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Abstract:

The medical imaging has been improving at a rapid pace. generated a tremendous need to have
automated diagnostic tools. that support clinicians in stressful surroundings. This paper launches the
Medical Image Analyzer, a strong Al-based solution. tion of anomalies and the segmentation thereof with
automated detection and segmentation. in X-ray and MRI images. With the help of hybrid architecture of
ResNet-50 to have high accuracy and U-Net to be more precise. the system achieves an average accuracy
of pixel-level segmentation. 94.2%. The model is installed through a deployment to provide clinical
portability. Python flask backend with Kotlin Android interface. Results of experiments illustrate that the
system effectively, it offers a reliable second-opinion to radiologists. minimizing diagnostic workload and
shortening work with patient time.
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architecture used to do inference. The data

I. INTRODUCTI AP o -
NTRODUCTION acquisition tier deals with ingestion of DICOM and

This document is a template. Modern diagnostics
is one of the supports of medical imaging, but the
risk of the high flow of the scans per radiologist.
fatigue-induced oversight. The in resource-
constrained areas, the Specialists/Patients ratio is
still excessively low causing. Urgent time lapses in
care. The proposed study would fill this gap. gap
with the creation of an end-to-end analyzer that can
be real-time. processing in edge devices, having
high sensitivity to pathological detection.

II. PROPOSED METHODOLOGY

A. System Architecture

The suggested system is based on the modular
three tier archi- low-latency inference The

ingestion of pre- OpenCV-based images. processing.
The inference level can use Flask backend to host.
the presentation tier is what gives the deep learning
models. a Kotlin-based mobile dashboard.

B. Deep Learning Pipeline Hybrid

In order to acquire both Ilocalization and
diagnostic classification, we introduced a two-
model pipeline.

1) U-Net Segmentation:

The U-Net, as shown in Fig. 1 is as follows.
architecture makes use of a contracting and
expanding symmetries. path. This enables the
global context capturing and providing accurate
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maximum-resolution localization of tumors. or
lesions.

input

output
image e
a[ﬂe * 'I'i segmentation

N
U

“l

- =

=»conv 3x3, ReLU
copy and crop

D — —1

L]
Bl
=

§ max pool 2x2
4 up-conv 2x2
= conv 1x1

Fig. 1 U-Net structure that illustrated the symmetrical encoder-decoder

structure. to segment biomedical images in high resolutions.

2) ResNet-50 Classification: To determine particular patholo-
we have used ResNet-50, gies. The fundamental innovation of
this is as follows. The identity is used in the residual block
(Fig. 2) model. shortcuts or “skip-connections.”This
mechanism mitigates the aborting gradient issue, with encoder
deeper feature. extraction with no performance deterioration.
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Fig. 2 Looking at the identity mapping of job block and reusing the
information, such that the learning block is still stable. deep network training

on gradient flow.

III. IMPLEMENTATION AND TRAINING

Python 3.9 and Tensor- Flow. were used to
develop the backend. In the case of the mobile
application, Kotlin and Jetpack. Compose was used
to make it a responsive Ul. Data was histogram
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equalized and normalized to a [0, 1] range. to
increase radiographic contrast. The optimisation
employed the. for Adam using a binary cross-
entropy loss:

N
€=~ lloa(d) + (1 —w)log(1 — 9] (D
IV. EXPERIMENTAL RESULTS

The model was tested on varying data sets, such
as MRIs of the chest, brain. The performance
measures are cumulative ones. marized in Table L.

TABLEI
ACROSS MODALITIES PERFORMANCE OF MODEL
Modality ACROSS MODALITIES PERFORMANCE
OF MODEL
Accuracy Precision F1-Score
Chest X-ray | 94.2% 92.8% 93.9%
Brain MRI 92.5% 91.0% 92.2%
Limb X-ray | 95.8% 94.5% 95.3%

As presented in Fig. 3, the model stabilized in
less than time. 50 epochs. Mean inference Time on
edge Hardware. was documented at 1.8 seconds,
which guaranteed fast diagnostics. feedback.

V. CONCLUSION

The Medical Image Analyzer is able to prove that.
the combination of hybrid CNN designs with
mobile architecture. Healthcare problems can be
solved using computing. By The accuracy of more
than 94 per cent has been attained in various
modalities. system offers an effective clinical aid
tool. Future growth will be based on Explainable Al
(XAI) with Grad-CAM visualizes to give evidence
of Al-generated. diagnostic flags.
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@ Fig. 3. Training vs. Validation measures of model convergence and
Model accuracy i Model loss . N

: L Thaiite absence of significant overfitting.
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