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Abstract

Histopathological examination of hematoxylin and eosin (H&E)-stained tissue remains the clinical gold standard for breast
cancer diagnosis; however, manual cell segmentation is labor-intensive, subjective, and prone to substantial inter-observer
variability. Deep learning-based segmentation models have demonstrated considerable promise in computational pathology,
yet their performance under conditions of severe data scarcity remains insufficiently characterized. This study proposes and
evaluates a ResNet34-encoded U-Net trained via transfer learning as a solution to this challenge, benchmarking it against a
vanilla U-Net trained from random initialization as a controlled baseline. The experimental dataset comprises 42 H& E-stained
breast cancer whole-slide image patches acquired at Qingdao Central Hospital (2019-2022), partitioned into 34 training and
8 test images. To mitigate the severe class imbalance inherent in the dataset — in which cancerous cell regions constitute only
16.2% of image pixels on average — a weighted Binary Cross-Entropy and Dice composite loss function was employed
alongside a differential learning rate strategy to preserve pretrained encoder representations during fine-tuning. Data
augmentation was applied to the training set to improve generalization under extreme data constraint. Evaluation was
conducted using the Dice Similarity Coefficient (DSC) and Intersection over Union (loU) as primary metrics. The ResNet34-
UNet achieved a DSC of 0.6071 and loU of 0.4392, outperforming the vanilla U-Net (DSC: 0.5554, loU: 0.4004) by 9.3% and
9.7% respectively, while converging 37.5% faster. These findings demonstrate that ImageNet-pretrained encoder features
transfer effectively to H&E pathology domains even under extreme data constraints, providing a reproducible and
computationally efficient baseline pipeline for automated cell segmentation in resource-limited clinical settings.
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1. Introduction and digital pathology platforms has further catalyzed
this progress, generating repositories of digitized
pathological data at unprecedented scale and enabling
large-scale supervised learning workflows that were
previously infeasible [12]. Taken together, these

developments have created a compelling vision for Al-

Deep learning has fundamentally transformed the
landscape of computational pathology over the past
decade [1]. Convolutional neural networks (CNNs) [2],
and in particular the family of encoder—decoder
architectures descended from the seminal U-Net

framework[3], have established new state-of-the-art
benchmarks in biomedical image segmentation,
enabling pixel-level identification of tissues, cells, and
subcellular structures across diverse cancer types [4-7].

In breast cancer pathology [8-10], deep learning models
have demonstrated remarkable capacity to automate
nuclear segmentation, tumor grading, receptor status
prediction, and prognosis estimation from hematoxylin
and eosin (H&E)-stained whole-slide images (WSIs)
[11]. The proliferation of whole-slide imaging scanners

assisted clinical pathology: faster, more reproducible,
and potentially more accurate than conventional manual
assessment [13], [14].

Despite the demonstrated promise of deep learning for
histopathological image segmentation, its clinical
translation remains constrained by a fundamental
practical barrier: the scarcity of annotated training data.
Expert manual annotation of H&E-stained slides
demands substantial pathologist time, specialized
domain knowledge, and access to digitized whole-slide
imaging infrastructure — resources that are unevenly
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distributed across institutions and largely unavailable in
resource-limited clinical settings.

The resulting annotation bottleneck means that most
institutions can realistically produce datasets of tens,
rather than hundreds or thousands, of labeled image
patches. Compounding this, inter-observer variability in
nucleus delineation has been reported to exceed 30% on
challenging cases, undermining the reliability of
ground-truth labels even when annotation is feasible.

As a direct consequence of this annotation bottleneck,
most published deep learning segmentation models
have been developed and validated on datasets
comprising hundreds to thousands of annotated images
[7]. This reliance on large, well-curated datasets has
produced models whose reported performance figures
do not generalize to the genuinely data-scarce
conditions that characterize routine institutional
practice.

A further compounding challenge arises from the
intrinsic class distribution of binary cell segmentation
tasks: cancerous cellular regions typically occupy only
a small fraction of the total image area, with foreground
pixel ratios as low as 2—16% in clinical H&E datasets.
When trained with standard cross-entropy loss
functions, models exposed to such imbalanced
distributions are systematically biased toward
predicting the dominant background class, yielding
inflated pixel-level accuracy scores while producing
poor foreground recall and severely degraded
segmentation boundaries[ 15].

Most existing studies employ large dataset such as
BreaKHis [16], [17], MoNuSeg [18], [19], or CoNSeP
[20], that do not accurately reflect the characteristics of
institutional clinical datasets collected under routine
pathological workflows [21]. Evaluation protocols in
small-dataset regimes are frequently inadequate
because single train—test splits without patient-level
stratification inflate performance estimates and obscure
true model variance. These gaps mean that the current
evidence base provides insufficient guidance for
deploying automated segmentation in the resource-
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constrained settings where such tools are most urgently
needed.

The research question is what extent does ImageNet-
pretrained encoder initialization improve cell
segmentation performance relative to random
initialization under conditions of extreme data scarcity
and quantify the individual contribution of each
proposed design component to the overall segmentation
performance improvement via a sequential ablation
study.

The primary contribution of this paper is a systematic
study that rigorously evaluates the performance
advantages of a pre-trained ResNet34 encoder on
ImageNet compared to a standard U-Net baseline on a
clinical H&E dataset consisting of only 42 labeled WSI
patches. We propose and evaluate a ResNet34-encoded
U-Net trained via transfer learning, benchmarking it
against a vanilla U-Net trained from random
initialization as a controlled baseline on a clinical
dataset of 42 H&E-stained breast cancer whole-slide
image patches.

This comparison provides empirically grounded
quantitative evidence of the performance gain
attributable to transfer learning in a genuinely data-
scarce regime, filling a gap that previous work, which
has largely relied on large public benchmarks, has left
unaddressed [7].

2. Methods

The study is organized into five sequential stages as
illustrated in Figure 1. Stage 1 involves the curation and
statistical analysis of the raw clinical dataset. The
dataset comprises 42 H&E-stained breast tissue image
patches extracted from digitized whole-slide scans
acquired at the Department of Pathology, Qingdao
Central Hospital, between 2019 and 2022. Each image
patch has a native resolution of 672 x 672 pixels in RGB
format. Binary segmentation masks, annotated by
expert pathologists, assign pixel value 255 to cancerous
cell regions and 0 to background.
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Figure 1. Research Pipeline

The dataset was partitioned into a training set D_train
of 34 images drawn from 23 unique slides, and a test
set D _test of 8 images each drawn from a distinct slide,
yielding an approximately 81%/19% split with strict
slide-level separation to prevent data leakage. Cell
coverage — defined as the proportion of foreground

pixels per mask — ranges from 2.26% to 39.32% across
training images (mean: 16.31%, SD: 7.12%) and from
11.85% to 23.65% across test images (mean: 16.18%),
confirming a pronounced and consistent foreground-to-
background class imbalance across both partitions.
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Stage 2 transforms raw image—mask pairs into
normalized, augmented tensors ready for deep learning
training. All images and masks were resized to 256 %
256 pixels and normalized using ImageNet channel
statistics (mean = [0.485, 0.456, 0.406]; SD = [0.229,
0.224, 0.225]) to maintain compatibility with the
pretrained ResNet34 encoder. To mitigate overfitting
under extreme data scarcity, the training set was
augmented using the following transformations applied
stochastically during each training epoch: random
horizontal and vertical flipping, random rotation
(£30°), random brightness and contrast jitter, and
random Gaussian blur.

Stage 3 instantiates both candidate architectures,
vanilla U-Net with Kaiming uniform initialisation, and
ResNet34-UNet with ImageNet-pretrained encoder
weights. Two architectures were instantiated and
compared under identical experimental conditions,
differing solely in encoder initialization strategy.

Stage 4 executes the supervised learning loop with
controlled hyperparameters, composite loss functions,
and differential learning rate strategies. Both models
were trained under identical hyperparameter settings to
ensure a controlled comparison. The Adam optimizer
was used with a global learning rate of 1x10™* and a
weight decay of 1x107°. Training was conducted for a
maximum of 100 epochs with early stopping based on
validation Dice Similarity Coefficient.

To address the foreground-to-background class
imbalance, a composite loss function combining
weighted Binary Cross-Entropy (BCE) and Dice loss
was employed, Equation 1.

L=a-L wBCE + (I —a) - L Dice €))

The positive class weight w+ = 4.0 was set proportional
to the inverse foreground pixel ratio, and o= 0.5 assigns
equal contribution to both loss components. The
weighted BCE term penalizes missed foreground
predictions more heavily, while the Dice loss directly
optimizes the overlap metric used for evaluation.

A differential learning rate strategy was applied
exclusively to the ResNet34-UNet: the pretrained
encoder was updated at a conservative rate of a_enc =
1x10° to preserve ImageNet-derived feature
representations, while the randomly initialized decoder
was updated at o dec = 1x10™“ to enable rapid
adaptation. This asymmetric update schedule prevents
catastrophic forgetting of pretrained encoder weights
during early training epochs.

Stage 5 applies trained models to the held-out test set,
computes segmentation metrics, and generates
qualitative overlay visualizations for systematic error
analysis, culminating in the comparative results
reported.

Trained models were evaluated on the held-out test set
D test using two standard segmentation metrics: the
Dice Similarity Coefficient (DSC) and Intersection
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over Union (IoU), defined respectively as Equations 2
and 3.

DSC =2|PN G| /(|P| +|G|) ©)
IoU=|PNG|/|P UG 3)

P denotes the set of predicted foreground pixels and G
the set of ground-truth foreground pixels. Both metrics
range from O to 1, with higher values indicating greater
segmentation accuracy. DSC is reported as the primary
metric, consistent with the convention in medical image
segmentation literature. Per-image scores are reported
alongside aggregate means to characterize model
variance across the test set, and convergence behavior
is analyzed through training loss and validation Dice
trajectories.

The dataset comprises 42 H&E-stained breast tissue
image patches extracted from digitised whole-slide
scans acquired at the Department of Pathology,
Qingdao Central Hospital, between 2019 and 2022.
Each image patch has a native resolution of 672 x 672
pixels in RGB format. The accompanying binary
segmentation mask, annotated by expert pathologists,
assigns pixel value 255 to cancerous cell regions and 0
to background.

The dataset is partitioned into a training set Dtrain (34
images from 23 unique slides) and a test set Dtest (8
images from 8 slides), yielding an approximately
81%/19% split. Cell coverage — defined as the fraction
of foreground pixels in the mask — ranges from 2.26%
to 39.32% across training images (mean: 16.31%, SD:
7.12%) and from 11.85% to 23.65% across test images
(mean: 16.18%).

2.1 Vanilla U-Net (baseline)

The baseline model implements the canonical U-Net
architecture with Kaiming uniform weight initialisation
[22], [23]. Each encoder block Ex consists of two
consecutive 3x3 convolutions each followed by batch
normalisation and ReLU activation, succeeded by 2x2
max-pooling for spatial downsampling, as shown in
Equation 4.

E k(e {k-1})=MaxPool(BN(ReLU(Conv_{3x3}(
BN(ReLU(Conv_{3x3}(e _{k-1})))))) @)

Channel depths follow the sequence [32, 64, 128, 256]
across the four encoder stages, with the bottleneck layer
doubling to 512. The model contains approximately
7.76 million trainable parameters, all initialised from
scratch. This model serves as the controlled baseline:
its performance upper-bounds what is achievable from
Dyin alone, without any prior knowledge encoded in
the weights.

2.2 ResNet34-UNet (transfer learning model)

The transfer learning model replaces the vanilla
encoder with a ResNet34 backbone pretrained on

ImageNet, instantiated via the
segmentation_models _pytorch library [24], [25].
ResNet34 introduces residual connections that
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reformulate each encoder block as a learned residual
function, Equation 5.

e k=F k(e {k-1}, W k) +e_{k-1} O)

F_k(-) represents the stacked convolutions within the k-
th residual block and the addition is the identity shortcut
connection.

The identity shortcut ensures that gradients flow
directly through the network, mitigating vanishing
gradients during fine-tuning and allowing the decoder
to be trained aggressively while the encoder is updated
conservatively. Channel depths across the four residual
blocks are [64, 128, 256, 512].

The total model contains approximately 24.4 million
parameters, of which ~21.3 million reside in the
pretrained encoder. The decoder architecture is
structurally identical to the baseline, ensuring that
performance differences are attributable solely to
encoder initialisation strategy.

3. Results and Discussions

The ResNet34-UNet achieves a mean Dice Similarity
Coefficient (DSC) of 0.6071 and an Intersection over
Union (IoU) of 0.4392 on the 8-image held-out test set,
against baseline values of DSC = 0.5554 and IoU =
0.4004 for the vanilla U-Net. These represent absolute
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improvements of +0.0517 DSC and +0.0388 IoU,
corresponding to relative gains of +9.3% and +9.7%
respectively.

The ResNet34-UNet additionally converged to its
optimal checkpoint in 25 epochs compared to 40 for the
which carries non-trivial practical significance. Table 1
summarises the primary evaluation metrics address
convergence behaviour, component-level ablation, per-
image variability, and the constraints on generalisation
imposed by the study design.

Before interpreting these numbers, the absolute DSC
values of 0.5554 and 0.6071 lie below the 0.70
threshold commonly cited for publication-quality
medical image segmentation. This benchmark is
derived from studies trained on datasets comprising
hundreds to thousands of annotated images.

In the directly comparable constraint class Drioua and
Benamrane (2023) report DSC values of 0.52-0.64 on
the BNS breast H&E benchmark [26], and the
unaugmented 3D U-Net baseline of Khalil et al. (2023)
achieves 87% accuracy on 162 training images before
fine-tuning [27]. Within this constraint class, our
ResNet34-UNet result is competitive, and the
improvement over our own baseline is
methodologically interpretable and reproducible.

Table 1. Primary segmentation results on the 8-image test set

Model DSC IoU ADSC Epochs to best
Vanilla U-Net (baseline) 0.5554 0.4004 — 40
ResNet34-UNet (proposed) 0.6071 0.4392 +9.3% 25 (=37.5%)

Figure 2 plots training loss and validation Dice
trajectories across epochs. The ResNet34-UNet curve
descends more steeply in its first five epochs and
plateaus at a lower final loss (~0.26) compared to the
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vanilla U-Net (~0.33). Both curves confirming that the
encoder learning rate of a = 1x10~ is sufficiently
conservative to preserve pretrained representations
while allowing the decoder to adapt.
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Figure 2. Training loss and validation Dice over epochs

The ResNet34 encoder enters training with hierarchical
visual representations already calibrated to detect
edges, texture gradients, and colour boundaries. The
pretrained encoder, by contrast, presents the decoder
with a feature space of far higher quality from epoch
one. The 37.5% convergence advantage is therefore not

merely an efficiency gain, it reflects the reduced sample
complexity of the fine-tuning problem relative to
training from scratch.

To determine the individual value of each design
choice, pretrained encoder initialisation, weighted BCE
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loss, and differential learning rate — we conduct a
sequential ablation in which each mechanism is added

Jurnal RESTI Vol. 10 No. 3 (2026)

one at a time to the vanilla U-Net baseline. Table 2 and
Figure 3 report the results.

Table 2. Ablation study — sequential addition of each model component

Configuration DSC IoU ADSC Mechanism added
Vanilla U-Net (baseline) 0.5554 0.4004 - -
+ ImageNet pretrained encoder 0.5820 0.4178 +0.0266  Transfer learning
+ Weighted BCE (w+=4.0) 0.5951 0.4298 +0.0131 Class imbalance correction
+ Differential LR (full model) 0.6071 0.4392 +0.0120  Encoder weight protection

The ablation reveals a clear additive contribution
pattern. The pretrained encoder accounts for the largest
single gain, +0.0266 DSC (+4.8% relative),
establishing that ImageNet features transfer
beneficially to H&E pathology even at 34 training
images.

This finding is consistent with Tajbakhsh et al. (2016),
who demonstrate across multiple medical imaging
tasks that fine-tuning dominates random initialisation
whenever labelled data are scarce [7], and with Raghu
et al. (2019), who argue that transfer is most effective
when low-level source features overlap with target
domain requirements [28].

The weighted BCE component contributes +0.0131
DSC (+2.3%), confirming that correcting for the ~1:6
foreground-to-background imbalance through positive
class weighting is independently valuable and not
subsumed by the encoder improvement. Without it, the
model under-penalizes missed foreground pixels,
reinforcing the background-prediction bias that the
imbalanced dataset induces.

The differential learning rate strategy contributes a
further +0.0120 DSC (+2.0%) leaving the model in a
worse local minimum. Together, the three components
produce cumulative gains that reflect synergistic rather
than merely additive interaction between the encoder's
feature quality and the loss and optimization
mechanisms designed to amplify it.

Dice IoU
070

055
3

045

040

035

030

Vanilla U-Het (baseline) + ImageNet encoder + Weighied BCE loss + Differential LR (ful)

Figure 3. Ablation study — Dice (solid) and IoU (lighter) per
configuration

Figure 4 shows the ResNet34-UNet outperforms the
vanilla U-Net on all 8 test images without exception
providing a robustness guarantee that aggregated mean
scores alone would not reveal. The magnitude of
improvement varies systematically with cell density

ResNet34-UNet gains +0.05 Dice on the two lowest-
density images and +0.08 Dice on the two highest-
density images. This asymmetry suggests that the
pretrained encoder's richer multi-scale feature
hierarchy is most beneficial when there is more spatial
structure to exploit.

Vanilla U-Net ] Reshet34-UNet
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Figure 4. Dice on all 8 test images

These results in broader context requires careful
differentiation by dataset scale and evaluation protocol.
On large public benchmarks, attention-augmented U-
Net variants consistently achieve DSC values of 0.75—
0.89 on breast histopathology segmentation tasks.

For the directly comparable constraint class of fewer
than 50 training images, our ResNet34-UNet at DSC =
0.6071 is competitive with reported baselines [15],
[27], and the 37.5% convergence reduction represents a
novel and practically transferable contribution that
neither of these studies reports. However, a balanced
interpretation requires explicit acknowledgment of the
trade-offs inherent in employing a pretrained ResNet34
encoder in this setting.

On the advantage side, the pretrained encoder
demonstrably reduces sample complexity, accelerates
convergence, and contributes the largest single
performance gain in the ablation study (+4.8% DSC),
confirming that ImageNet-derived hierarchical features
transfer beneficially to H&E pathology even at 34
training images.

On the disadvantage side, the domain gap between
natural ImageNet images and H&E-stained
histopathological data means that higher-level semantic
representations may not align optimally with the
discriminative requirements of cancerous cell
delineation. Furthermore, the 24.4 million parameter
model imposes a high parameter-to-sample ratio on an
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extremely small training set, and its sensitivity to stain
variability — in the absence of stain normalization —
limits generalizability across institutions.

These trade-offs suggest that while the pretrained
ResNet34 encoder suits the data-scarce regime studied
here, future work should test lighter pretrained
encoders, domain-adaptive pretraining on pathology-
specific datasets such as TCGA, and explicit stain
normalization to mitigate these limitations.

Domain-adaptive pretraining on TCGA is especially
promising because, unlike ImageNet’s natural images,
TCGA provides H&E-stained whole-slide images
whose stain distributions, nuclear and chromatin
textures, and tissue morphology match the target
domain, enabling the encoder to learn low- and mid-
level features already aligned with cell delineation and
thus reducing the domain shift that ImageNet-
pretrained features must overcome during fine-tuning.

While different patches from the same slide present
distinct  cell ~ densities and  morphological
configurations, the model may exploit slide-specific
staining calibration or scanner response characteristics
that would not generalize to an independent patient
cohort.

The reported DSC values should consequently be
interpreted as upper bounds on true out-of-sample
performance. Future studies must enforce strict patient-
level train—test splits to obtain unbiased estimates, a
requirement that will necessitate collecting additional
annotated slides beyond the 42 available here.

K-fold cross-validation across all 42 images would
provide substantially more reliable performance
estimates and is necessary before these results can be
cited as definitive benchmarks

4. Conclusions

This study set out to address two explicit research
objectives: first, to quantify the overall performance
advantage of a ResNet34-encoded U-Net trained via
transfer learning over a vanilla U-Net trained from
random initialization under conditions of extreme data
scarcity; and second, to decompose that aggregate
advantage into the individual contributions of each
proposed design component through a sequential
ablation study.

With respect to the first objective, the ResNet34-UNet
achieved a Dice Similarity Coefficient of 0.6071 and an
Intersection over Union of 0.4392 on the 8-image held-
out test set, outperforming the vanilla U-Net baseline
— DSC: 0.5554, IoU: 0.4004 — by 9.3% and 9.7%
respectively. The ResNet34-UNet additionally
converged to its optimal checkpoint in 25 epochs
compared to 40 for the baseline, representing a 37.5%
reduction in training time. These results confirm that
ImageNet-pretrained  encoder  features  transfer
beneficially to H&E breast cancer histopathology even
when training data are limited to 34 annotated whole-
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slide image patches — directly answering the central
research question in the affirmative.

With respect to the second objective, the sequential
ablation study revealed a clear and interpretable
additive contribution pattern. The pretrained encoder
initialization accounted for the largest individual gain
of +0.0266 DSC (+4.8% relative), establishing transfer
learning as the primary performance driver. The
weighted Binary Cross-Entropy and Dice composite
loss function contributed an additional +0.0131 DSC
(+2.3%), confirming that explicit correction for
foreground-to-background  class  imbalance s
independently valuable and not subsumed by the
encoder improvement. The differential learning rate
strategy contributed a further +0.0120 DSC (+2.0%),
demonstrating that preserving pretrained encoder
representations during fine-tuning provides measurable
benefit beyond what the encoder initialization alone
delivers. Together, these three components produce
cumulative and synergistic gains that are individually
interpretable and collectively reproducible.

These findings carry direct practical significance for
clinical laboratories and research facilities operating
under annotation constraints. A transfer learning
pipeline built on a pretrained ResNet34 encoder can
deliver measurable and reproducible segmentation
improvement without requiring the large, annotated
datasets that state-of-the-art models typically demand.
However, the absolute DSC values reported here —
while competitive within the constraint class of fewer
than 50 training images — remain below the 0.70
threshold associated with clinically deployable
segmentation performance, and the results should be
interpreted as an empirically grounded baseline rather
than a production-ready system.

Future work should: (1) expand patient-level datasets
and use K-fold cross-validation with strict train—test
stratification to obtain unbiased, statistically robust out-
of-sample performance; (2) apply stain normalization
and domain-adaptive pretraining on pathology-specific
datasets such as TCGA to reduce inter-institutional
staining variability; and (3) shift from binary semantic
segmentation to instance-level nuclear delineation with
architectures such as HoVer-Net to increase the clinical
utility of automated cell analysis in breast cancer
histopathology. Until validated on larger, patient-
stratified cohorts, these results should be considered a
reproducible baseline rather than a definitive
performance benchmark.
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