the patient through the mobile application. The application also 

includes a history module, allowing users to access previously uploaded images, prediction reports, and healthcare 

recommendations for future medical reference. 

All patient-related information is stored in the Cloud Database, including registered patient details, uploaded 

images, prediction history, and precaution recommendations. This centralized storage ensures secure data 

management, scalability, and seamless synchronization between the mobile and web platforms. 

The Web Admin Dashboard provides administrative monitoring and management capabilities. Through secure 

admin login, authorized personnel can view registered patients, access uploaded medical images, review disease 

prediction results, monitor precaution details, manage users, and generate analytical reports. This dashboard 

enables centralized supervision of patient activity and supports healthcare decision-making through efficient data 

access and reporting. 

Overall, the proposed architecture provides a scalable, secure, cloud-enabled intelligent healthcare ecosystem that 

integrates mobile accessibility, deep learning-based disease diagnosis, patient history management, and 

administrative healthcare monitoring within a unified framework. 
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6. Conclusions 

As part of this work, a multi-disease prediction system that has been constructed using a Convolutional Neural 

Networks (CNN) combined with the ResNet architecture has been created to resolve the limitations of 

conventional diagnostic procedures. The suggested system is useful in analysis of medical imagery as well as the 

analysis of structured data to forecast various diseases in one united system. 

CNN usage makes it possible to extract features on a global scale automatically, whereas the level of ResNet 

application enhances the performance of the established models, as the deep network approach can be trained 

without decrease. Such a combination leads to high prediction correctness and effective learning of sophisticated 

medical patterns. The system minimizes the reliance on manual diagnosis; it makes predictions much faster and 

reliable. 

 

7. Future Scope 

The future scope of this healthcare diagnostic system centers on advancing its artificial intelligence capabilities 

through multimodal data fusion and edge computing. By integrating the existing image-classification models with 

electronic health records (EHR), genomic data, and real-time patient vitals, the system can evolve from a single-

image analyzer into a holistic diagnostic platform. To expand accessibility in remote or low-bandwidth 

environments, the hybrid MobileNet+CNN model can be optimized via quantization to run directly on the 

smartphone's local hardware, eliminating the need for a continuous cloud connection. Furthermore, implementing 

federated learning will allow the AI engine to train and improve across decentralized hospital networks globally 

without ever moving sensitive patient images from their local servers. 

This platform is positioned to expand into a proactive ecosystem by integrating with IoT medical devices and 

wearable tech, shifting its utility from reactive on-demand testing to continuous health monitoring. The client 

layer will likely expand to support iOS and cross-platform frameworks to maximize user reach, while the backend 

can introduce a direct telehealth pipeline that automatically pairs high-risk diagnostic results with instantaneous 

specialist scheduling. By connecting the automated insights of Module 6 with real-time video consultations, the 

system transitions from a standalone diagnostic tool into a comprehensive, end-to-end patient care network. 

Finally, long-term scalability relies heavily on meeting global clinical standards, ensuring strict medical 

interoperability, and building clinician trust through Explainable AI (XAI). Future updates will necessitate 

adopting international healthcare data exchange protocols like HL7 and FHIR, allowing this system to plug 

seamlessly into legacy hospital information frameworks worldwide. Additionally, embedding visual explanation 

tools like Grad-CAM will enable the AI to highlight the exact pixel regions causing a positive classification, 

transforming the "black box" algorithm into a transparent, auditable assistant that doctors can confidently use for 

decision support. 
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