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Abstract: Lung cancer remains a major cause of mortality worldwide, underscoring the importance of accurate and timely diagno-
sis. Manual evaluation of histopathology slides is labor-intensive and error-prone, particularly in resource-constrained settings. This
work introduces HistoPath Al, an edge-based web application for real-time lung cancer detection. The system employs a fine-tuned
EfficientNetB7 model to classify histopathology images into benign, adenocarcinoma, and squamous cell carcinoma, achieving 99.8%
validation accuracy with strong precision and recall. A novel Computational Severity Index approach stratifies disease progression
into four levels, supporting clinical decision-making. To ensure practical deployment, the model is optimized into FP32, FP16, and
INTS formats using TensorFlow Lite and integrated on a Raspberry Pi 4. The framework includes benchmarking of latency, resource
utilization, and thermal stability, alongside a Flask-based role-driven interface for secure access, patient registration, and automated
reporting. HistoPath Al demonstrates a scalable, privacy-preserving, and deployable solution for point-of-care cancer diagnostics. The
proposed framework emphasizes offline inference and local data processing, enabling privacy-preserving operation without reliance on
cloud infrastructure. The results highlight the feasibility of deploying deep learning-based histopathology analysis on low-cost embed-
ded hardware for real-time use. This study establishes a strong engineering foundation for future extensions involving clinically informed

validation and real-world deployment in resource-limited healthcare settings.
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1. Introduction

Cancer develops when normal cells multiply without control.
In the United States, it is the second leading cause of death, and
lung cancer is among the most commonly diagnosed types [1].
Major risk factors for lung cancer include smoking, exposure to
secondhand smoke, and long-term contact with polluted air [2].
Survival rates for lung cancer vary widely. About 40% of patients
live at least one year after diagnosis, but only around 10% survive
10 years, and the five-year survival rate is about 15%. The type
of tumor and its stage at diagnosis have a significant impact on
these outcomes [3].

To identify lung disorders, medical professionals employ
diagnostic techniques like MRIs, CT scans, X-rays, and micro-
scopic analysis of tissue samples. To confirm a diagnosis, these
images are usually examined by hand, which can take several
hours [4-6]. This procedure adds to the workload and may
result in mistakes or conflicts in medical professionals’ interpreta-
tions. According to recent research, deep learning can sometimes
outperform skilled pathologists, particularly when it comes to
determining whether cancer has spread [7]. Because they expe-
dite image analysis and minimize mistakes or treatment delays,
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computer-aided diagnosis systems are growing in popularity. Arti-
ficial intelligence (AI) enables models to understand patterns from
ground truth information instead of depending on existing data.
Machine learning models learn specific tasks gradually to accu-
rately classify the new data without constant human input. By
applying signal and image processing to datasets, these models
can be further enhanced, assisting in the identification of growth
patterns, form variations, and peculiar pathological features. This
approach leads to clearer prognoses, augments feature detection,
and advances model training. Convolutional neural networks
(CNNs), random forests, batch normalization, and support vec-
tor machines (SVMs) are some Al methods that have recently
gained popularity, particularly for examining medical images like
MRI, CT, and X-rays [8]. Although these methods produce good
results, it is not possible to correctly distinguish between multi-
ple kinds of lung cancer using only CT or MRI scans [9, 10].
These scans don’t show what’s going on inside the cells; instead,
they primarily show larger tissue features like spots or tumors.
Through the direct examination of tissues and cellular elements
made possible by a biopsy, disease-related alterations can be bet-
ter understood. Because whole tissues are examined and classified,
frequently by hand, in research and clinical settings, histopathol-
ogy is becoming more and more important [11]. This procedure
supports identifying illnesses. Although it can be difficult to
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integrate all of this information, this strategy assists in detecting
disease earlier and improves treatment.

Nowadays, Al technology is revolutionizing healthcare by
assisting doctors in making an accurate diagnosis without man-
ual intervention with the help of deep learning methodologies.
Figure 1 shows the designed smart diagnostic ecosystem, where
the patients are subject to diagnostic investigations such as CT
scan, MRI, biopsy, and laboratory testing by doctors who are
examined by medical experts like radiologists or pathologists. The
Al system can learn from patient data and domain knowledge to
generate accurate, transparent diagnostic predictions for expert
validation. Moreover, the deployment of the Al system is possible
via a cloud-based web application.

In this context, Hatuwal and Thapa [12] applied the CNN
on the LC25000 dataset, containing lung and colon histopathol-
ogy images. Upon testing their model on lung cancer data, their
experimental outcomes proved that the model had excellent capa-
bility with high levels of training and validation accuracy. At
an accuracy level of 65.10%, Roy et al. [13] introduced the Reg-
STN + SORD model for video prediction using lung ultrasound
images obtained from Italian hospitals. Utilizing lung histopathol-
ogy images, Sari¢ et al. [14] demonstrated an accuracy of 75% and
72% when using VGG and ResNet, respectively, with less accurate
results due to the complexity of datasets and network parame-
ters. In their case, Mehmood et al. [15] enhanced the accuracy
of AlexNet to 98.8%, compared to its baseline accuracy of 89%,
but the use of the old architecture made the model less robust.
Handcrafted feature-based methodologies are available as well.
Numerous research projects have been dependent on histopathol-
ogy slide images, especially the LC25000 dataset. In particular,
Mangal et al. [16] conducted their research on one type of can-
cer, such as lung or colon cancer classification. Masud et al. [17]
proposed a lightweight CNN with an accuracy of 96.33%.

Gabralla et al. [18] used four CNN models (VGGI6,
ResNet50, InceptionV3, DenseNet121) with SVM, and their
approach yielded 100% accuracy, although they did a single train-
test split 70/30 with post-processing based on their test set, causing
potential data leakage. Additionally, they developed a compli-
cated system that was not end-to-end trainable. Kumar et al.
[19] compared handcrafted features with Deep Neural Network
(DNN) features by employing several types of classifiers, and they
concluded that DNN outperforms the handcrafted ones in terms
of accuracy, achieving 98.60% accuracy, 98.63% precision, an

F1-score equal to 0.985, and an Receiver Operating Characteristic
- Area Under the Curve (ROC-AUC) value of 1. On the other hand,
Chhillar and Singh [20] attained 100% accuracy using a Light GBM
classifier with handcrafted features, but there may be some issues
with their generalizability. Provath et al. [21] introduced a Global
Context Attention block into their neural network, decreasing the
number of parameters, reducing computations, and increasing
model accuracy. They achieved 99.76% accuracy, 99.4% precision,
and 99.6% sensitivity on LC25000, along with strong results on
GLaS and CRAG datasets. The current study uses histopatho-
logical images from the LC25000 dataset to create an automatic
model for classifying lung cancer. Dataset splitting, neural network
selection, on-the-fly augmentation, training, validation, and final
deployment on an edge device are all part of the suggested pipeline.
Recent work has also extended deep learning to edge devices for
medical diagnostics. In order to identify COVID-19 and lung-
related conditions from chest X-ray images, Bhosale and Patnaik
[22] introduced LDCNet, a compact CNN, and showed its effi-
cacy with high accuracy on a Raspberry Pi platform. Alghareb and
Hasan [23] investigated parallel execution on Raspberry Pi clus-
ters and discovered that using architectures such as EfficientNet
greatly accelerated inference speed while preserving high diagnostic
accuracy for tasks pertaining to colon and brain cancer. More-
over, the work by Xu et al. [24] presented a detailed review related
to edge-based Al for healthcare imaging applications and related
hardware-embedded decisions on model optimization and practi-
cal applications. Collectively, the above-mentioned works clearly
indicate the rising concern for edge-based deep learning solutions
within the modern healthcare system framework.

The major accomplishments of the presented work are item-
ized below. First, a severity indexing approach for histopathology
images is presented through the assessment of the processed
images via signal processing analysis, extensive annotation of the
entire dataset of images with severity levels varying from low to
high, and so on. Second, a deep learning approach is designed
for the classification task that incorporates the severity informa-
tion, resulting in a lower computation cost and increased accuracy
than the existing approaches. Third, the designed approach is
optimized for effective execution on edge devices, with a partic-
ular emphasis placed on Raspberry Pi devices. Finally, a secure,
user-friendly, and effective web application is designed, catering
to the needs of various users, including clinicians, administration,
patients, and other medical experts.

Figure 1
Functional flow diagram of the smart diagnostic ecosystem
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1.1. Raspberry Pi (edge computing unit)

The Raspberry Pi Foundation created the Raspberry Pi, a
tiny, reasonably priced, and energy-efficient single-board com-
puter. Its small size and compatibility with Linux-based operating
systems have made it a viable option for edge computing, espe-
cially in settings with constrained processing power. The platform
is appropriate for integrating both software programs and external
hardware components because it offers a variety of connectivity
options, such as HDMI, USB, Ethernet, wireless communica-
tion, and GPIO interfaces. In order to support on-site diagnostic
decision-making in clinical settings with limited computational
infrastructure, the suggested deep learning model in this study is
meticulously optimized and implemented on a Raspberry Pi to
enable real-time histopathological image classification directly at
the point of use. Figure 2 is the model diagram of Raspberry Pi.

The Raspberry Pi 4 Model B used in this project is powered
by a quad-core Cortex-A72 processor running at 1.5 GHz. This
delivers stable, efficient performance of edge-level calculations
in machine learning applications. This model’s system includes
4GB of LPDDR4 flash memory. This facilitates the execution of
the quantized deep learning model without any memory-related
issues. The entire circuit is powered by a 32GB microSD card
that stores the operating system, machine models, and diagnos-
tic information. The circuit also contains components like Wi-Fi,
Bluetooth 5.0, Gigabit Ethernet, and several USB connections.
It allows for multiple methods to connect in real-time for med-
ical purposes. Its compact design and energy efficiency make it
suitable for deploying lightweight Al systems in clinical settings.

2. Methodology

The pipeline of the proposed methodology included the
acquisition of data and preprocessing to ensure compatibility with
the architecture. Subsequently, several training techniques were
employed, with adjustments to hyperparameters, to facilitate the
model’s learning process and minimize loss for effective classi-
fication. To further enhance classification accuracy. Following

this, disease severity is indexed in a score ranging from 0 to 3
(low to high levels, respectively). Later deployment of this model
into an edge device (Raspberry PI) to create a web interface to
utilize in the diagnosis process by specialists. Figure 3 shows the
end-to-end pipeline for Al-based lung cancer diagnosis.

2.1. Data source and data acquisition

The Lung and Colon Histopathology Images (LC25000)
dataset, curated by Borkowski et al. [25], is publicly available and
used in this study. The dataset contains 25,000 samples, with
15,000 related to lung cancer and 10,000 to colon cancer. The
lung cancer group is divided into three types: benign, squamous
cell carcinoma, and adenocarcinoma, each with 5000 samples. All
images in the dataset are anonymized, comply with HIPAA regu-
lations, have been thoroughly validated, and are freely accessible
to Al researchers.

2.2. Data preprocessing and formatting

Originally, the dataset was in the JPG and RGB file format
with a (728, 728) pixel size. Subsequently, they were scaled down
to (224, 224) pixels to maintain a consistent aspect ratio. The
pixel intensity in the image was then normalized between a value
of 0 and 1 to promote a stable and quicker convergence phase
in training this neural network model. Additionally, a series of
image data augmentation operations were also performed, such
as rotation of an image, zoom operations, cropping, inserting a
patch, and both vertical and horizontal flipping. The aforesaid
operations were undertaken to prevent the network from suffer-
ing from an overfitting problem and to increase the size of the
dataset for training [26].

The dataset was partitioned into training and validation sub-
sets prior to data augmentation, allocating 80% of the images
for training and the remaining 20% for validation. All aug-
mentation operations were applied exclusively to the training
set to prevent information leakage into the validation data. It
is noted that the LC25000 dataset does not provide patient-level
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Raspberry Pi

More powerful
processor

Power supply

Micro HDMI Ports
Supporting 2 x 4K displays

Choice of RAM

|168||268||4GB|[(8GB|

03



Journal of Computational and Cognitive Engineering Vol. 00

Iss. 00 2026

Figure 3
End-to-end pipeline for Al-based lung cancer diagnosis
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Three types of lung cancer images from the LC25000 dataset
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identifiers; therefore, patient-wise splitting could not be enforced.
This limitation is explicitly acknowledged, and the reported results
are interpreted as engineering performance validation rather than
clinical validation. Figure 4 displays sample lung histopathology
images of adenocarcinoma, squamous cell carcinoma, and benign
tissue.

2.3. Proposed method

2.3.1. Computational Severity Index

The Computational Severity Index (CSI) was introduced to
identify the severity levels, which were given on a scale of 0-3,
representing a risk range of low to high. This assignment, partic-
ularly important in cases of adenocarcinoma and squamous cell
carcinoma, was based on the number of abnormal cells presented
in the image and the area they occupied. Figure 5 provides an
overview of the distribution of severity levels of disease across the
dataset and displays a percentage of images assigned to each level
of severity for each cancer class in the LC25000 dataset.
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The severity index outcomes are demonstrated in Figure 6
for the known disease severity classes. The system comprises
three steps, namely, (a) preprocessing, wherein image scaling, nor-
malization, and conversion into grayscale are carried out; (b)
segmentation (step I), wherein the background is discarded to
extract tissue/cell regions that are color-coded to estimate cell sizes
and the areas are calculated using the pixels; and (c) classification
(step II), wherein the severity level of the disease is deter-
mined through thresholding methods into four classes denoted as
0 to 3 (low to high). The discussion of how segmentation works
and the calculations performed on the pixels and threshold
estimation will be presented in the next paragraph.

The different levels clearly show the strength of the disease
in the patients, making it easier to prioritize the cases especially
in emergencies. To differentiate between the cellular areas and the
rest of the tissues in the background, the tissues are converted
into grayscale before being analyzed using the Otsu thresholding
method. After converting images to grayscale, Otsu threshold-
ing is applied to segment abnormal regions, and the number
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Figure 5
Severity level in each cancer type: (a) adenocarcinoma and (b) squamous cell carcinoma
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Figure 6
Corresponding lung histopathology images with sample severity index levels: (a) preprocessed images representing three types of lung
cancers; (b) segmented images for adenocarcinoma, benign tissue, and squamous cell carcinoma, respectively; and (c) classification of
disease severity score ranging from level 0 to level 3 (low to high)
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of foreground pixels (Aw) representing abnormal tissue is com-
puted. For samples predicted as malignant, CSI levels are assigned
using fixed pixel-area thresholds: Level 0 (Aw < 100,000), Level
1 (100,000 < Aw < 200,000), Level 2 (200,000 < Aw < 300,000),
and Level 3 (Aw > 300,000). These empirically selected thresholds
enable a consistent and reproducible mapping from segmented tis-
sue extent to CSI levels, while benign samples are excluded from
severity assignment.

The diseased cell regions are categorized into four severity
levels using predefined threshold values based on the calculated

Step I: Segmentation

(C) Step II: Classification

\

pixel area occupancy. It is acknowledged that the proposed CSI,
which relies on threshold-based segmentation and estimation of
abnormal tissue area, may be influenced by factors such as
staining variability, illumination differences, and slide prepara-
tion artifacts. To clearly distinguish this approach from clinically
validated cancer severity or staging systems, the CSI is explic-
itly defined as an image-level, computational, triage-oriented
indicator, rather than a biological or pathological measure of
disease progression. Clinical severity assessment typically depends
on complex histopathological and biological criteria beyond
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pixel-area measurements; therefore, the absence of clinical val-
idation is acknowledged as a limitation of the present study.
Incorporating artifact-aware modeling and clinically informed
validation is identified as an important direction for future work.
For the entire LC25000 dataset, Figure 5 shows the percentage-
wise distribution of images across various severity categories,
with a separate breakdown for each type of cancer. A clear and
thorough understanding of how disease severity is represented
throughout the dataset is provided by this visualization.

2.3.2. Severity-based classification

Although many deep learning frameworks are computation-
ally heavy, training on a large dataset such as ImageNet has
been found to provide notable gains in accuracy and architectural
design [27]. A typical example is the EfficientNet framework [28],
which utilizes about 66 million parameters and scores an 84.4%
classification rate on ImageNet. The architecture of the Efficient-
Net comprises CNN versions B0 to B7. As one progresses from
BO to B7, there is a notable improvement in accuracy, while there
is an increase in parameters in a somewhat controlled manner.
An important feature of EfficientNet is the use of the Leaky ReLLU
activation function rather than ReLU, which helps in enhanc-
ing learning capacity for negative-valued data points. In addition,
EfficientNet differs from other models, particularly smaller ver-
sions, in its ability to perform compound scaling in which network
width, network depth, and input resolution are simultaneously
scaled. Figure 7 shows some of the fundamental building blocks
of the EfficientNet framework.

Based on histopathological imaging, this work presents a
trustworthy severity-aware classification framework for lung can-
cer diagnosis [29]. The proposed approach categorizes the lung
tissue into three severity levels: adenocarcinoma (lung_aca), squa-
mous cell carcinoma (lung_scc), and normal tissues (lung_n). The
high-resolution JPEG images are downloaded from a publicly
available source, and all images are resized to 224 X 224 X 3 pix-
els and then organized systematically into class-based folders. The
images are fed into an Image Data Generator with an 80:20 split
for training and validation purposes, along with categorical clas-
sification [30]. It is built upon EfficientNetB7, an efficient deep
learning CNN architecture that is widely acclaimed for its com-
pound scaling technique. This is a novel technique whereby the
depth, width, and spatial resolution are all scaled simultaneously
to obtain high accuracy and reduced computational requirements.
To allow efficient learning and retain trustworthy and universal
attributes, EfficientNetB7 was used as a frozen feature extrac-
tor. It was first pretrained on the ImageNet dataset. The better

version of the proposed approach was developed by selectively
using the higher severity images (Levels 2 and 3) and utilizing a
total of 2500 balanced images for selective training on each type
of cancer. By successfully reducing the training time and com-
putational requirements, it was possible to successfully apply and
run the model on resource-constrained Edge platforms.

The extracted features were analyzed using a custom classifi-
cation head containing a global average pooling layer, flattening,
and two fully connected layers with 128 and 64 neurons, respec-
tively, activated by Leaky ReLU. A SoftMax output layer for
multi-class prediction came next. A sigmoid activation was
employed in a different implementation designed for binary sce-
narios. The model was trained for up to 50 epochs with a batch
size of 128 using the Adam optimizer and categorical cross-
entropy loss. To prevent overfitting, early stopping was used. To
enhance generalization, the architecture design included batch
normalization, Leaky ReLU activations, depth-wise separable
convolutions with filters of (3 x 3) and (5 X 5), and a fixed dropout
rate of 0.2. Each of the five modular subblocks was linked sequen-
tially and scaled using a two-fold multiplication technique. The
network is scaled as follows to increase the computational task
by a factor of “n”: depth = an, width = fn, and size = yn,
where a, 8, and y are constants. To guarantee uniform scaling
across all network dimensions, EfficientNet additionally integrates
a factor “¢,” also referred to as the compound coefficient. A clas-
sification report and a normalized confusion matrix were used to
further assess the model’s performance, which showed excellent
accuracy, precision, recall, and Fl-scores in every category. Ulti-
mately, 99.02% validation accuracy was attained by the model.
99.02%.

To discuss the hyperparameters, the model is based on the
EfficientNetB7 architecture with a total of 64,433,946 parameters,
of which 336,259 are trainable, and the remaining are retained
as non-trainable pretrained weights. The network is optimized
using the Adam optimizer with categorical cross-entropy loss and
default TensorFlow learning rate settings. Training is conducted
for up to 50 epochs with early stopping monitored on validation
loss and a patience of 3 epochs to ensure stable convergence and
mitigate overfitting.

To ensure compatibility with clinical deployment workflow
and edge inference, the trained network is exported in multiple
formats including HDFS, TensorFlow Saved Model, and JSON
formats. An efficient inference pipeline comprising preprocess-
ing specific to EfficientNet, followed by model-based predictions
[31], and mapping of predicted results to predefined classes was
adopted to generate predictions on test images. The proposed

Figure 7
Basic blocks in EfficientNet architecture
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approach has proved to exhibit significant benefits over other
existing models such as Baseline Network, InceptionNetV2,
ResNet50, DenseNet, classical CNN, and BreastNet [32] regard-
ing classification performance and computational complexity.
The proposed system provides an effective, efficient, and under-
standable approach for lung cancer detection in clinical envi-
ronments and situations with limited computational resources
through the integration of severity-oriented domain knowledge
with a deep learning architecture.

3. Real-Time Monitoring

This workflow describes a comprehensive edge-deployed
medical diagnosis system, specifically designed to operate on
resource-constrained devices like the Raspberry Pi. The system
combines a lightweight yet powerful pretrained EfficientNetB7
model for lung histopathology classification with a Flask-based
web application that provides an accessible user interface for end
users such as clinicians or lab technicians.

3.1. Boot and setup

The boot and setup phase is responsible for initializing the
device and configuring the system environment required to load
the classification model and start the Flask-based application.
The Linux-based Raspberry Pi OS and all necessary system ser-
vices are loaded into memory when the Raspberry Pi is turned on,
activating the hardware components. In this phase, an automated
batch script set up with rc.local or systemd begins the application
environment automatically at startup. To guarantee proper model
execution, a specialized Python virtual environment is then turned
on, preinstalled with all required libraries like EfficientNetB7 and
TensorFlow Lite. The edge device can start automatically thanks
to this initialization sequence, and it will be ready to perform
inference as soon as it boots up.

3.2. Networking

In order for a web browser to access the diagnostic appli-
cation, the networking module is responsible for establishing
self-hosted or local connectivity. A local web server that runs
directly on the Raspberry Pi is started by the Flask service. DNS-
masq and hostapd are programs that are used to either assign
an IP address that remains static or enable a device-hosted Wi-Fi
hotspot. By enabling the application to be accessed through the
local IP address, which is normally accessible at the local host
link!. This removes the need for external cloud infrastructure.
Because of its design, the system is perfect for use in remote clin-
ics or rural healthcare settings where connection to the internet
may be weak or unreliable.

3.3. Role-based interaction

Role-based interactions make sure that the right people have
access and the right actions are taken with respect to access con-
trol and proper handling of confidential information, since the
permissions are defined based on responsibilities. Doctors, techni-
cians, and other healthcare professionals can log into the platform
through any Internet-capable device from a Web browser. The per-
missions are provided by the system based on the below-listed set
of roles such as administrator, doctor, technician, and medical
staff, among others. Credentials for each user are checked during

'http://192.168.x.x:5000

the login process, and then the functions available to a particu-
lar user based on his/her role are listed to him/her. Access to the
upload of chest X-ray images and patient information is granted
to authorized individuals only.

3.4. On-device Al inference (EfficientNetB7)

The primary Al inference model, which runs solely on a
Raspberry Pi without a live internet connection, supports real-
time disease prediction. The quantized or optimized version of
the EfficientNetB7 model, which has been trained to distinguish
between all lung-related illnesses such as COVID-19 and other
variants, pneumonia, and tuberculosis, is loaded into it. The
model provides an output after evaluating a supplied medical
image, which includes a predicted disease type and a quantifiable
level of confidence. Finally, without needing manual intervention,
a PDF report containing information on prediction outcomes,
patient identity information, and a timestamp is automatically
created. The generated report and initial image are saved on this
device. The report and initial image are saved on this device,
which provides functionality for future clinical audits. The device
is ideal for point-of-care use in disease prediction and diagnosis.
The device enables quick decision-making on-site without needing
a live internet connection and performs all calculations on-site.

3.5. Report output

The final stage of the system handles user sessions, includ-
ing the presentation of diagnostic results and returning to a ready
state. Once the model has completed inference, the client displays
to the user the expected output along with providing an option
to download the generated PDF report for further review or doc-
umentation. Following the results review, the user will securely
log out to ensure patient data security. The application based on
FLASK framework, operates in the background for front-end and
is ready to launch a new session for any new login requests or
images uploaded for further examination, while the edge device
switches back to idle mode after the user logs out.

This streamlined process guarantees continuous system
availability, supports multiple sequential diagnoses, and upholds
the privacy and security of user interactions. Figure 8 explains the
step-by-step Edge-based Raspberry PI Flask Inference Pipeline.
We developed the Histopath Al Web Application, an edge-
based inference system running on Raspberry Pi with Flask,
for automatic prediction of lung cancer type and severity from
histopathology images. The software has role-based access con-
trol. Doctors can see patient reports, patients can download their
reports, and healthcare personnel can enroll patients and make
appointments for them. System management and maintenance
will be handled by an admin. It guarantees privacy of informa-
tion, effectiveness, and real-time diagnosis, among other factors.
System architecture and processes will be discussed in detail below.

3.6. HistoPath AI: A real-time edge-based web
diagnostic system

Histopath Al is a web-based application using a Raspberry
PI. The application is in place, and the healthcare system’s secu-
rity and management framework, known as role-based access,
regulates user permissions according to their assigned roles within
the company. Every user is given a specific role that dictates what
information they can access and what they can do on the sys-
tem, such as medical staff, diagnostic expert, specialist doctor,
or admin. For example, medical staff are permitted to manage
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Figure 8
Edge-based Raspberry Pi Flask Inference Pipeline

¥ Boot & Setup Networking

Start / Power Start Flask App

Y A J

Boot Set Up Network
Raspberry Pi 0S (static IP or dnsmasq + hostapd)
Y \ 4

Run Batch Script Expose Flask on Local IP
(rc.local / systemd) (http://192.168.X.X:5000)
Y

Activate Virtual Environment
(TensorFlow supported)

patient registration and schedule appointments, but they are
restricted from accessing confidential diagnostic results. While
specialized doctors are given access to prediction outcomes and
patient medical histories so they can make clinical suggestions,
diagnostic experts are responsible for submitting examination
reports and highlighting abnormal observations. The administra-
tor has the highest level of access and is able to monitor the
system’s performance, assign and handle user roles, oversee the
entire system, and apply software updates.

Figure 9 shows the HistoPath Al application with role-based
access along with tasks. This structured approach ensures data
privacy, enhances security, and streamlines clinical workflows by
ensuring that users only interact with the functions relevant to
their responsibilities. The entire setup is connected with the mon-
itor and the application dashboard, and the frontend display is
shown in Figure 10, and the Raspberry Pi 4 Model B setup is
shown in Figure 11.

4. Evaluation Metrics

4.1. Confusion matrix

For organizing the classifier’s outputs in four ways: true
positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN), the confusion matrix becomes the major

4 Role-Based Interaction L

User Connects via Browser
A4
Login (Role-Based)
\
Upload Image / Patient Info

On-Device Al Inference & Report Output

Run Al Inference
(TFLite / TensorFlow)

\ 4
‘ Generate ]
Prediction
\ 4 \ 4

Generate
PDF Report Edge Node & Flask App Idle

A

Save Report & Image

framework for analysis. This table indicates the effectiveness of
the classifier in separating the lung adenocarcinoma, squamous
cell carcinoma, and benign tumors. Through analyzing these val-
ues, it is possible to get an idea about the strengths and weak-
nesses of the classifier model, including its ability to detect the
presence of malignant areas and, vice versa, failure to detect these
regions or labeling of normal tissues as tumors.

[Display / Download Reponj

4.2. Accuracy

Accuracy means the proportion of correct predictions to all
cases analyzed by the model. The proposed model proved to have
an impressive prediction rate in all classes in our tests. The level
of accuracy was 99% for squamous cell carcinoma and 100% for
benign and adenocarcinoma classes. Calculation of the accuracy
rate is

(TP + TN)

Aceuracy =
Ccouracy = Trp ¥ FP + TN + FN)

(M

4.3. Recall/sensitivity

Recall or sensitivity indicates how well the model identifies
all the positive examples. The higher the recall rate, the fewer the
false negative errors; hence, the system makes very few mistakes in

Figure 9
HistoPath Al application with role-based access and tasks

HistoPath Al
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Specialist Doctor Admin

+ Registration and log in
+ Schedule Appointments

+ Upload Test Report
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+ Control role-based access
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+ Software Update
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Figure 10
(a) HistoPath Al dashboard, (b) registration tab, and (c) model benchmark and hardware profiling, respectively
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not recognizing positive examples. Our enhanced model exhibited ~ 4.4. Precision
exceptional sensitivity when tested: the recall of the system reached

100% for benign samples and 99% for squamous cell carcinoma Since precision reflects the accuracy of predicted positive
and adenocarcinoma samples. instances, it becomes a crucial factor especially in situations where
it becomes necessary to avoid warnings from being raised. Accord-

Recall = TP ?) ing to the experimental findings, precision was very high for all

(TP + FN) the classes, and it was achieved at 100% level for benign tumors,
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Figure 11
Raspberry Pi 4 Model B setup

. =

while it was 99% accurate for squamous cell carcinomas and ade-
nocarcinomas. It is therefore evident that the non-tumor area was
never incorrectly identified as a tumor region.

.. TP
Precision = TP + FP) 3)

4.5. F1-score

It measures the harmonic mean of the precision rate and
recall rate and helps to find a balanced view of the efficacy of
the classifier for datasets with unequal class distribution or where
both the effects of false positives and negatives have a medical
impact. The F1-scores of 100% for benign tissue and 99% for both
adenocarcinoma and squamous cell carcinoma indicate that the
model had been performing very well in all respects that concerned
our evaluation.

2 x TP
Flscore = S~ 7P + N @)

4.6. Interfacing time (latency)

Inferencing time, also known as inference computation, is
the time a deep neural network requires to work on new data,
like the images from the biopsy performed on the subjects. There
are myriad reasons why a deep neural network will have a high

10

inferencing time, some of which are the complexity, the number
of layers, and the number of neurons within each layer.

4.7. Peak RAM usage

The scratch memory needed to carry out intermediate com-
putations during runtime primarily determines how much RAM
is needed to run neural network models. Flexible operation exe-
cution within the network architecture is made possible by this
allocated memory. On the other hand, the storage of learned
model weights and any random values produced during model
initialization or configuration control peak ROM consumption.
Hardware-level optimizations, which are essential for speeding up
mathematical operations and are accessed whenever particular
computational routines are called, are typically stored in ROM.

5. Results and Discussion

The images corresponding to the identified growth patterns
were first augmented and subsequently used as input for train-
ing the network. A fixed batch size of 128 was employed, and the
model was trained over 35 epochs. After training, the model per-
formed very well, attaining accuracies of 99.85% and 99.9% in the
process of validation. Figure 12 shows the plot of accuracy ver-
sus epoch and loss versus epoch for the training and validation
datasets.

The performance of the model for classifying adenocarci-
noma, benign tissue, and squamous cell carcinoma is illustrated
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Figure 12
Plot for model accuracy and loss vs epochs images, respectively
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in Table 1. The model performed exceptionally well, having scored
99% on precision, recall, and Fl-score for adenocarcinoma and
squamous cell carcinoma. However, the performance of benign
tissue was perfect since it had achieved 100% on all three mea-
sures. In addition, Table 2 presents the corresponding class-wise
details along with macro-averaged, weighted-average, and overall
accuracy values.

Table 1
Recall, precision, and F1-score of model for different categories

Performance metrics

Cancer type Precision Recall F1-score
Adenocarcinoma 99 99 99
Benign tissue 100 100 100
Squamous cell 99 99 99
carcinoma
Table 2

Recall, precision, and F1-score of model for different categories

Performance metrics

Labeled category Precision Recall Fl-score
Accuracy - - 99
Macro average 99 99 99
Weighted average 99 99 99

Figure 13 is the illustration of the confusion matrix where
the visualization of the comparison between the true label and the
predicted output of the test dataset is shown. The mathematical
equations used for the calculation of these metrics are explained
in Section 4.

Table 3 provides an overall view of the evaluation metrics in
comparison to existing research on the same dataset. The metrics
include parameters like recall, F1-score, precision, and accuracy
for different cancer-type categories. In this comparison, the pro-
posed model demonstrates superior performance compared to
existing models. Later, the proposed model from EfficientNetB7
for the lung classification was converted into TensorFlow Lite ver-
sions in three precision models, such as INT8, FP16, and FP32,
for compatibility purposes on edge devices like Raspberry Pi.

Then the analysis compares t-distributed Stochastic Neigh-
bor Embedding (t-SNE) visualizations of feature embeddings
across three precision formats—INTS, FP16, and FP32—using
120 lung image samples. Figure 14 shows the t-SNE Feature
maps for three TensorFlow Lite models (INTS, FP32, FP16).
Although INTS8 provides efficiency for edge devices, its reduced
feature detail results in limited class separation. FP16 is appro-
priate for low-power devices because it enhances class distinction
while balancing resource usage. For high-resource clinical settings
requiring the highest level of diagnostic precision, FP32 offers the
most precise and well-separated feature clusters.

The EfficientNetB7 model’s performance under INTS, FP16,
and FP32 precision settings is examined in this assessment. The
INTS variant is especially well-suited for real-time execution on
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Figure 13
True label vs predicted label in the confusion matrix for different image categories for validation images

Normalized Confusion Matrix
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Table 3
Comparison of performance metrics with other network architectures
Performance metrics
Author Precision Recall F1- score Accuracy
Hatuwal and Thapa [12] 0.96 0.95 0.96 0.96
Mehmood et al. [15] 0.97 0.94 0.97 0.98
Mangal et al. [16] - - - 0.96
Masud et al. [17] 0.96 0.96 0.96 0.96
Proposed model 0.99 1.00 0.99 0.99

edge devices, with the lowest inference latency of 1.17 s among
the three. Remarkably, the INT8 model also consumed the most
RAM (1927.53 MB), suggesting that lower runtime memory
usage is not always the outcome of quantization. Unlike the FP16
model, which experienced a discernible memory spike of 187.27
MB, its memory usage was comparatively constant, with only
minor fluctuations (ARAM = 6.38 MB). As low-precision com-
putations require increased parallelism, the CPU usage was at its
peak for INT8 precision configuration at 3.8%. Apparently, the
quantization process does not add up to the thermal burden since
all precision levels were kept in temperature between 47 and 48

12

degrees Celsius with a similar energy response. Further, compared
to FP16 precision, an estimated 47% of storage memory sav-
ings was recorded when using INT8. The overall benchmarking
results for the three TensorFlow Lite configurations are compiled
in Table 4 and shown the same in bar graphs individually in
Figure 15.

The relationship between inference time and RAM usage is
shown in Figure 16. With the shortest inference time of 1.17 s
and very little variation in memory consumption (ARAM = 6.38
MB), the INTS variant performs the most evenly among the mod-
els that were evaluated. It is especially well-suited for deployment
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Figure 14
t-SNE feature maps for three TensorFlow Lite models: (a) INTS, (b) FP32, and (c) FP16
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Table 4 Figure 16
Overall benchmark comparisons across three TensorFlow Lite RAM vs inference time
versions Inference Time (s) vs Precision
Model FP32 FPl16 INTS8 INT8 4 117
Inference time (s) 2.7212 3.803 1.1745
RAM (MB) 1733.89 1921.15 1927.53 FP16:1 280
DRAM (MB) 103.56 187.27 6.38
FP32 272
CPU (%) 0 1.2 3.8 0.0 05 10 15 2.0 25 30 35
Temp(°C) 472 48.2 477 Inference Time (s)
Model size (MB) 64.54 122.32 67.19 .
RAM Used (MB) vs Precision
INTS 1 1927.53
Figure 15
Various hardware performance parameters vs TensorFlow Lite FP16 1 s
versions
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on systems with constrained memory resources because of these - o
features.
FP16 120
6. Limitations and Future Work
FP32 4 0.00
Although the suggested system allows for effective, real- 00 05 10 15 20 25 30 35
time lung histopathology classification on embedded hardware, CPU Usage (%)
1‘F hqs a nqmber of drawbacks th?f[ ghquld direct further inves- Temperature (°C) vs Precision
tigation. First, the dataset scope is limited to three lung tissue - ko
categories, warranting expansion to cover more histopatholog-
ical classes and rare subtypes for broader clinical relevance. — il
Second, the lack of explainability tools like Grad-CAM or atten- 1
tion heatmaps limits diagnostic transparency, highlighting the — 1750
need for explainable Al integration. Third, the system lacks - " > > p >
integration with Electr.onlc Health Recprds, suggesting future Temperature (°C)
support for standards like HL7/FHIR with secure data synchro-
nization. Moreover, as the present pipeline relies on just one Model Size (MB) vs Precision
image in one inference cycle, the integration of batch process- INT8 6219
ing or autonomous processing would prove immensely scalable.
Although general performance analysis is done, the absence of ~ FP16 BEESS
power consumption analysis in the present system proves impor-
tant, especially in the case of batteries or areas with reduced FP32 0454
accessibility. The platform also needs better security functional- 0 20 40 60 80 100 120

ities, including support for HTTPS communication, JSON Web
Token (JWT)-based authentication, and overall audit logging, in
order to satisfy the requirements of overall clinical compliance.
The absence of general clinical validation as well as usability
studies proves the requirement of an association with health-
care setups in order to validate the overall diagnosis accuracy
and ensure a seamless integration with the general healthcare
setup. The overall transition of the platform toward a reli-
able and usable Al-based diagnostic solution in the healthcare
domain would be facilitated by addressing the above-mentioned
issues.
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Model Size (MB)

7. Conclusion

This work introduces HistoPath Al, an edge-enabled diag-
nostic framework for the classification of lung cancer on
histopathology images, considering technological feasibility and
deployment in real time in resource-constrained environments.
The proposed approach integrates an EfficientNetB7-based deep
learning model with FP32, FP16 & INT8 quantization techniques
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for optimization, and deployed on Raspberry Pi 4 Model B. The
experimental results, which demonstrate good classification per-
formance across the classes of benign tissue, adenocarcinoma,
and squamous cell carcinoma, are corroborated by the confusion
matrix and evaluation metrics. From an engineering perspec-
tive, the benchmarking analysis confirms that INT8 and FP16
quantization greatly reduce inference latency, memory usage,
and thermal load, validating the proposed system’s deployment
readiness for edge-based operation.

In addition, a CSI derived from image-level signal process-
ing is presented in the study to quantify the spatial extent of
tissue abnormalities regions. The CSI is intended as a triage-
based computational indicator to support process assistance
and prioritization rather than as a clinically validated measure
of disease severity. Although the reported performance met-
rics demonstrate strong computational capability and engineering
robustness, claims of clinical reliability are currently precluded
due to the dataset’s lack of patient-level identifiers and the
resulting challenges in implementing patient-wise data splitting.
Consequently, the findings are interpreted as engineering perfor-
mance validation, and any potential impact on patient outcomes
remains hypothetical. Clinical applicability and outcome-level
benefits will require future patient-level evaluation and formal
clinical studies.

In summary, this study provides an excellent technical
basis for the design of an Al diagnostic system in real time
while maintaining privacy and being edge-centric. The areas that
future research will address include clinically based evaluation
of the solution, severity prediction models considering artifacts,
inclusion of explainable AI concepts, and hardware acceler-
ation through Field-Programmable Gate Array (FPGA)-based
solutions like Xilinx Kria.
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