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Abstract—This paper presents a novel end-to-end framework
for automated brain tumor analysis and reporting in Low-Grade
Gliomas (LGG). It addresses the challenge of bridging the gap
between image analysis and clinical reporting by integrating
deep learning-based segmentation with large language models. A
VGG19-UNet architecture is used to segment brain tumors from
MRI scans, achieving state-of-the-art results (Dice: 0.907 and
IoU: 0.829). Then, the segmentation output is processed through
a feature extraction module that quantifies tumor size, location,
shape, and boundaries. These features are transformed into struc-
tured prompts for a generative AI model, which produces detailed
medical reports in radiological language. A dual-phase evaluation
combining quantitative metrics and expert radiologist review
confirms that the generated reports are clinically accurate and
well-structured. This framework offers a step toward reducing
radiologist workload while maintaining diagnostic quality, with
applications in workflow optimization, reporting standardization,
and support in resource-limited or high-volume environments.

Index Terms—Brain Tumor Segmentation, Low-Grade Glioma,
VGG19-UNet, Large Language Models, Vision Language Models.

I. INTRODUCTION

Accurate detection and segmentation of low-grade gliomas
(LGG) from Magnetic Resonance Imaging (MRI) scans are
vital for effective diagnosis, treatment planning, and disease
monitoring in neurooncology [1]. LGGs are particularly chal-
lenging to analyze due to their slow progression, infiltrative
growth, and subtle appearance within brain tissue [2]. These
tumors often present with low contrast and poorly defined
margins, especially in T1-weighted MRI sequences, making
it difficult to distinguish them from surrounding healthy struc-
tures. In clinical practice, segmentation is typically performed
manually by radiologists, a process that is not only time-
intensive, but also subject to considerable variability between
and within observers. Factors such as subjective interpretation,
differing level of experience, and fatigue contribute to this
inconsistency, reducing the reliability and efficiency of diag-
nosis, particularly in settings with limited medical resources.

Traditional methods for identifying brain tumors depend
mainly on manual delineation by radiologists [3]. This process
takes a lot of time and can vary from one expert to another, or
even for the same person at different times. These differences
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occur due to subjective evaluation and levels of experience.
As a result, the diagnostic process can become less reliable,
especially in hospitals with limited resources where quick and
accurate results are needed. Another major challenge is the
lack of large, high-quality datasets with well-labeled tumor
images, making it difficult to train powerful deep learning
models [4]. LGGs are especially difficult to segment because
they often have unclear borders, irregular shapes, and appear
similar to healthy brain tissue. Despite these issues, deep
learning offers promising solutions by helping automate tumor
detection and improve accuracy in medical image analysis [5].
Given the complexity of segmenting brain tumors, there
is increasing interest in developing automated solutions to
improve both efficiency and accuracy. Traditional machine
learning techniques such as k-Nearest Neighbors (KNN),
Random Forests (RF), and Support Vector Machines (SVMs)
have been explored for this purpose . While these methods
offer some success, they often depend on handcrafted features
and exhibit limited adaptability when faced with the wide
variability in tumor appearance and morphology. In contrast,
recent advances in deep learning, particularly Fully Convolu-
tional Networks (FCNs) and U-Net-based architectures, have
demonstrated superior performance in medical image segmen-
tation. These models are capable of automatically learning
multi-level, hierarchical feature representations directly from
imaging data, reducing the reliance on manual feature engi-
neering and improving generalization across diverse datasets.
To address these challenges of LGG tumor segmentation
and reporting, we propose BrainReportAl, a novel hybrid
framework that integrates advanced deep learning techniques
with generative artificial intelligence.
¢ VGG19-UNet Architecture for Segmentation: Brain-
ReportAl leverages a VGG19-UNet model where the
encoder is a pre-trained VGG19 network. This enables
efficient feature extraction from T1-weighted MRI scans,
leading to high segmentation accuracy.
o Post-Segmentation Analytics for Clinical Insight: Af-
ter tumor segmentation, the system extracts clinically
relevant features, including tumor centroid, area, mean



intensity, and shape descriptors.

o Automated Report Generation based on Visual-
Language Integration: BrainReportAl integrates Gemini
Pro Vision, a large vision language model, to generate
human-readable clinical reports directly from the segmen-
tation output. This reduces the burden on clinicians and
improves reporting efficiency.

II. RELATED WORK

Recent studies have focused on improving MRI-based seg-
mentation of LGG using advanced deep learning models [7],
[8]. In fact, R2A-UNet introduces a U-Net-based architecture
enhanced with residual blocks and dual attention mechanisms,
namely Normalized Channel Attention (NCA) and Normalized
Spatial Attention (NSA) [9]. This approach aims to improve
segmentation accuracy by capturing both global and local con-
textual information. However, the computational complexity
associated with these dual attention mechanisms may pose
challenges for real-time clinical application.

Furthermore, another study combines deep learning with
preprocessing steps such as normalization, rescaling, and
data augmentation, along with radiogenomics to link imaging
features to genetic markers [10]. This approach provides a
more comprehensive view of tumor biology and potential for
precision medicine. However, integrating genetic data may not
be practical in all clinical settings, limiting its widespread use.

In addition, a comparative study of different deep learning
architectures, DeepLabV3+, U-Net, and a modified version
of SegFormer, demonstrates the strengths and weaknesses of
each model for LGG segmentation [11], [12]. The modified
SegFormer, which replaces the MLP decoder with transposed
convolutions, shows promising results. However, it suffers
from high memory usage, which limits scalability. Further-
more, the improvements observed with this model are dataset-
specific, which means that it may not generalize well to less
standardized clinical MRI data.

MUNet [13], a novel framework combining U-Net with
Mamba networks, features an SD-SSM module for capturing
both global and local features and uses a hybrid loss function
that integrates multiple metrics for enhanced segmentation ac-
curacy. While promising, the approach introduces complexity
that could hinder efficient training. Moreover, the reliance on
specific loss functions, such as boundary loss, might limit
its effectiveness when dealing with tumors that have highly
irregular shapes, which are common in clinical practice.

Finally, an enhancement to ResNet-based models incorpo-
rates an EfficientNetBO encoder and a channel attention mech-
anism, along with Atrous Spatial Pyramid Pooling (ASPP) to
improve segmentation performance [14]. While this method
shows improvements over baseline models, it is highly sen-
sitive to the quality of pre-trained features, which may not
always capture the unique characteristics of LGG tumors.
Furthermore, challenges persist in accurately delineating tu-
mor boundaries, indicating the need for further refinement in
segmentation precision.

These studies show various deep learning approaches for
LGG tumor segmentation. A common theme is improving
model performance through better architectures, attention
mechanisms, and multi-modal integration. However, complex-
ity, scalability, and generalizability are important challenges
for clinical adoption.

III. PROPOSED FRAMEWORK PIPELINE: BRAINREPORTAI

The BrainReportAl framework integrates a deep learning-
based segmentation module with a generative language model
to enable end-to-end analysis and reporting of LGG from T1-
weighted MRI scans. The pipeline, executed on an NVIDIA
A100 GPU with 40 GB of memory, processes input MRI
slices at a resolution of 256 by 256 pixels, performing tumor
segmentation, radiologically relevant feature extraction, and
natural language report generation in under 5 seconds per
case. The segmentation module employs a VGG19- UNet
architecture, leveraging pre-trained convolutional features for
precise tumor delineation. Postsegmentation, a feature ex-
traction module quantifies tumor characteristics, which are
subsequently transformed into structured prompts for Gemini
Pro Vision, a vision-language model that generates detailed
radiological reports. The complete workflow is shown in Fig.
1, illustrating the sequential stages from input preprocessing
to clinical report output.

A. Image Preprocessing and Data Preparation

Preprocessing ensures robustness and consistency of T1-
weighted MRI scans sourced from the LGG-MRI Segmen-
tation dataset. Each input image undergoes intensity normal-
ization to achieve zero-mean and unit-variance, computed as

I—p

Inorm = y (1)
g

where I is the original intensity, p is the mean intensity
across the image, and o is the standard deviation, mitigating
variability across different MRI scanners. Images are resized to
256 by 256 by 3 pixels using bicubic interpolation to align with
the VGG19 input requirements, preserving spatial integrity.

To enhance model generalization, a data augmentation
pipeline applies random transformations during training: ro-
tations up to 15 degrees, horizontal and vertical flipping, and
additive Gaussian noise with a standard deviation of 0.01. A
custom TensorFlow DataGenerator class batches images and
corresponding masks (batch size of 16), dynamically loading
and standardizing data on-the-fly. Masks are binarized post-
standardization with a threshold greater than 0, ensuring binary
labels for tumor (1) and non-tumor (0) regions. The generator
shuffles the indices at the end of each epoch, maintaining
a balanced representation of tumor-present and tumor-absent
cases, as determined by a maximum intensity check on the
mask.

B. VGGI19-UNet Segmentation

The segmentation module investigates a VGG19-UNet ar-
chitecture, combining the feature extraction capabilities of
a pre-trained VGG19 encoder with a U-Net decoder for
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Fig. 1. Architecture of the BrainReportAl framework, showing the pipeline from Input MRI to clinical report generation.

precise LGG tumor delineation. The VGG19 encoder, pre-
trained on ImageNet, consists of 16 convolutional layers
organized into five blocks with channel depths of 64, 128,
256, 512, and 512, respectively. Each block employs 3 by 3
convolution kernels with ReLU activation, followed by 2 by
2 max-pooling (stride 2) to reduce spatial dimensions while
capturing hierarchical features. Skip connections are sourced
from layers blockl_conv2, block2_conv2, block3_conv4, and
block4_conv4, preserving fine-grained spatial information for
the decoder.

The U-Net decoder mirrors the encoder with five upsam-
pling blocks, each using 2 by 2 transposed convolutions (stride
2) to recover spatial resolution. A custom conv_block function
applies two 3 by 3 convolutions per block, each followed by
BatchNormalization and ReLU activation, enhancing feature
refinement. Skip features are concatenated with upsampled
outputs via a Concatenate layer, ensuring multi-scale feature
integration. The final layer applies a 1 by 1 convolution with
sigmoid activation, producing a binary segmentation mask
where pixel values represent tumor probabilities. The model,
implemented in TensorFlow, comprises 23.5 million trainable
parameters, optimized for LGG’s infiltrative boundaries.

Training spans 60 epochs using the Adam optimizer with
an initial learning rate of 0.001, dynamically adjusted via a
ReduceLROnPlateau callback (factor 0.2, patience 10, mini-
mum delta 0.0001) to prevent overfitting. The loss function is
a custom Dice loss, defined as

Dice Loss = 1 — dice_coef, 2)

where

. 2 - intersection + €
dice_coef = - , 3
union + €

with € = 10~7 for numerical stability, intersection as the sum
of element-wise products of ground truth and prediction, and
union as the sum of their individual sums. Additional metrics
include Intersection over Union (IoU),

intersection + €

iou_coef = —; - - )
union — intersection + €

“4)

and Early stopping (patience 30) and model checkpointing
ensure convergence, typically within 50 epochs on a 300-scan
training set.

C. Post-processing and Feature Extraction

Post segmentation analytics extract radiologically relevant
features from the binary mask (threshold ¢ 0.5) using OpenCV
and SciPy libraries, running in under 2 seconds per scan.
Tumor size is computed as the pixel count of the segmented
region, approximated in physical units as

Size (mm?) = pixel count x (pixel spacing)?, 5

assuming a pixel spacing of 1 mm (pending DICOM meta-
data integration). The tumor centroid is derived from image

moments,
mio MMo1
(IcayC) = ( bl ) I (6)
moo ™Moo

where m,,, are raw moments, providing precise localization.
Shape features include circularity,
4T A

C= p2 (7)
where A is the tumor area and P is the perimeter from contour
analysis, and aspect ratio, computed as the width-to-height
ratio of the bounding box. Circularity below 0.7 indicates
irregular shapes, which is critical for the LGG assessment.



Intensity analysis quantifies tumor heterogeneity by com-
puting the mean intensity of tumor voxels, contrasted against
a 5-voxel dilated surrounding region via

Teontrast = J-Imﬂ; )]

surround

normalized to 1 if Iggoumd = 0. Standard deviation and
intensity range are also calculated to assess tissue variability.
Anatomical localization categorizes the tumor region (e.g.,
anterior left) based on centroid coordinates relative to im-
age dimensions. A confidence score, derived as the mean
prediction probability, is categorized into tiers (e.g., (0.8 as
very high), increasing diagnostic reliability. These features
are consolidated into a structured dictionary for downstream
reporting.

D. Prompt Engineering for Vision-Language Integration

The Gemini prompt is engineered to instruct the model as
a neuroradiologist, focusing on abnormalities, tumor charac-
teristics, clinical impressions, and next steps in medical termi-
nology. It includes metrics (e.g., tumor size, brain region, con-
fidence) to contextualize the visual input. Iterative refinement
ensured specificity (e.g., precise descriptors) and generality
(e.g., avoiding dataset-specific biases). A low temperature (0.2)
ensures deterministic outputs, while a 1000-token limit sup-
ports detailed reports. Structured prompts improve consistency,
critical for clinical adoption.

E. Automated Report Generation

The reporting module leverages Gemini Pro Vision, a multi-
modal vision-language model, to generate radiological reports
from segmentation outputs and extracted features. A visual
report is first created using the create_visual_report function,
combining the original MRI, a segmentation overlay (threshold
{ 0.5, highlighted in a hot colormap), and a metrics panel
displaying tumor size, location, shape regularity, and confi-
dence category. The overlay includes a blue circular marker
at the centroid (radius 10 pixels), enhancing interpretability.
The visualization is encoded as a base64 PNG image for API
integration.

Features are formatted into a structured prompt for Gemini
Pro Vision (model: gemini-1.5-flash), instructing it to act as
a neuroradiologist and describe abnormalities, tumor charac-
teristics, clinical impressions, and next steps using medical
terminology. The prompt includes metrics such as tumor size
(in pixels and mm?), brain region, and shape regularity, en-
suring comprehensive input. The model processes the prompt
and image with a temperature of 0.2 and a maximum of 1000
tokens, prioritizing precision in output generation.

The generate_report_with_gemini function handles API
interactions, returning a text report that is formatted by
format_final_report into a standardized structure with sec-
tions for segmentation metrics, radiological interpretation,
and a disclaimer. The end-to-end pipeline, implemented in
end_to_end_report_generation, achieves a latency of 4.8 sec-
onds per case on a 100-scan test set, demonstrating real-time
applicability for clinical workflows.

IV. EXPERIMENTS AND RESULTS
A. Data

The proposed BrainReportAl framework was evaluated us-
ing Tl-weighted MRI scans from the LGG Segmentation
Dataset, a publicly available repository focused on LGG. This
data set comprises 1,373 brain sagittal magnetic resonance
imaging scans, providing a lateral perspective that highlights
tumor regions with varying contrast and boundaries, charac-
teristic of LGG. The dataset was split into 70% for training
(961 images), 15% for validation (206 images), and 15% for
testing (206 images). Of the test set, 100 images were used
to compute final segmentation metrics (Dice and IoU), while
the remaining 106 were reserved for qualitative analysis. The
heterogeneity of the dataset, including variations in tumor
size, shape, and intensity, poses a challenging scenario for
segmentation, making it an ideal testbed for assessing the
robustness of our method.

B. Implementation Details

The VGG19-UNet model was implemented using Tensor-
Flow and Keras, with the encoder leveraging a pre-trained
VGG19 backbone on ImageNet, consisting of 16 convolutional
layers across five blocks for hierarchical feature extraction.
The decoder mirrors this structure with upsampling layers
and skip connections to preserve spatial details, culminating
in a sigmoid-activated output for binary tumor segmentation.
The model was trained on an NVIDIA A100 GPU with 40
GB of memory, using an input shape of 256 by 256 by
3 pixels. We employed the Adam optimizer with an initial
learning rate of 0.001, adjusted via a ReduceLROnPlateau
callback (factor 0.2, patience 10, minimum delta 0.0001).
Training spanned 60 epochs with a batch size of 16, monitored
using a custom Dice loss defined as 1 — dice_coef, where
dice_coef = (2 - intersection + ¢) /(union + ¢€), with € = 10~7.
Early stopping (patience 30) ensured convergence, typically
within 50 epochs, as shown in the training and validation loss
plot (Fig. 2).
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Fig. 2. Training and validation loss (left) and Dice coefficient (right) over 60
epochs for the VGG19-UNet model.

C. Comparison with Other State-of-the-Art Models

We compared BrainReportAl against recent state-of-the-art
methods for brain tumor segmentation, specifically focusing
on those outperformed by our approach in terms of Dice and
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Fig. 3. Qualitative comparison showing (from left to right): original brain MRI, ground truth mask, BrainReportAl-predicted mask, MRI with ground truth

overlay, and MRI with BrainReportAl prediction overlay.

IoU metrics, to underscore the superiority of our VGG19-UNet
architecture.

Fig. 3 provides a compelling qualitative example, showcas-
ing the original MRI, ground truth mask, and predicted mask,
which vividly demonstrates BrainReportAI’s ability to accu-
rately delineate LGG tumor regions with minimal deviation.

As quantified in Table I, BrainReportAl achieved a Dice
coefficient of 0.907 and an IoU of 0.829 on the LGG test set,
significantly surpassing MADR-Net [14] with a Dice of 0.702
and IoU of 0.581, and Enhanced ResNet [15] with a Dice of
0.797 (IoU not reported). These results highlight the archi-
tectural advantage of our pre-trained VGG19 encoder, which
extracts richer feature representations than the shallower or
less optimized networks in competing methods, coupled with
the U-Net decoder’s multi-scale feature integration via skip
connections—a combination absent in MADR-Net’s residual
approach or Enhanced ResNet’s channel attention mechanism.
Beyond segmentation, BrainReportAl’s integration with Gem-
ini Pro Vision for real-time clinical reporting and its post-
processing analytics for quantifiable tumor metrics (e.g., vol-
ume, location) set it apart from prior works, which typically fo-
cus solely on segmentation without end-to-end clinical utility.
This holistic approach not only enhances diagnostic accuracy
but also reduces clinician workload, offering a transformative
tool for LGG management.

V. DISCUSSION

Clinical Relevance and Limitations: To assess the clinical
applicability of BrainReportAl, we collaborated with radiolo-
gists to qualitatively evaluate the segmentation outputs and

TABLE I
COMPARISON OF BRAIN TUMOR SEGMENTATION PERFORMANCE ON MRI
SCANS (METHODS OUTPERFORMED BY BRAINREPORTAI)

Method Dice (DSC) ToU
MADR-Net [14] 0.702 0.581
Enhanced ResNet [15] 0.797 N/A
BrainReportAl (Ours) 0.907 0.829

generated reports on a subset of 20 test images. The VGG19-
UNet architecture’s precision was validated, with segmented
tumor regions accurately delineating LGG boundaries in 85%
of cases (17 out of 20), particularly excelling in the anterior
and posterior brain regions due to its robust feature extraction
capabilities. The automated reports, powered by Gemini Pro
Vision, were rated highly relevant, providing precise descrip-
tions of tumor size, location, and shape, a direct result of our
post-processing analytics that other methods lack. This end-
to-end pipeline not only matches but often exceeds human
performance in standard cases, as noted by experts who
found it challenging to distinguish original from segmented
images. However, limitations arise with low-contrast tumors,
where the model occasionally under-segments small regions,
a challenge mitigated by our use of pre-trained features but
requiring further refinement. The dataset’s focus on sagittal
T1-weighted MRI also limits modality diversity, unlike multi-
modal approaches in some works (e.g., BraTS datasets), yet
our single-modal focus optimizes computational efficiency
for real-time use. Future work will leverage multi-modal
integration and larger datasets, building on our architecture’s



proven adaptability to enhance clinical robustness.

VI. CONCLUSION

We proposed BrainReportAl, a comprehensive end-to-end
framework that unifies deep learning-based tumor segmenta-
tion and automated clinical reporting for Low-Grade Gliomas
(LGG). At its core, the framework leverages a VGG19-UNet
architecture for high-fidelity MRI segmentation, a robust post-
processing module for quantitative tumor analysis, and Gemini
Pro Vision, a vision-language model, to generate standardized
radiological reports in real time. This hybrid pipeline achieved
strong empirical results on the LGG Segmentation Dataset,
with a Dice coefficient of 0.907 and an IoU of 0.829, signifi-
cantly outperforming state-of-the-art methods such as MADR-
Net [14] and Enhanced ResNet [15], and was further validated
by expert radiologist assessments.

BrainReportAl demonstrates strong potential for clinical
deployment in neuro-oncology workflows, particularly in
resource-constrained or high-throughput environments where
automation, speed, and diagnostic reliability are crucial. Its
ability to extract interpretable tumor metrics—such as size,
centroid, and morphological features—bridges the gap be-
tween raw image outputs and clinically meaningful insights,
thereby reducing radiologist workload while supporting con-
sistent decision-making.

Looking forward, we envision several strategic extensions
of this work. These include integrating multimodal MRI se-
quences (e.g., T2, FLAIR) to enhance robustness across tumor
phenotypes, embedding radiologist feedback loops for iterative
refinement of both segmentation and report generation, and
enabling interactive, real-time report editing through clinician-
guided prompting. We also aim to incorporate a treatment
recommendation module that translates tumor descriptors into
actionable care plans (e.g., surgical vs. radiotherapy protocols),
supported by clinical ontologies and guidelines.

Additionally, recent advancements using Vision Mamba ar-
chitectures with soft label supervision show promise in captur-
ing nuanced tumor boundaries while improving generalization
to real-world datasets [16]. Incorporating such techniques
could further enhance BrainReportAl’s performance. Finally,
future deployments will target edge-compatible optimization
and diverse patient populations, paving the way for scalable,
explainable, and accessible diagnostic Al in real-world health-
care systems.

APPENDIX
Appendix A: Abbreviations
LGG : Low-Grade Glioma
MRI : Magnetic Resonance Imaging
VGG : Visual Geometry Group (CNN architecture)
UNet : U-shaped Convolutional Neural Network
IoU : Intersection over Union
DSC : Dice Similarity Coefficient
FCN : Fully Convolutional Network
ASPP : Atrous Spatial Pyramid Pooling

ReLU : Rectified Linear Unit
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