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Abstract

Image-level random data partitioning, which continues to plague the field through intra-lesion data
leakage training and test sets may both contain multiple images of the same lesion is still the dominant
methodological limitation in dermoscopic Al research that produces falsely high but unacceptable
metrics. However, the impacts of this leakage on Post-Training Quantization (PTQ) benchmarking
have not yet been investigated. This work proposes a leakage-free, precise lesion-level stratified
evaluation framework for multi-class skin lesion classifier evaluating PTQ. A total of 23,247 images
from eight diagnostic classes of ISIC 2019 benchmark were divided based on 11,847 unique lesions.
Our two-stage EfficientNetBO transfer learning pipeline with the focal loss which can down weight
easy-to-classify samples achieves 86.98% macro-AUC and 84.05% top-2 accuracy. Then, utilizing
Floatl6 PTQ for further model size reduction (49.6% compression ratio all models performance
degradation is not statistically significant), a lossless compression through vigorous lesion-level
evaluation is demonstrated. Variance analysis on three independent splits shows that data partitioning
alone can explain up to +4.28% top-1 accuracy variability, as opposed to quantization precision which
matter barely less.
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1. Introduction

Skin Cancer is the most common cancer with melanoma alone responsible for over half of skin cancer
deaths despite its small share of diagnoses (Oncology, 2023). Localized melanoma has a five-year
survival rate of over 98%. However, for metastatic disease this is less than 25% (Ries et al., 2008)),
making early automated detection a true clinical priority, particularly in low- and middle-income
settings where access to dermatologists remains critically limited (Tiwari, Amien, Visser, & Chikte,
2022).

Deep convolutional neural networks for dermoscopic image analysis have evolved quickly since
(Esteva et al., 2017) demonstrated dermatologist-level classification. Training paradigms centered
around transfer learning on ImageNet-pre-trained architectures are now dominant (Zhuang et al.,
2020), while the pervasiveness of Post-Training Quantization (PTQ) as a leading compression method
for deploying these models on resource-limited edge devices is well-established (Jacob et al., 2018).
But within this space, an important but surprisingly overlooked gap exists, virtually all skin lesion
classification studies, including those assessing quantized models, utilize image-level splits instead of
lesion-level splits. Image-level splits are known to allow the leakage of intra-lesion visual artifacts
from training to test set when multiple dermoscopic images of the same lesion routinely appears in
public datasets like ISIC 2019, which results in a systematic inflation of reported metrics (Oakden-
Rayner, Dunnmon, Carneiro, & Ré, 2020) (Cassidy, Kendrick, Brodzicki, Jaworek-Korjakowska, &
Yap, 2022). To the best of our knowledge, PTQ benchmarking conclusions related to this leakage have
not been examined.

The main contribution of this paper is a rigorous, no-leakage evaluation framework for post-training
quantization of multi-class dermoscopic classifiers at the level of dermoscopic lesions. By instantiating
this framework on EfficientNetB0O pretrained with ISIC 2019, the Float16 PTQ incurs a model size
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reduction of 49.6% with insignificant statistical performance drop and that in this context the primary
source of performance variance is data splitting not quantization precision.

There are three converging gaps among the existing work on skin lesion classification and medical
image PTQ that motivates this study directly. First, after reporting accurate classification results on
ISIC 2019 (Kassem, Hosny, & Fouad, 2020). Improvements on these accuracies were achieved by a
technique test with multi-language input. However, others such as (Wu et al., 2022) refer to a
previously released multimodal ensemble using image random splits in all studies, report 91.1%
accuracy and 95.5% AUC. As described in (Cassidy et al., 2022). These results therefore suffer from
intra-lesion leakage, and thus represent inflated clinical generalization. ISIC datasets contain a very
large number of duplicate/near-duplicate images across training/test splits. More generally, (Oakden-
Rayner et al., 2020) demonstrated that adjusting for latent stratification in medical imaging
benchmarks can significantly reduce clinically-meaningful accuracy estimates.

Second, although numerous PTQ studies have been conducted in medical imaging, those works are
limited to non-dermatological domains and only binary classification tasks. (Abid, Sinha, Harpale,
Gichoya, & Purkayastha, 2021) used Float16 compression with less than 0.05% loss for chest X-ray
classification and (Hafien & Messaoudi, 2022) found INT8 size and latency benefits for breast
ultrasound classification but neither validated multi- class dermoscopic models in leakage-controlled
conditions. (Pavel et al., 2025) conclusion the preliminary experimental results demonstrate the
efficacy of this paradigm in quantifying variance for image classification tasks. In particular, this
framework gives better quantitative insight into model performance than existing approaches

Third, and most frustratingly, all of the studies have failed to decompose the observed performance
difference between quantization formats into a quantization-induced vs. partitioning-induced
component. This decomposition allows us to make the crucial distinction between whether the reported
compression-accuracy trade-offs show true model degradation or just bad random splits. This work
proposes a lesion-level stratified PTQ evaluation framework to address all these gaps with one single
task. The main related works are summarized in Table 1
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Table 1. Summary of related work.

Ref Dataset Model Method Key Result Limitation
(Kassem et | ISIC 2019 CNN + | Fine-tuning, 92.3% Image-level
al., 2020) Transfer image-level accuracy, 8 | split, no
Learning split classes leakage
control, no
quantization
(Gessert, | ISIC 2019 EfficientNet Multi- 59.4% High
Nielsen, Ensemble  + | resolution balanced complexity,
Shaikh, Metadata ensemble, loss | accuracy, no
Werner, & balancing AUC 0.92 quantization,
Schlaefer, no lesion-
2020) level split
(Saeed, ISIC 2019 EfficientNetB0O | Multimodal 91.1% Ensemble
Afify, ,  ResNet50, | (image + | accuracy, complexity,
Badr, & DenseNetl21 | metadata), AUC 95.5% image-level
Helal, Ensemble transfer split, no
2025) learning compression
analysis
(Wu et al., | HAM10000,ISI | Multiple CNN | Systematic Survey of | Review only,
2022) C architectures review of deep | frontier no novel
learning challenges experiments,
,methods no
quantization
evaluation
(Vieira, HAM10000,IST | 38 CNN | Benchmarking | Cross- No lesion-
Mendonga | C 2019 architectures , cross-dataset | database level split, no
, & (EfficientNet, | validation generalizabilit | quantization,
Morgado- MobileNet, y analysis frozen
Dias, ResNet, etc.) weights only
2025)
(Abid et | Chest-XRayl4 | ResNet, PTQ Float16 + | AUC drop 0.0- | Non-
al., 2021) DenseNet INTS, ARM | 0.9% dermatologica
edge devices | (Floatl6),57% |1 domain, no
latency leakage
reduction analysis,
(INT8, ARM) | binary
classification
(Hafien & | Brest Ultrasound | MobileNet TFLite INTS | Size and | Binary
Messaoudi quantization latency classification,
,2022) reduction, no  variance
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small accuracy | analysis, no
degradation lesion-level
split
(Pavel et | HAM10000 + | ViT + | Knowledge Compressed No lesion-
al., 2025) | ISIC 2018 ConvNeXt, distillation model  with | level split, no
CNN + | +PTQ explainability | systematic
EfficientNet (Grad-CAM) | quantization
variance
analysis

2. Materials and Methods

2.1. Dataset and Lesion-Level Splitting

In this study, the ISIC 2019 Training Dataset made available for the International Skin Imaging
Collaboration (ISIC) Archive and compiled from three publicly available datasets: the HAM10000
dataset (Tschandl, Rosendahl, & Kittler, 2018), ISIC 2017 challenge dataset (Codella et al., 2018) and
a recently published BCN20000 dataset (Herndndez-Pérez et al., 2024). Combined these sources
provide 25,331 images across eight diagnostic classes.

The initial dataset was processed to merge ground truth labels (considered as metadata in this context)
with lesion metadata, resulting in the removal of 2,084 images from patients where lesions were not
uniquely identifiable; leaving a total of 23,247 images from 11,847 unique lesions. In contrast, the
class distribution has a very high level of imbalance: 48.7% of images are NV and 1.0% DF (an
imbalance ratio of 47.5:1). Table 2 shows the complete class distribution for all three data partitions,
confirming that using stratified lesion-level splitting preserved the overall proportions across training,
validation, and test sets.

Table 2. Class distribution across the lesion-level stratified splits.

Class Full Name Total Train Val Test % Total
NV Melanocytic Nevi | 11326 9074 1143 1109 48.7%
MEL Melanoma 4185 3317 409 459 18%
BCC Basal Cell 3323 2648 340 335 14.3%
Carcinoma
BKL | Benign Keratosis 2426 1947 248 231 10.4%
AK Actinic Keratosis 867 689 84 94 3.7%
SCC Squamous Cell 628 492 70 66 2.7%
Carcinoma
VASC | Vascular Lesion 253 199 26 28 1.1%
DF Dermatofibroma 239 191 25 23 1.1%
Total 8 23247 18557 2345 2345 100%
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2.2.Model and Training

EfficientNetB0 (Tan & Le, 2019) was chosen because of its high compound scaling efficiency, its low
FP32 footprint (16.67 MB), its transferability on various medical imaging tasks and its compatibility
with TFLite. The classification head consists of Global Average Pooling, Batch Normalization, two
Dense layers (256 and 128 units, ReLU, dropout rate are 0.4 and 0.3 respectively), and an §-way
softmax output (total 4,416,555 parameters). Set as input raw pixels in [0,255], and normalized to the
domain of [0,1], then this leads to systematic collapse of majority-class prediction class, which should
be avoided.

Training followed a two-stage scheme. In Stage 1, the backbone froze and only the classification head,
the parameters in this stage are (Adam, lIr=1e-3, focal loss y=2.0, max 25 epochs). BatchNormalization
layers were kept frozen during fine-tuning so that the stored statistics from the ImageNet pretraining
stayed the same. To deal with class imbalance, a focal loss is applied, combining focal loss with
explicit class weighting produced conflicting gradient signals empirically, leading to training collapse.
Training images only were augmented online (random horizontal flips, brightness £20%, contrast, and
saturation 0.8 - 1.2x). Full Hyperparameters are summarize in Table 3

Table 3. Experimental configuration and hyperparameters.

Parameter Value
Input image size 224 x 224 x 3
Backbone EfficientNetB0
Pre-training ImageNet
Total parameters 4,416,555
Trainable parameters (Stage 1) 364,424
Stage 1 optimizer Adam
Stage 1 learning rate le-3
Stage 1 max epochs 25
Stage 2 optimizer Adam (clipnorm = 1.0)
Stage 2 learning rate le-4
Stage 2 max epochs 30
Batch size 32
Focal loss gamma 2.0
Dense layer unites 256,128
Dropout rates 0.4,0.3
LR reduction factor 0.5
LR reduction patience 3 epochs
Early stopping patience (Stage 1) 5 epochs
Early stopping patience (Stage 2) 7 epochs
INTS calibration samples 200
Quantization framework TensorFlow Lite
Variance analysis seeds 42,123,777
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2.3.Post-Training Quantization

The evaluation included a three TFLite precision formats: FP32 (baseline), Floatl6 (weight
quantization, float32 activations at runtime), and INT8 (weights and activations quantized using 200
calibration images). Inference latencies on x86 CPU hardware, averaged on all 2,345 test images.

2.4.Evaluation

The evaluation performance of this approach using top-1 and top-2 accuracy as shown in Equation 1,
macro-averaged AUC (one-vs-rest) in Equation 2, and per-class F1. Partitioning-induced performance
variability was separated from quantization-induced performance variability via variance analysis over
three independent lesion-level splits using pre-specified seeds (42, 123, 777).

1 -
Top — 2 ACC = ~3I, 1[y; €top, (P)] -..(1)
Macro = AUC = = ¥, AUC, ...(2)

3. Results and Discussion

3.1.Baseline FP32 Performance

Both stages in the two-stage pipeline converged stably as follows: stage 1 increased validation
accuracy from 59.4% to 66.4% over 15 epochs without overfitting. An early stopping is applied via a
patience of 5 and also on the validation set, where stage 2 improvements were +2.2 percentage but
stopped earlier at epoch 9 as shown in Figure 1. The FP32 baseline obtains top-1 accuracy of 66.14%,
top-2 accuracy of 84.05% and macro-AUC of 86.98% on test set of 2345 images. This 47.5:1 class
imbalance is also reflected in the macro-averaged F1 (42.9%). Table 4: Per-class results NV achieved
strong recall at 89.6%, while DF returned no recall from only the 23 test samples itself a byproduct of
lack of support. The largest the most clinically relevant misclassification was that so-called MEL on
NV with 42.9% of melanoma samples misclassified as NV potential false negative for the most
aggressive type class of the sample. The significantly higher top-2 accuracy (84.05%) shows that the
correct diagnosis is most of the time one of the two most confident predictions which opens up
deployment that is more geared towards triaging patients.
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EfficientNetBO Two-Stage Transfer Learning
Lesion-Level Stratified Split

Accuracy Focal Loss

—e— Val Loss
St Start i Stage 2 Start
Best Val Acc: 0.6861 i Best Val Loss: 0.5691

0.8

0.6

0.2

0.0

Figure 1. Training and validation accuracy and focal loss curves across both stages of the
EfficientNetB0. The dashed vertical line denotes the stage 2 transition. The green dotted line
indicates the best validation performance.

The clinical significance of the MEL recall at 42.9% warrants careful consideration. Out of 459
melanoma test samples, 168 were misclassified as NV with a representative percentage of 36.6%
predicted benign melanocytic nevi in all melanoma cases, which is demonstrated from the confusion
matrix in Figure 2. MEL-NV misclassification is the most clinically impactful output error since it
indicates a potential false negative for the most fatal malignancy group. 22.5% and 10.6% recall for
BKL and SCC respectively is due to the visual similarity of these categories with the main classes of
BCC and NV respectively.

Table 4. Per-class classification metrics for the FP32 baseline model on the test set.

Class Precision | Recall Slc?;re Support
AK 0.36 0.34 0.35 94
BCC 0.52 0.75 0.61 335
BKL 0.48 0.22 0.30 231
DF 0.0 0.0 0.0 23
MEL 0.60 0.43 0.50 459
NV 0.76 0.89 0.82 1109
SCC 0.38 0.10 0.16 66
VASC 0.65 0.53 0.58 28
Macro avg 0.47 0.41 0.42 2345
Weighted | ¢4 0.66 0.63 2345
avg
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DF obtained the zero recall on all 23 test samples, purely an artifact of not having enough minority
class representation (most classification models need more than 23 test samples to evaluate reliably on
any particular class). The result of a top-2 accuracy of 84.05% is obtain which is considerably larger
than top-1 accuracy, indicating that when the correct diagnosis is not ranked first, it appears
consistently in the model's two highest confidence predictions. This result lends credence to the
usefulness of this model for deployment in a triage-oriented fashion where two candidate diagnoses
presented to a clinician decrease uncertainty at the single label level without necessitating definitive
automated classification.

EfficientNetBO — Test Set Evaluation
Lesion-Level Stratified Split P

Confusion Matrix (Counts) Matrix (Nor )

AK 2 2 8 0 5 4 3 [ AK 034 045 009 0.00 005 004

37 000 000 04
0.3
004 000 001
0.2
o 000

0.1
00
—Lo.0

3 < & & & & & & & By &

VASC 0 9 o 0 1 3 [ 15 VASC 0.00 032 0.00 0.00 004 o011

Predicted Label

Figure 2. Confusion matrices for the FP32 baseline model on the test set. Left: raw prediction counts.
Right: normalized recall per class. Rows represent true labels. Columns represent predicted labels.

3.2.Post-Training Quantization Results

Float16 PTQ observation: compressed to 8.40 MB (49.6% reduction) from 16.67 MB with negligible
changes, top-1 +0.04%, top-2 unchanged, macro-AUC +0.0001, all within measurement noise. As a
result, inference time was increased by only 0.08 ms, yield effectively lossless Float16 quantization
when using lesion-level evaluation. For INTS8, compression rate is 69.8% (5.04 MB) but at a very high
price: —9.89% top-1, —7.29% top-2, —0.072 m-AUC. Surprisingly, XNNPACK displayed a known
non-orthodox property on x86 CPU where the INT8 inference time was increased from 19.05 to 21.28
ms, even though integer arithmetic had been time-optimized across the device and the speed gains
were apparent on ARM edge hardware. Table 6 summarizes the performance changes relative to FP32.

Table 5. Quantization comparison across three precision formats on the test set.

) . Top-2 Macro- Avg

Format | Size (MB) | Reduction | Top-1Acc Ace AUC Time(ms)
FP32 16.67 - 66.14% 84.05% 0.8698 19.05
Float16 8.40 49.6% 66.18% 84.05% 0.8699 19.13
INTS 5.04 69.8% 56.25% 76.76% 0.79 21.28
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Table 6. Performance Change relative to FP32 baseline.

Format ATop-1 ATop-2 AAUC A Time (ms)
Float16 +0.04% +0.00% +0.0001 +0.08
INT8 -9.89% -7.29% -0.0720 +2.23

3.3.Variance Analysis

Split-specific values ranged from 66.18% to 75.30% for top-1 accuracy (mean 72.24% +4.28%) and
from 0.8699 to 0.9450 for macro-AUC (mean 0.9169 +0.0334). The 9.12% top-1 and 0.0751 AUC
range from partitioning alone far outweighs the Floatl6-vs-FP32 difference (+0.04% top-1, +0.0001
AUC) and exceeds the INT8 degradation bounds (+4.28% top-1, +0.033 AUC) used to flag true
quantization loss. Thus, ten quantization levels suffice to confirm that in this setting data partitioning
is the main source of variability of influence performance. The results are shown in Table 7 and
depicted in Figure 3.

Table 7. Float16 model performance across three independent lesion-level splits.

Split Seed Top-1 Acc Top-2 Acc Macro-AUC
1 42 66.18% 84.05% 0.8699
2 123 75.24% 90.57% 0.9450
3 777 75.30% 90.51% 0.9358
Mean + Std — 72.24 +4.28% 88.38+3.06%  0.9169 +0.0334

Performance Variance Across Lesion-Level Splits
Float16 Quantized Model

Top-1 Accuracy Top-2 Accuracy Macro AUC

- ==+ Mean: 88.37
775 0975

0.950

Figure 3. Performance variance of the Float16 quantized model across three independent lesion-level
splits. Red dashed lines indicate the mean value across splits.
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3.4.Comparison with Prior Work

Note that all previous results shown in Table 8 use image-level splits. The gap in performance here
(72.257 +4.28% top-1) compared to image-level studies (59.4% to 94.9%) is failed intra-lesion leakage
because of prior work rather than architectural inferiority. This is the first study to perform a strict
lesion-level evaluation of Float16 PTQ for multi-class skin lesion classification and the first to show
empirical evidence that Float16 PTQ can achieve lossless quantization under this task.

Table 8. Float16 model performance across three independent lesion-level splits.

Study Year Model Split Acc AUC PTQ | Classes
Type
Kassem et al.
(Kassem et | 2020 | G008leNet Irlnagf 94.925 ; No 8
al., 2020) L meve
Gessert et al. )
(Gessert etal., | 2020 | CiicientNet | Image | 5o o/ 092% | No | 8
ensemble -level
2020)
Faiz et al. Image
(Fiaz et al., | 2024 | DenseNet-201 level 84.3% 0 No 8
2025)
Saeed et al. .
(Saced etal,, | 2025 | Multimodal | Image 91.1% 0.95% | No 8
2025) ensemble -level
Lesio
This work EfficientNetBO n- 72.24+4.28% | 0.917£0.033 | Yes 8
level

Implemented Float16 PTQ reduced the model size of EfficientNetBO to 8.40 MB, within the upper
bound for several midrange mobile devices and portable dermoscopes while fully preserving top-2
accuracy at 84.05%. This was consistent with the findings of (Abid et al., 2021), an evidence of similar
Float16 losslessness for chest X-ray classification on ARM hardware, indicating behavior may be
generalizable across medical imaging domains. Hence, it is advised for deploying this class of
classifier on the edge to compress into Float16 format.

The INTS8 degradation (—9.89% top-1, —0.072 AUC) exceeded those variance bounds of partitioning
induced variance, confirming that the loss through quantization was real and not consistent with
statistical noise. On ARM edge hardware, INTS typically provides 2 - 4x lower latency than FP16, a
loss in FP16 accuracy that may be offset in high-throughput screening scenarios; the 200-sample
calibration set used here is an artefact of important practical limitations, and larger calibration sets or
quantization-aware training might recover INT8 performance.
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This is the broader methodological implication of this work (variance analysis). Over a 9.12% top-1
accuracy range based on data partitioning alone, single-split comparisons between quantization
formats cannot credibly assign blame to compression for performance differences. The performance
gap from this study and image-level literature (94.9% accuracy) is attributed to intra-lesion leakage
described by (Cassidy et al., 2022), not by architectural limitations. Thus, lesion-level stratified
splitting and computing multi-split variance should be the bare minimum evaluation criteria of future
dermoscopic Al studies. Several limitations apply. There was a potential residual intra-patient leakage
as splitting was done at the lesion level rather than at the patient level. The x86 CPU latency
measurements a fair comparison to the ARM edge performance. Total results in a single architecture
plus dataset. ISIC 2019 mainly characterizes light-skinned individuals, and performance on darker
Fitzpatrick photo classes has not been evaluated.

4. Conclusion

This paper introduced a lesion-level stratified evaluation framework for post-training quantization of
multi-class skin lesion classification the first such framework in the dermoscopic Al literature. Applied
to EfficientNetBO on ISIC 2019, Floatl6 PTQ achieved 49.6% model size reduction with no
statistically significant performance degradation, establishing it as the optimal format for edge
deployment. INT8 PTQ, while compressing by 69.8%, incurred accuracy losses exceeding the
partitioning-induced variance, confirming genuine quantization-induced degradation. Critically,
variance analysis across three independent lesion-level splits showed that data partitioning accounts
for +4.28% top-1 variability far exceeding the quantization effect demonstrating that single-split
evaluations cannot reliably characterize compression-accuracy trade-offs in this domain. Future work
should benchmark TFLite models on ARM edge hardware, investigate quantization-aware training to
recover INT8 performance, adopt patient-level evaluation, and assess model equity across Fitzpatrick
skin phototypes.

The current paper proposed the first lesion-level stratified evaluation framework in dermoscopic Al
literature for post-training quantization of multi-class skin lesion classification. Float16 PTQ reduced
model size by 49.6% on ISIC 2019 compared to EfficientNetB0, with performance drop of only
+3.34% (estimated upper bound), establishing it as the better format for edge. However, INT8 PTQ
compressed with a relative error of 69.8% suffered from accuracy degradation that was higher than the
partitioning-induced variance, indicating actual quantization-induced degradation. Using data
partitioning to investigate variance analysis across three independent lesion-level splits revealed that
this variance accounts for +4.28% top-1 variability far exceeding the quantization effect indicating
that evaluations on a single-split cannot be reliably generalized for compression-accuracy trade-offs
in this domain. Future work should benchmark TFLite models on an ARM edge hardware, explore the
use of quantization-aware training to recover INT8 performance, use patient-level evaluation, and
assess model equity across Fitzpatrick Skin Phototypes.
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