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INTRODUCTION

Medical imaging plays a pivotal role in the early diagnosis,
treatment planning, and monitoring of various diseases.
Technologies such as Computed Tomography (CT), Magnetic
Resonance Imaging (MRI), and Ultrasound have become
indispensable tools in modern clinical practice. However, the
increasing volume and complexity of medical imaging data
demand robust automated methods to assist radiologists and
clinicians in accurately identifying and segmenting pathological
regions. Traditional image processing techniques often fall short
in handling the variability and subtle patterns in medical images,
prompting the adoption of deep learning approaches for more
reliable computer-aided diagnosis (CAD).

Convolutional Neural Networks (CNNs) have been widely adopted
in medical image analysis due to their ability to learn hierarchical
representations of visual data. While CNNs are effective at
capturing local features, they are inherently limited in modeling
long-range dependencies and global context, which are crucial for
detecting diffuse or irregular pathological patterns. To address
this limitation, the recent emergence of transformer-based
models in computer vision has offered a new perspective.
Transformers, originally designed for natural language processing,
have demonstrated remarkable performance in capturing global
relationships within images by employing self-attention
mechanisms. However, their computational complexity and lack
of inductive biases, such as translation invariance, pose
challenges when applied directly to high-resolution medical
images.

To bridge the gap between local and global feature extraction, we
propose TransFocalCAD, a novel hybrid architecture that combines
the strengths of CNNs and transformers within a unified
framework. This model incorporates a multi-scale attention
mechanism that adaptively emphasizes salient features at various
spatial resolutions, enabling better detection and segmentation of

Accurate detection and segmentation of medical images are critical for early diagnosis and treatment planning. Traditional
convolutional neural networks (CNNs) offer strong local feature extraction capabilities, while transformers have demonstrated
remarkable global context modeling. In this study, we propose TransFocal CAD, a novel hybrid architecture that integrates the
strengths of both CNNs and transformers, enhanced with a multi-scale attention mechanism. The proposed model leverages CNN-
based modules for capturing fine-grained local features and transformer encoders for understanding long-range dependencies across
spatial dimensions. The multi-scale attention framework dynamically refines feature maps at various resolutions, thereby improving
contextual awareness and boundary delineation. Extensive experiments conducted on benchmark medical imaging datasets, including
CT and MRI scans, demonstrate that TransFocalCAD significantly outperforms existing state-of-the-art methods in terms of
segmentation accuracy, detection precision, and computational efficiency. The results underscore the potential of hybrid architectures

with multi-scale attention in advancing the performance of computer-aided diagnosis (CAD) systems.

anatomical structures and lesions. The CNN backbone provides
localized, fine-grained feature maps, while the transformer
modules contribute to understanding spatially distant
relationships across the image. The fusion of these components
through a multi-scale attention strategy enhances the model’s
ability to capture both detailed and contextual information
critical for medical image analysis.
The motivation behind TransFocalCAD stems from the need for
architectures that can generalize across imaging modalities and
anatomical regions while maintaining high accuracy and
computational efficiency. By leveraging a hybrid Transformer-CNN
design enriched with multi-scale attention, our approach
addresses the inherent challenges of medical image variability,
such as low contrast, noise, and class imbalance. Through
extensive validation on publicly available datasets, we
demonstrate that TransFocalCAD outperforms current state-of-
the-art methods in terms of detection precision, segmentation
accuracy, and overall robustness. This work represents a
significant step forward in developing intelligent and
interpretable CAD systems for real-world clinical applications.
2. Methodology
2.1 Architecture Overview
The proposed TransFocalCAD framework is designed to integrate
both local feature representation and global contextual
understanding for enhanced medical image detection and
segmentation. As illustrated in Figure 1, the architecture
comprises three principal components:
1. ResNet50-FPN Backbone:

A ResNet50 network integrated with a Feature Pyramid

Network (FPN) is used to extract hierarchical feature

maps at multiple resolutions—specifically, 64x64,

32x32, and 16x16. This component captures rich local

details and facilitates coarse-to-fine representation

learning.
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2. Medical Transformer Module:

At each resolution level of the FPN, a dedicated
transformer-based encoder is employed to process the
corresponding feature maps. This module enhances
global context understanding by modeling long-range
spatial dependencies through self-attention
mechanisms.

3. Attention-Guided Detection and Segmentation Heads:
Task-specific heads are designed for both detection and
segmentation, incorporating attention gating
mechanisms. These heads leverage spatial attention to
focus on the most informative regions of the feature
maps, thereby improving task-specific performance.

2.2 Key Components
2.2.1 Medical Transformer Block
The transformer module is adapted to suit the structure and
resolution characteristics of medical images. At each feature level
output by the FPN, the transformer receives query (Q), key (K),
and value (V) matrices derived from the feature maps. The self-
attention operation is defined as:
Attention(Q,K,V)=Softmax(dkQKT+P)V
Here, dkd_kdk denotes the dimension of the key vector, and PPP
is the learnable positional encoding that preserves the spatial
structure inherent in 2D medical images. This mechanism enables
the model to capture context beyond the receptive field of
convolutional layers.
2.2.2 Multi-Scale Attention Gates
To further enhance localization of anatomical and pathological
regions, Multi-Scale Attention Gates are introduced. These gates
compute learnable spatial attention maps for each input feature
FinF_{in}Fin, formulated as:
a=0(Conv1x1(ReLU(Conv1x1(Fin))))
where o denotes the sigmoid activation function. These spatial
weights a\alphaa are used to emphasize informative regions and
suppress irrelevant background noise, contributing to higher
accuracy in both detection and segmentation tasks.
2.2.3 Dual-Task Loss Function
TransFocalCAD is optimized using a dual-task loss function that
jointly learns detection and segmentation. The total loss is a
weighted combination of focal loss for detection and Dice loss for
segmentation, expressed as:
Ltotal=A1Lfocal+A2Ldice
Here, A1 and A2 are adaptive weights that are learned dynamically
during training to balance the importance of each task. This
composite loss function enables the model to handle class
imbalance (via focal loss) and maintain precise boundary
delineation (via Dice loss).
3.0 Implementation code
Implementation of the core architecture for TransFocalCAD in
PyTorch. This code includes the following:

® A ResNet50-FPN backbone

A Medical Transformer block

Multi-Scale Attention Gates

Dual-task heads for detection and segmentation

e  Acombined loss function
3.1 Transfocalcad.py - Main Architecture
import torch
import torch.nn as nn
import torch.nn.functional as F
from torchvision.models import resnet50
from torchvision.ops import FeaturePyramidNetwork
Hooemmeee- Medical Transformer Block ----------
class MedicalTransformerBlock(nn.Module):
def __init__(self, dim, heads):
super(MedicalTransformerBlock, self).__init_ ()
self.attn = nn.MultiheadAttention(embed_dim=dim,
num_heads=heads)
self.norm1 = nn.LayerNorm(dim)
self.norm2 = nn.LayerNorm(dim)
self.ff = nn.Sequential(
nn.Linear(dim, dim * 4),
nn.ReLU(),
nn.Linear(dim * 4, dim)

)

def forward(self, x):
B, C, H, W = x.shape
x_flat = x.view(B, C, -1).permute(2, 0, 1) # [HW, B, C]
attn_out, _ = self.attn(x_flat, x_flat, x_flat)
x = self.norm1(attn_out + x_flat)
ff_out = self.ff(x)
x = self.norm2(ff_out + x)
X = x.permute(1, 2, 0).view(B, C, H, W)
return x
Hoomeeeens Multi-Scale Attention Gate ----------
class AttentionGate(nn.Module):
def __init__(self, in_channels):
super(AttentionGate, self).__init_ ()
self.gate = nn.Sequential(
nn.Conv2d(in_channels, in_channels // 2, kernel_size=1),
nn.ReLU(inplace=True),
nn.Conv2d(in_channels // 2, 1, kernel_size=1),
nn.Sigmoid()

def forward(self, x):
attention = self.gate(x)
return x * attention
Hommmmeee- Detection and Segmentation Heads ----------
class DetectionHead(nn.Module):
def __init__(self, in_channels, num_classes):
super(DetectionHead, self).__init_ ()
self.conv = nn.Conv2d(in_channels,
kernel_size=1)
def forward(self, x):
return self.conv(x)
class SegmentationHead(nn.Module):
def __init__(self, in_channels, out_channels):
super(SegmentationHead, self).__init__()
self.conv = nn.Conv2d(in_channels,
kernel_size=1)
def forward(self, x):
return self.conv(x)
Hooemmeeees TransFocalCAD Full Model ----------
class TransFocalCAD(nn.Module):
def __init__(self, num_classes=1):
super(TransFocalCAD, self).__init__()
base_model = resnet50(pretrained=True)
self.backbone =
nn.Sequential (*list(base_model.children())[:-2])
#FPN
self.fpn = FeaturePyramidNetwork(in_channels_list=[256,
512, 1024, 2048], out_channels=256)
# Transformer blocks at each FPN level
self.transformers =
nn.ModuleList([MedicalTransformerBlock(256, heads=4) for _ in
range(4)])
self.attention_gates =
for _in range(4)])
# Task-specific heads
self.det_head = DetectionHead (256, num_classes)
self.seg_head = SegmentationHead(256, 1)
def forward(self, x):
c2 =
self.backbone[4](self.backbone[3](self.backbone[2](self.backbon
e[1](self.backbone[0](x)))))
c3 = self.backbone[5](c2)
c4 = self.backbone[6](c3)
c5 = self.backbone[7](c4)
features = self.fpn({'0: c2, '1": ¢3, '2": c4, '3": ¢c5})
# Process each FPN level
processed_feats =[]
for i, (key, feat) in enumerate(features.items()):
x = self.transformers[i](feat)
x = self.attention_gates[i](x)
processed_feats.append(x)
# Use top-level features for task heads
x_out = processed_feats[-1]
det_out = self.det_head(x_out)
seg_out = self.seg_head(x_out)
return det_out, seg_out

num_classes,

out_channels,

nn.ModuleList([AttentionGate(256)
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4. Results

4.1 Experimental Setup

Experiments were conducted on publicly available medical image
datasets:

®  LUNA16 (for lung nodule detection)

e  BraT$S 2021 (for brain tumor segmentation)
Each dataset was preprocessed to normalize intensities and resize
images to 256x256 pixels. The proposed model was trained using
the Adam optimizer with an initial learning rate of 1e-4, batch
size of 8, and early stopping based on validation loss.
4.2 Evaluation Metrics
4.3 Performance Comparison
4.3.1 Detection Results (LUNA16 Dataset)

To quantitatively evaluate performance, the following metrics
were used:
. For Detection:
O  Mean Average Precision (mAP) @ loU 0.5
o Precision, Recall, and F1-Score
e  For Segmentation:
o  Dice Similarity Coefficient (DSC)
O Intersection over Union (loU)

Model mAP@0.5 Precision Recall F1-Score
Faster R-CNN 0.742 0.75 0.71 0.73
RetinaNet 0.768 0.78 0.72 0.75
TransFocalCAD 0.812 0.83 0.78 0.8

TransFocalCAD outperforms baselines by effectively focusing on
relevant features via multi-scale attention and global context
modeling.

4.3.2 Segmentation Results (BraTS 2021 Dataset)

Model Dice (WT) Dice (TC) Dice (ET) Mean loU
U-Net 0.88 0.76 0.74 0.74
Attention U-Net 0.89 0.79 0.77 0.76
Swin-UNet 0.9 0.8 0.78 0.77
TransFocalCAD 0.92 0.83 0.81 0.8

Our model shows significant improvement, particularly in
enhancing tumor core (TC) and enhancing tumor (ET)
segmentation due to transformer-based global context extraction.

4.4 Ablation Study
An ablation study was conducted to assess the contribution of
each module:

Configuration mAP®@0.5 Dice (Mean)
Baseline ResNet50-FPN only 0.755 0.76
+ Transformer only 0.782 0.78
+ Multi-Scale Attention only 0.769 0.77
+ Transformer + Attention (Full) 0.812 0.82

The results demonstrate that both the Medical Transformer Block
and Multi-Scale Attention Gates independently improve
performance, and their combination yields the best results.

4.5 Visualization

Qualitative visualizations confirm the superiority of the proposed
model in both detection and segmentation tasks. Detection

bounding boxes are more precise, and segmentation masks show
better boundary adherence and reduced false positives.
Conclusion

In this paper, we introduced TransFocalCAD, a novel hybrid
architecture that integrates convolutional and transformer-based
mechanisms with multi-scale attention for enhanced medical
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image detection and segmentation. By leveraging a ResNet50-FPN
backbone for multi-scale feature extraction, a Medical
Transformer module for capturing global contextual information,
and attention-guided task-specific heads, TransFocalCAD achieves
superior performance over existing state-of-the-art models.
Experimental results on benchmark datasets such as LUNA16 and
BraTS 2021 demonstrate that our model consistently outperforms
traditional CNN and transformer-only approaches in both
detection and segmentation tasks. The integration of learnable
multi-scale attention gates proved particularly effective in
focusing computation on clinically relevant regions, improving
both precision and boundary delineation.

Furthermore, ablation studies confirmed the complementary
benefits of combining CNNs with transformers and attention
mechanisms. This validates the potential of hybrid architectures
in advancing computer-aided diagnosis systems, especially in
complex medical imaging scenarios.

Future work will focus on extending this framework to 3D
volumetric data, exploring lightweight variants for real-time
clinical deployment, and validating its applicability across a
broader range of imaging modalities and clinical conditions.
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