Progressive Optimization of HydralLA-Net for
Microaneurysm Segmentation
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Abstract—Microaneurysms are the earliest detectable sign
of diabetic retinopathy, yet automated segmentation remains
challenging due to their small size, low contrast, and severe
class imbalance in fundus images. In this work, we extend the
Lesion-Aware Network (LLA-Net) with class-specific prediction
heads to reduce gradient competition during training. We conduct
an experimental study on preprocessing techniques, including
CLAHE variants, and imbalance-aware loss functions using a
progressive optimization strategy across three public datasets:
IDRiD, DDR, and TJDR. Results demonstrate improved mi-
croaneurysm segmentation while maintaining competitive per-
formance on other lesion classes, providing a practical frame-
work for enhancing early diabetic retinopathy detection. A full
implementation is available at https://github.com/jessicayuanl/
fundus-image-segmentation,

I. INTRODUCTION

Medical image segmentation has become a cornerstone of
computer-aided diagnosis, enabling clinicians to detect and
monitor disease progression with greater precision and effi-
ciency. In ophthalmology, automated analysis of retinal fundus
images offers particular promise: with over 537 million adults
living with diabetes worldwide and approximately one-fifth [1]]
developing diabetic retinopathy, scalable screening solutions
are urgently needed to prevent irreversible vision loss. Yet
despite significant advances in deep learning architectures,
reliable detection of the earliest and most subtle retinal lesions
remains an open challenge.

A. Motivation

Diabetic retinopathy is the leading cause of preventable
blindness. Among diabetic retinopathy lesions, microa-
neurysms hold particular clinical significance as they are the
earliest detectable sign of the disease [2], and their presence
of even a few microaneurysms is sufficient to diagnose mild
nonproliferative diabetic retinopathy [3]].

However, accurate segmentation of microaneurysms re-
mains exceptionally difficult. These lesions are extremely
small, often only a few pixels in diameter, and exhibit low
contrast against surrounding retinal tissue. Their subtle appear-
ance makes them difficult to distinguish from blood vessels or
imaging noise, limiting the reliability of automated systems
for early detection [4].
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B. Related Works

Segmentation Architectures

U-Net, introduced by Ronneberger et al. [5]], was the stan-
dard architecture for medical image segmentation. The stan-
dard U-Net treats all parts of the image equally, which limits
its ability to focus on small structures, which are common in
our task. Oktay et al. addressed this with Attention U-Net [6],
which learns to focus on relevant regions while suppressing
irrelevant ones. For diabetic retinopathy specifically, Xia et al.
proposed LA-Net [7]], a lesion-aware architecture designed to
better preserve and emphasize lesion-related features during
learning. We adapt this architecture for our HydralLA-Net.

Color Channels and Contrast Enhancement

Biswas et al. investigated which color channel is best for
diagnosing retinal diseases, finding that the green channel
provides the best contrast among individual channels and
the least noise for tasks like vessel segmentation. The red
and blue channels have been shown to be prone to contrast,
noise, and inappropriate exposure. Nonetheless, Biswas et al.
emphasize that all color channels play an important role in
fundus photographs [J]].

Loss Functions for Imbalanced Segmentation

Dice loss has been widely used for imbalanced segmentation
by optimizing region overlap rather than pixel-wise accuracy
[9]. However, it equally penalizes false positives and false
negatives, which is not optimal for lesion detection tasks where
missed lesions are more critical. To address this limitation,
Abraham and Khan introduced Focal Tversky loss, which
allows asymmetric penalization between false positives and
false negatives [10].

C. Problem Definition

Automated DR lesion segmentation requires identification
of four lesion classes: microaneurysms, hemorrhages, soft
exudates, and hard exudates. Among these, microaneurysms
are the most challenging due to their small size, low contrast,
and severe class imbalance.

Microaneurysms occupy only a small fraction of each
image, while background pixels dominate, biasing standard
training toward the majority class. Their few-pixel diameter


https://github.com/jessicayuan1/fundus-image-segmentation
https://github.com/jessicayuan1/fundus-image-segmentation

and subtle appearance further complicate discrimination from
vessels or imaging noise [|11]].

This difficulty is reflected in prior work. For example, on
IDRiD, LA-Net achieves an F; score of 0.243 for microa-
neurysms compared to 0.626 for hard exudates [7].

D. Our Contributions

In our work, we extend LA-Net into HydraLA-Net and
conduct a series of experimental studies to improve multi-
label diabetic retinopathy lesion segmentation. Our approach
is a progressive optimization strategy, where each variable in
each part is evaluated and the best-performing configuration,
if one is obvious, is carried forward to the next stage.

Specifically, we evaluate architectural modifications, prepro-
cessing strategies (CLAHE variants), loss functions for class
imbalance, and provide a dataset-wise analysis of performance.

All experiments are conducted in a multi-label setting,
where the model is trained to segment all four lesion types
simultaneously as four separate binary problems. Joint multi-
label training enables the model to leverage visual characteris-
tics shared across lesion classes while preserving class-specific
predictions.

As such, our experimental setup greatly differs from the
original LA-Net paper, and thus direct numerical comparisons
with the original LA-Net results are not appropriate.

II. METHODOLOGY
A. Datasets

We conduct our study on three publicly available fundus
datasets: IDRiD, DDR, and TJDR. The first two provide binary
pixel-level annotations for four lesion types, while TIDR
provides a color-coded annotation map that we decompose
into four binary masks.

IDRIiD contains 81 segmentation images with corresponding
lesion masks [[12]]. DDR includes 13,673 images, of which 757
provide segmentation masks [[13]]. TJIDR consists of 561 high-
resolution fundus images with color-coded lesion annotations
[14].
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Fig. 1. Dataset Pixel Distributions by Lesion Class
Color legend: Green = Hemorrhages (HE); Yellow = Microaneurysms
(MA); Blue = Soft Exudates (SE); Pink = Hard Exudates (EX).

The above figure shows the class imbalance in terms of the
number of pixels per lesion class. This is common for DR
datasets. This imbalance can bias learning against underrepre-
sented classes.

The IDRiD and TJDR datasets provide predefined training
and testing splits. We reserve the official testing sets for final
evaluation and perform an 80/20 split on the training sets
to obtain training and validation subsets. The DDR dataset
includes predefined training, validation, and testing splits. We
exclude the testing set and combine the training and validation
sets, followed by an 80/20 split to construct the final training
and validation subsets.

For the individual dataset analysis, we make the same 80/20
split on the training sets, but for each individual dataset. The
testing sets remain the one provided by each dataset.

TABLE I
DATASET SPLIT SIZES

Dataset | Training Set | Validation Set | Testing Set
IDRiD 43 11 27
DDR 426 106 225
TIDR 358 90 113
Total 827 207 365

B. Model Architecture

Our model is based on the Lesion-Aware (LA-Net) Net-
work [[7] which featured a ResNet-50 encoder with pretrained
Image-Net weights, and a Lesion-Aware Module (LAM) to aid
in the capturing of small details. The LAM works by utilizing
orientation-aware features and a self-attention mechanism to
direct focus to small lesions. LA-Net also contains a Feature
Preserve Module (FPM), containing a Feature Preserve Block
(FPB) and Feature Fusion Block (FFB) to maintain lesion in-
formation and the fusion of global-disease related information,
respectively. The FPB maintains multi-scale features and pre-
serves information from the encoder. The FFB progressively
aggregates features from the network and from the LAM [7]].

In our paper, we propose the addition of a Hydra Head
that splits the final segmentation head into four class-
specific prediction branches, which prevents some competi-
tion between gradients, increasing sensitivity towards microa-
neurysms. Each head consists of a 1x1 convolution, GELU
activation, and a final 1x1 convolution producing per-pixel
class probabilities.

C. Data Preprocessing and Augmentation

CLAHE (Contrast Limited Adaptive Histogram Equaliza-
tion) and its variants are applied as deterministic preprocessing
rather than augmentation. When used, transformations are ap-
plied to all training, validation, and test images for consistent
evaluation.

CLAHE enhances local contrast through tile-wise histogram
equalization with clipping to limit noise amplification. We
ablate the clip limit parameter to assess contrast strength [15].

We evaluate three CLAHE-based preprocessing variants:

o« CLAHE-L: CLAHE applied to the L channel in LAB

space, followed by conversion back to RGB.

o CLAHE-G: CLAHE applied to the green channel only.
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Fig. 2. HydralLA-Net Model Flowchart

o CASP: CLAHE on the green channel with Gaussian blur
applied to red and blue channels in an attempt to reduce
noise.

Fig. 3. Left: No CLAHE, Right: CLAHE-G

Furthermore, standard probabilistic augmentations (flips,
rotations, zoom, spatial shifts) are applied during training only.
Lastly, all pixel values are normalized using ImageNet means
and standard deviations.

D. Loss Functions

Binary Cross-Entropy (BCE) is a widely used loss func-
tion for binary tasks and is commonly applied to semantic
segmentation problems where each pixel is treated as an
independent binary prediction.

Lpcg = — [ylog(p) + (1 — y) log(1 — p)] (1)

y € {0, 1} denotes the ground-truth
p € [0,1] denotes the predicted probability

BCE measures how well predicted probabilities align with
ground-truth labels and strongly penalizes confident but
incorrect predictions. As a result, BCE encourages well-
calibrated predictions by discouraging overconfident errors
during training. However, BCE does not explicitly address
severe foreground-background imbalance, which can bias op-
timization toward the dominant background class in lesion
segmentation [[16]].

Dice Loss optimizes region overlap and is commonly used
for imbalanced segmentation. However, it assigns equal weight
to false positives and false negatives, which is suboptimal
when missed lesions are more critical [[10]].

The Tversky index (TI) improves on Dice loss by introduc-
ing two hyperparameters, « and f3, to control the penalties on
FP’s and FN’s, respectively. Setting 3 > « makes it effective
for tasks where false negatives are a greater concern than
false positives. The TI is converted into Tversky loss (TL)
by minimizing 1 - TI. When o = S, TL simplifies to dice
loss. By default, when « and (3 are scalar values, TL is not
class-imbalance aware. Explicit class-specific imbalance can
only be addressed by assigning different o/ parameters per
class as vectors [10].

- |TP(C)|
~ |TP©| + a|FP©)| + BIFN()]|

|T'P| denotes the number of true positive pixels
|F'P| denotes the number of false positive pixels
|FN| denotes the number of false negative pixels
c denotes a specific lesion class

1)

(@)

Focal Tversky Loss (FT) further extends on Tversky loss
by introducing a focusing parameter 7y, to emphasize hard,



misclassified pixels. In this study, we use only a scalar value
for v and use a mix of scalar and vector values for a/(.

1 = v
Ler = & ; (1 — TI(C)> 3)

C denotes the number of classes
~ denotes the focusing parameter
TI® denotes the Tversky Index for lesion class ¢

For our study, we define the following loss functions (v is
held constant for all loss functions at 2.0):

L£1=08Lrr +02Lpcr a=05 B=05 (4

Lr=08Lpr +02Lpcr a=04 B=06 (5
L3 =08Lpr +0.2LEcE
a=1[0.4, 0.4, 0.2, 0.4], (6)
B =104, 0.4, 0.2, 0.4]
L4=1.0Lpr
a=1[0.4, 0.4, 0.2, 0.4], ©)

B =104, 04, 0.2, 0.4]
E. Control Variables

All legs of the experiment feature the HydralLA-Net model
architecture (baseline also includes LA-Net), and constant data
(with the exception of the individual dataset analysis) from
the IDRiD, DDR, and TJDR datasets. Augmentations and
preprocessing (based on the given experiment) remain fixed.
In training, we use the Adam Optimizer with learning rate
(le-5) and weight decay (le-4). Dataloaders use a constant
batch size of 2. All models are trained for a fixed number
of 150 epochs. The ResNet-50 backbone is initialized with
ImageNet-pretrained weights. The input resolution of images
is held constant at 1024x1024 pixels. Finally, the CLAHE grid
size is kept constant at 8x8 pixels.

FE. Evaluation Metrics

We evaluate segmentation performance using recall and F}
scores.

Recall is defined as the ratio of true positives to the total
number of actual positive instances.

TP

|TP| 4 |FN]

Recall alone is insufficient to evaluate segmentation perfor-
mance, as a model that predicts all pixels as positive would
achieve perfect recall but extremely low precision. The F}
score, defined as the harmonic mean of precision and recall,
balances sensitivity with predictive accuracy. As a result, the
F} score provides a more comprehensive evaluation metric for
imbalanced segmentation tasks, and we adopt it as our primary
evaluation metric.

Recall = (3

2/TP|

F =
' 7 2|TP| + [FP| + [FN]|

©))

G. Evaluation Protocol

For each experiment, models are trained on the training split
and monitored using the validation split. The best checkpoint
is selected based on the highest averaged validation F score
and is subsequently evaluated once on the held-out test set.
The testing set is not used during training or model selection.

Model performance is evaluated using the recall and F}
scores. We report the macro-average F} score, as well as per
class. For recall, we report only the macro-average recall, as
well as recall for the microaneurysm class. We display all
scores multiplied by 100.

H. Experimental Design

We conduct four experiments following a progressive opti-
mization strategy.

e Architecture Comparison: LA-Net and HydralLA-Net
are trained under the same multi-label configuration
without CLAHE preprocessing, using L;, totalling two
configurations.

o Preprocessing Ablation: HydralLA-Net is evaluated with
three CLAHE variants (CLAHE-L, CLAHE-G, CASP)
and two clip limits (1.5, 2.5), totaling six configurations.

e Loss Function Ablation: The two best-performing
CLAHE variants and the best-performing clip limit from
the previous stage, if a clear performance advantage is
observed, are retained. We experiment using Lo, L3, and
Ly, totalling six configurations.

o Individual Dataset Analysis: We evaluate each dataset
(IDRiD, DDR, TJDR) with and without CLAHE to
assess dataset-specific effects, using the best performing
CLAHE variant and loss function, totalling six configu-

rations.

III. RESULTS & DISCUSSION

TABLE II
BASELINE PERFORMANCE

Model F Recall

Mean EX HE MA SE Mean MA
HydraLA-Net 47.5 61.8 | 51.1 | 314 | 456 47.7 39.2
LA-Net 469 | 61.0 | 49.0 | 31.2 | 464 | 48.6 | 37.7

The results indicate that the addition of the Hydra Head
module to LA-Net provides a small boost in MA recall from
(37.7 — 39.2), while overall F; performance remains largely
similar to the base model. Performance on other lesion types
is either slightly improved or maintained, with the largest gain
observed for hemorrhages. This aligns with the theoretical
basis of the segmentation head module, with its purpose being
to diminish competition between lesions.



TABLE III
CLAHE PREPROCESSING VARIATIONS

CLAHE Iy Recall
Variant | 'Mean | EX | HE [ MA [ SE [ Mean | MA
CLAHE-L
CL=15 ] 482 [ 615 [ 513 | 341 | 459 | 483 [ 372
CL=25 | 477 | 627 | 48.7 | 325 | 467 | 46.6 | 352
CLAHE-G
CL=15| 493 | 63.6 | 502 | 343 | 490 | 50.1 | 40.6
CL=25| 473 [ 624 | 49.1 | 333 | 445 | 476 [ 372
CASP
CL=15] 493 [ 61.0 [ 53.2 | 338 | 490 | 468 [ 405
CL=25 | 472 | 60.7 | 48.5 | 294 | 50.3 | 484 | 43.3

Targeted contrast enhancement through CLAHE demon-
strates measurable improvements in segmentation perfor-
mance, with green channel preprocessing (CLAHE-G) achiev-
ing the highest mean F} of 49.3 and best microaneurysm F}
of 34.3 at clip limit 1.5. This aligns with prior findings by
Biswas et al., who reported that the green channel provides
superior lesion contrast while red and blue channels are prone
to oversaturation and noise.

CASP preprocessing achieves an equivalent mean F (49.3)
and the highest hemorrhage score (53.2), suggesting that
selective channel preprocessing offers complementary benefits
across lesion types.

Increasing the clip limit to 2.5 results in a noticeable
overall decline in performance across all variants. For example,
CLAHE-G shows a decrease in microaneurysm F; from
(34.3 — 33.3), while CASP exhibits a larger drop from
(33.8 — 29.4). This suggests that overly aggressive contrast
enhancement may amplify noise and reduce segmentation
stability. Based on these results, CLAHE-G and CASP with a
clip limit of 1.5 are selected for subsequent experiments.

TABLE IV

Loss FUNCTION COMPARISON
Loss Fy Recall
Function [ Mean | EX [ HE | MA | SE | Mean [ MA
CLAHE-G
Lo 494 | 632 | 51.8 | 334 | 49.1 | 514 | 479
L3 50.1 | 65.1 | 504 | 334 | 515 | 516 | 47.8
Ly 484 | 626 | 503 | 30.8 | 49.8 | 475 | 425
CASP
Lo 490 | 620 | 51.5 | 332 | 492 | 484 | 427
L3 478 | 629 | 529 | 298 | 457 | 554 | 53.1
Ly 480 | 63.6 | 50.1 | 304 | 48.0 | 51.1 | 479

The results indicate that class-imbalance-aware loss func-
tions improve HydralLA-Net performance, although effective-
ness depends on the preprocessing strategy. Under CLAHE-
G, L3 achieves the highest mean Fj of 50.1, improving
upon Lo (49.4 — 50.1). Both Ly and L3 achieve equivalent
microaneurysm F} scores of 33.4, while L4, which removes
BCE entirely, shows a noticeable decline in microaneurysm
F1 (33.4 — 30.8), confirming that BCE serves an important
regularization role.

Under CASP preprocessing, L3 achieves the highest mi-
croaneurysm recall (42.7 — 53.1) but at the cost of reduced
microaneurysm F; (33.2 — 29.8), suggesting that higher
beta values successfully increase sensitivity while introducing
additional false positives. This aligns with the theoretical basis
of Focal Tversky Loss as described by Abraham and Khan.
However, L4 does not recover performance, further supporting
the importance of retaining BCE in the loss formulation.

Overall, L3 with green channel CLAHE provides the most
balanced performance, validating that class-imbalance aware
loss functions combined with BCE offer meaningful improve-
ments for multi-label diabetic retinopathy lesion segmentation.

TABLE V
INDIVIDUAL DATASET ANALYSIS

Dataset Fy Recall

& CLAHE | 'Mean | EX | HE [ MA [ SE | Mean | MA
IDRiD

CLAHE Off | 572 | 70.8 | 542 | 395 | 642 | 625 | 577
CLAHE-G | 586 | 740 | 545 | 39.7 | 664 | 619 | 64.2
DDR

CLAHE Off | 388 | 562 | 41.5 | 22.6 | 349 | 448 | 400
CLAHE-G | 427 | 594 | 454 | 247 | 414 | 469 | 469
TJDR

CLAHE Off | 56.2 | 61.9 | 67.8 | 414 | 53.9 | 62.1 | 515
CLAHE-G | 566 | 633 | 678 | 377 | 57.8 | 618 | 427

L3 is selected as the loss function for all 6 configurations.
Analysis across individual datasets reveals substantial variation
in model performance, with IDRiD achieving the highest and
most consistent results. With CLAHE green channel prepro-
cessing, IDRiD attains a mean F} of 58.6, microaneurysm F}
of 39.7, and the highest microaneurysm recall of 64.2. This
consistency likely reflects the dataset’s controlled acquisition
conditions and high-quality expert annotations from a single
clinical site.

DDR exhibits the weakest performance across all metrics,
achieving only 42.7 mean F; and 24.7 microaneurysm Fi,
even with CLAHE preprocessing. This degradation likely
stems from the dataset’s heterogeneous nature, comprising
of images from 147 hospitals with varying equipment and
protocols. Nevertheless, CLAHE provides the largest relative
improvement on DDR, increasing microaneurysm recall by
6.9 points, suggesting that contrast enhancement partially
mitigates image quality inconsistencies.

TJDR presents an interesting case where CLAHE im-
proves most metrics but reduces microaneurysm Fj from
(414 — 37.7), potentially due to label noise introduced
during decomposition of its color-coded annotation scheme.
These findings underscore the importance of dataset quality
and standardization for robust microaneurysm segmentation.

IV. CONCLUSION

Overall, the results of this study demonstrate that targeted
architectural modifications, preprocessing strategies, and loss
function design collectively improve microaneurysm segmen-
tation in diabetic retinopathy detection. Across the full-dataset



experiments, progressive optimization from Part 1 to Part 3
increased mean Fj by 3.2 points (46.9 — 50.1), microa-
neurysm F) by 3.2 points (31.2 — 34.4), and microaneurysm
recall by 15.4 points (37.7 — 53.1). The proposed HydralLA-
Net, which introduces class-specific prediction heads to re-
duce gradient competition, achieves improved sensitivity to
microaneurysms while maintaining competitive performance
on larger lesion classes.

Our preprocessing ablation confirms that CLAHE-G at
a moderate clip limit of 1.5 provides optimal contrast en-
hancement without introducing excessive noise, aligning with
prior findings on fundus image analysis. Furthermore, class-
imbalance-aware Focal Tversky loss combined with BCE of-
fers the most balanced performance, validating the importance
of asymmetric penalization for imbalanced segmentation tasks.

The individual dataset analysis reveals that performance
varies substantially across datasets, with standardized acquisi-
tion protocols and high-quality annotations yielding the most
consistent results. These findings highlight that robust microa-
neurysm segmentation depends not only on model architecture
but also on dataset quality.

While microaneurysm segmentation remains challenging
due to inherent class imbalance and lesion characteristics,
our progressive optimization framework provides a practical
methodology for systematically improving detection perfor-
mance. Future work may explore additional architectural en-
hancements, such as multi-scale attention mechanisms, and
investigate domain adaptation techniques to improve gener-
alization across heterogeneous clinical datasets. Ultimately,
improving microaneurysm detection supports earlier diagnosis
of diabetic retinopathy and contributes to reducing preventable
vision loss among diabetic patients.
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