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@ Abstract

Osteoporosis is a systemic skeletal disorder affecting millions worldwide, characterized
by decreased bone mineral density and increased fracture risk. Early and accurate
detection from knee radiographs remains clinically challenging due to the subtlety of
trabecular changes and limited availability of annotated datasets.

This study presents a comparative analysis of three deep learning architectures — a
custom Convolutional Neural Network (CNN), ResNet50 with partial fine-tuning, and
EfficientNet-B3 with full fine-tuning — for binary classification of knee X-ray images into
Normal and Osteoporosis categories.

Methods. The Osteoporosis Knee X-ray Dataset (372 images) was used as the benchmark.
All models were trained with Contrast-Limited Adaptive Histogram Equalization
(CLAHE)-based contrast enhancement, geometric and occlusion augmentations, and a
class-weighted cross-entropy loss function to address class imbalance. Early stopping
and L2 regularization were applied to improve generalization.

Results. Experimental results demonstrate that EfficientNet-B3 achieved the highest
overall performance with an accuracy of 80.00%, recall of 89.74%, and F1-score of 82.35%,
making it the most suitable model for clinical screening where sensitivity is prioritized.
Custom CNN attained the highest Receiver Operating Characteristic — Area Under the
Curve of 87.75%, indicating strong discriminative capacity despite its compact
architecture.

Conclusions. ResNet50 with partial fine-tuning showed competitive precision (76.32%)
and Area Under the Curve (86.89%). These findings provide insights into the trade-offs
between model complexity, transfer learning strategy, and diagnostic performance for
small-scale medical imaging tasks.
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1. Introduction

Osteoporosis is a chronic metabolic bone disease
defined by reduced bone mass and deterioration of
bone microarchitecture, leading to enhanced skeletal
fragility and susceptibility to fractures. According to the
International Osteoporosis Foundation, osteoporosis
affects an estimated 200 million people globally, with
fragility fractures occurring every three seconds [1]. The
knee joint, in particular, is one of the most frequently
affected anatomical regions, and plain radiography
remains the most widely accessible modality for initial
assessment in low-resource clinical settings.

The clinical gold standard for osteoporosis
diagnosis is dual-energy X-ray absorptiometry (DXA),
which measures Bone Mineral Density (BMD) and
assigns T-scores to classify patients as normal,
osteopenic, or osteoporotic. However, DXA scanners
are expensive, not universally available, and expose
patients to additional radiation doses. This has
motivated the development of computer-aided
detection systems capable of inferring bone health
status directly from conventional radiographs, which
are already routinely acquired in orthopedic practice.

Deep learning, and Convolutional Neural
Networks (CNNSs) in particular, have demonstrated
remarkable performance in medical image analysis
tasks including chest X-ray interpretation, diabetic
retinopathy screening, and histopathology
classification [2,3]. Transfer learning from large-scale
datasets such as ImageNet has emerged as a critical
technique for adapting pre-trained representations to
small medical datasets, where collecting and annotating
thousands of samples is often impractical [4].

Despite  growing interest in  automated
osteoporosis detection, the literature reveals a lack of
systematic comparison between custom architectures
and pre-trained models under identical experimental
conditions, particularly with respect to class imbalance
handling and contrast enhancement preprocessing.
Most existing studies either focus on a single
architecture [5,6] or apply augmentation without
controlled ablations [7].

To address these gaps, this paper makes the
following contributions: (1) a fair head-to-head
comparison of three architectures — a purpose-built
CNN, ResNet50 with partial fine-tuning of its final
convolutional block (layer4), and EfficientNet-B3 with
full fine-tuning — under identical training protocols; (2)
systematic application of Contrast-Limited Adaptive

Histogram Equalization (CLAHE) preprocessing to
enhance trabecular contrast prior to training; (3) class-
weighted cross-entropy loss to handle the imbalanced
Normal/Osteoporosis distribution; and (4) evaluation
across five complementary metrics: accuracy, precision,
recall, F1-score, and Receiver Operating Characteristic —
Area Under the Curve (ROC-AUC).

Significant progress has been made in applying
deep learning to osteoporosis and bone disease
detection across various anatomical sites and imaging
modalities.

Initial efforts directly addressed knee-radiograph-
based osteoporosis classification using transfer
learning, where evaluating AlexNet, VGG-16/19, and
ResNet on 381 Quantitative Ultrasound (QUS)-
validated knee X-rays demonstrated that a pretrained
AlexNet achieved 91.1% accuracy, substantially
outperforming the same architecture trained from
scratch (79%), underscoring the importance of transfer
learning on small radiographic datasets, as shown by
Wani and Arora [5].

A multi-architecture benchmark using 1,947
augmented knee X-rays reported VGG-19 as the top-
performing model with 97.5% binary accuracy and
92.0% three-class accuracy, notably highlighting the
disparity between results on augmented versus
original-scale datasets as a critical consideration when
interpreting published benchmark figures, according to
Sarhan et al. [6].

A custom 54-layer "Superfluity DL" multi-branch
architecture was developed to achieve 85.42% on the
Mendeley dataset and 79.39% on the Kaggle
stevepython benchmark, surpassing AlexNet and
ResNet-50 baselines and emphasizing that task-specific
architectural decisions can be more beneficial than
depth alone on this problem, as introduced by Naguib
etal. [7].

KONet, a weighted ensemble of DenseNet-121,
EfficientNetB0, ResNet50, VGG-19, MobileNet, and
InceptionV3, was shown to demonstrate precision,
recall, and F1-scores of approximately 97% under five-
fold cross-validation on the same 372-image Kaggle
binary set; this indicates the ceiling achievable with
ensemble  fusion, although its computational
complexity makes it unsuitable for resource-
constrained clinical deployment (Rasool et al.) [8]).
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Beyond knee radiographs, EfficientNet-b3
ensembles were applied to hip radiographs (1,131
images), achieving an AUC of 0.937 and demonstrating
the benefit of multimodal clinical-covariate fusion, as
researched by Yamamoto et al. [9]. Furthermore,
combining VGG-16 with non-local neural network
modules for hip-radiograph osteoporosis prediction
yielded an internal AUC of 0.867 and one of the few
external validation results (AUC 0.700) in this literature,
as reported by Jang et al. [10].

The use of CLAHE as a preprocessing step for bone
radiographs was validated by demonstrating that it

2. Materials and methods

Dataset Description

This study uses the Osteoporosis Knee X-ray
Dataset [14], publicly available on Kaggle, which
contains 372 knee radiograph images distributed across
two classes: Normal and Osteoporosis. The dataset
originates from a clinical camp in India where patients
underwent simultaneous knee X-rays and Quantitative
Ultrasound System (QUS) T-score measurements,
providing ground-truth labels validated by orthopedic
specialists [5]. The inherent class imbalance in the
binary formulation — with Osteoporosis cases
constituting the minority class — is a key challenge that
our methodology explicitly addresses. The dataset was
split into training (80%, 298 images) and validation
(20%, 74 images) subsets using stratified random
sampling to preserve class proportions.

Preprocessing: CLAHE Enhancement

All images were resized to 224 x 224 pixels to
conform with ImageNet pretraining conventions.
Contrast Limited Adaptive Histogram Equalization
(CLAHE) [15] was applied uniformly to both training
and validation sets. CLAHE operates by dividing the
image into a grid of contextual tiles (tile size 8 x 8 in this
work), performing histogram equalization locally
within each tile, and applying a clip limit (set to 4.0) to
prevent noise amplification inherent to standard
adaptive HE. For bone radiographs, CLAHE has been
shown to significantly enhance the visibility of
trabecular microstructure — the primary visual cue for
osteoporosis assessment [11].

Data Augmentation

To reduce overfitting on the small training set, the
following augmentation pipeline was applied
exclusively to the training data wusing the
Albumentations library: (1) Horizontal flip (p=0.5); (2)
ShiftScaleRotate with shift limit 0.05, scale limit 0.05,
and rotation limit +15° (p=0.5); (3) CoarseDropout with
1-3 rectangular patches of 10-30 pixels (p=0.5). All
images were normalized with ImageNet mean (0.485,
0.456, 0.406) and standard deviation (0.229, 0.224, 0.225).

significantly improved fracture detection performance
in wrist X-rays, as established by Hardalag et al. [11].
Finally, class imbalance handling through weighted
loss functions and Synthetic Minority Over-sampling
Technique (SMOTE) variants has been proven as critical
for medical classification, as detailed by Chawla et al.
[12] and Lin et al. [13].

This study presents a comparative analysis of three
deep learning architectures — a custom CNN, ResNet50
with partial fine-tuning, and EfficientNet-B3 with full
fine-tuning — for binary classification of knee X-ray
images into Normal and Osteoporosis categories.

Methodology

This study evaluates three deep learning
architectures under identical experimental conditions
to ensure a fair comparison. The first model is a
purpose-built Custom CNN trained from random
initialization, serving as a non-pretrained baseline. It
comprises three sequential convolutional blocks — each
consisting of a Conv2D layer (3x3 kernel, padding 1),
Batch Normalization, ReLU activation, and 2x2 Max
Pooling — with channel dimensions expanding
progressively from 3 to 32, 64, and 128. The resulting
128x28x28 feature maps are flattened and passed
through a two-layer fully connected head (512 hidden
units, ReLU, Dropout p=0.6, 2-class output), with a
learning rate of 1 x {10}*-4}. The second model,
ResNet50 [16], was initialized with ImageNet weights
and trained using a selective fine-tuning strategy: the
entire backbone was first frozen, after which only the
final residual stage (layer4) was unfrozen to enable
domain adaptation of high-level feature detectors while
preserving low-level pretrained representations. Its
classifier was replaced by Dropout (p = 0.6) followed by
a Linear layer (2048 — 2), trained at a conservative
learning rate of 1 x {10}*{-5}. to prevent catastrophic
forgetting. The third model, EfficientNet-B3 [17], was
also initialized with ImageNet weights but subjected to
full fine-tuning across all layers, allowing complete
domain adaptation. Its compound scaling strategy —
simultaneously optimizing network depth (1.4x), width
(1.2x), and input resolution (1.3) provides a superior
accuracy-to-parameter ratio compared to single-
dimension scaling approaches. The classifier head was
replaced with Dropout (p =0.5) and a Linear layer (1536
— 2), trained at 1 x 10-5.

All three models shared an identical training
protocol. Class-weighted cross-entropy loss was
applied, with per-class weights computed via scikit-
learn's 'balanced' weighting scheme to penalize
misclassification of the minority osteoporosis class. The
Adam optimizer was used with L2 weight decay (A =1
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x 10#) for regularization. Training was capped at 40
epochs with early stopping triggered after 7 consecutive
epochs without validation loss improvement, and the
best checkpoint — defined by minimum validation loss

3. Results
Quantitative Performance Comparison
Table 1 presents the evaluation metrics for all three

— was retained for final evaluation. All experiments
were conducted on Graphics Processing Unit (GPU)
(Compute Unified Device Architecture (CUDA)) with a
batch size of 32.

model overall. Notably, the Custom CNN attains the
highest ROC-AUC (87.75%), indicating stronger overall

models on the validation set. EfficientNet-B3 achieves discriminative capacity across all classification
the highest accuracy (80.00%), recall (89.74%), and F1- thresholds.
score (82.35%), establishing it as the best-performing
Table 1 - Performance comparison of deep learning models on the validation set
Model Accuracy Precision Recall F1-Score ROC-AUC
EfficientNet-B3 0.8000 0.7609 0.8974 0.8235 0.8348
ResNet50 0.7467 0.7632 0.7436 0.7532 0.8689
Custom CNN 0.7867 0.7805 0.8205 0.8000 0.8775

Training Dynamics of EfficientNet-B3

Figure 1 illustrates the training and validation loss
and accuracy curves for EfficientNet-B3 over 40 training
epochs. The loss curves (left panel) show a consistent
and synchronized decline for both training and
validation loss, with no significant divergence between
the two, indicating controlled overfitting under the
applied regularization strategy (Dropout, weight decay,
early stopping). Notably, the validation loss tracks
slightly below the training loss in several epochs, which
can be attributed to the use of class-weighted loss and
the stochastic nature of augmentation applied only to
training data.

N

EfficientNet_B3_FineTuned - Loss

Train Loss
—— Validation Loss

o] 5 10 15 20 25 30 35 40

The accuracy curves (right panel) demonstrate that
validation accuracy reaches approximately 80% and
stabilizes by epoch 25-30, while training accuracy
continues to grow gradually. This pattern is consistent
with well-regularized fine-tuning behavior on a small
dataset. The absence of a sharp divergence between
training and validation curves confirms that CLAHE
preprocessing and data augmentation effectively
prevented overfitting despite the limited dataset size of
298 training images.

EfficientNet_B3_FineTuned - Accuracy
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Fiqure 1 - Training and validation loss (left) and accuracy (right) curves for EfficientNet-B3 over 40 epochs

4. Discussion

Across all three models, a clear performance
hierarchy emerges that reflects the interplay between
architecture complexity, fine-tuning strategy, and
dataset scale. EfficientNet-B3 achieves the strongest

overall results with the highest accuracy (80.00%), recall
(89.74%), and Fl-score (82.35%), making it the most
clinically suitable model for osteoporosis screening,
where minimizing false negatives — missed diagnoses
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— carries greater consequences than false positives.
Despite this, its ROC-AUC (83.48%) is the lowest among
the three models, suggesting that full fine-tuning on a
dataset of only 372 images may introduce slight
threshold-level confidence bias, causing the model to
perform well at its default operating point but less
consistently across the full range of classification
thresholds.

The Custom CNN presents an instructive
counterpoint:  trained entirely from random
initialization without any pretrained features, it
nonetheless achieves 78.67% accuracy, 80.00% F1-score,
and the highest ROC-AUC of 87.75%. The superior
discriminative capacity across thresholds suggests that
a compact, task-specific architecture — regularized
with high Dropout (0.6) and Batch Normalization —
can learn a more generalized decision boundary on this
narrow domain than a heavily parameterized
pretrained model forced to adapt from object-
recognition features. This is consistent with the findings
of Raghu et al. [18], who demonstrated that transfer
learning on small medical datasets primarily accelerates
convergence rather than delivering large accuracy
gains. ResNet50, trained with partial fine-tuning
limited to its final residual block (layer4), shows the
weakest accuracy (74.67%) and Fl-score (75.32%),
though its AUC (86.89%) remains competitive. The
constrained fine-tuning depth appears insufficient to
adapt ResNet50's representations to the subtle
trabecular  texture changes that characterize

5. Conclusions

This study conducted a systematic comparative
evaluation of three deep learning architectures for
binary classification of knee radiographs into Normal
and Osteoporosis categories. EfficientNet-B3 with full
fine-tuning emerged as the best overall model,
achieving 80.00% accuracy, 89.74% recall, and 82.35%
F1-score. The Custom CNN demonstrated the strongest
discriminative capacity by ROC-AUC (87.75%),
challenging the assumption that transfer learning
always yields superior generalization on small
radiographic datasets. ResNet50's partial fine-tuning
strategy was insufficient to fully exploit its pretrained
representations, suggesting that more aggressive
unfreezing may improve performance.
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Tyiingeme

Ocreornopos — cyliek yAIlachIHBIH MUHEPaAABI TBIFBI3ABIFBIHBIH TOMEHAeYyiMeH XKoHe ChIHY KayIIiHiH apTybIMeH
CHUIIaTTaAaThlH, OyKia 941eM OOJBIHIIIa MMAAMOHJAFaH ajaMFa acep eTeTiH Kyiieai KaHKa aypysl. TpabeKyaspAabik
esrepicrepaiH eTe Ha3ik 0OAybIHA >KoHe TaHOaJlaHFaH JAepeKTep >KMBIHTHIFBIHBIH IIeKTeyliirine OailaaHBICTHI Tize
OyBIHBIHBIH peHTIeHOTpaMMachkl apKbLAbI aypyAbl epTe api 494 aHBIKTAy KAMHMKAABIK TYPFBIJaH Kypaeai Maceae
0oAbIIT KaayAa.

bya 3eprTeyae Tize OybIHBIHBIH peHTIeH cypeTTepiH «KaabTe koHe «OcTeonopos» caHaTTapblHa OMHAPABI
KiKTeyaepre apHaAfaH TepeH OKBITYABIH YIII apXMTeKTypachblHa — KacTOMABI (MaligadaHYIIbIABIK) TYMBIKTaAfaH
HelipoHAIK, >keaiciHe (CNN), iminapa 494 Ganrtayszan etkeH ResNet50 >xome ToablKk 494 OamrayjaH ©TKeH
EfficientNet-B3 yariaepine caabicTeipMadbl Taaaay Kyprisiaai.

OaicTepi. DTaa0HABIK JdepeKTep Oas3achl peTiHAe OCTeOIOpo3 Ke3iHAerl Tize peHTIeHiHiH gepeKTep >KVMBIHTHIFBI
(372 xeckin) nmaiaaaanblaabl. bapabik Mogeabaep KOHTpacTThl apTThIpyFa apHaAfaH KOHTPACTHI lIeKTeAreH aJalTUBTI
TMCTOTPaMMaHBl TEHeCTipy 94iCiH, reOMeTPUAABIK >KoHe OKKAIO3MAABIK ayrMeHTaluusAJlapAbl, COHAal-aK, KJAacTap
TeHTepiMCi3AiriH 00 YIIiH KAacCTBIK-CaAMaKTaAfaH KPOCC-DHTPONMAABIK INBIFBIH (PYHKIVSICBHIH KOAAAHY apKbLAbI
OKBITBIAABL. Mogeabaepain >kaamplaay KaOideTiH >KakcapTy YIIIH epTe TOKTaTy >KoHe L2-peryaspusanusacsl
KOAAAHBIAABL.

Hoerimxeaepi. Oxcnepumentrik HoTvoKeAep EfficientNet-B3 moaeainin 80,00% a944ix, 89,74% TOABIKTHIK >KoHe
82,35% Fl-ea1meMiH KepceTill, eH >KOFaphl >KaAllbl ©HiMAiliKKke KOA JKeTKi3TeHiH KkepceTTi. by oHBI cesiMTaaAbIKKa
OachIMABIK, OepileTiH KAMHMKAABIK CKPUMHMHI VIIiH eH Ko4aiabl Modeab ereai. Ilaiigasanymsiapik CNN esiHiH
JKMHaKBbl apXUTeKTypachblHa KapaMacTaH, KOFaphl aliblpy KabiaeTiH OalikaThlIl, eH >KOFaphl KaObLAAAFBIIITIH JKYMBIC
CUIIaTTaMachl — KVCBIK acThIHAaFH ayaaH (ROC-kucerrsr) kepceTkirtine (87,75%) sxerri. Intinapa 494 6anTaysaH eTKeH
ResNet50 H6ocexere kabiaerTi 49441k (76,32%) 1eH KUCHIK acTBIHAAFHI ayaH (86,89%) KepceTkimTepiH OalikaTThL.

KopsITBIHABL. AZABIHFaH HOTVKeAep IMarblH ayKbIMABI MeAMIIMHAABIK OeliHeAepai eHAey TallchipMadapbIHJa
MOJeAbAiH KypAeAaiairi, TpaHcdepaik OKBITY CTpaTerusAChl >XoHe AMArHOCTMKAABIK TUIMAiAIK apachIHAAFBl e3apa
OaliaaHbICTap MeH TaHJAayAap TypaaAsl KYHABI MaaiMeTTep Oepeai.

Ty¥iH ce3aep: OCTEONIOPO34bl aHBIKTaY, TEPEH OKBITY, TpaHcdepai okbiTy, EfficientNet, ResNet50, koHTpacTh
IIIeKTeAreH aJalTHBTI TMCTOTpaMMa, Tide peHTreHOrpadusACh, IaiijalaHyIIBIABIK HENPOHABIK >Keai, Kaactap
TEeHrepiMci3Airi, MeAMIMHAABIK KeCKiHACPAL XKiKTey.
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Pesome

Ocreonopos — »TO cucreMHOe 3a0o0leBaHMe CKeleTa, IOpakaiollee MIAAMOHBI AI0Aeli IO BCeMy MUPY U
XapaKTepu3yIoIlieecsl CHIDKeHNeM MMHepPaAbHOMN II0OTHOCTM KOCTHOMV TKaH! I ITOBBIIIEHHBIM PUCKOM IIepe/lO0MOB.
PanHsA 1 TOUHAs AMAaTHOCTMKA II0 peHTTeHOTpaMMaM KO/AeHHOTO CyCTaBa OCTaeTCsl CAOKHOM KAMHITIECKOM 3ajadeil
13-3a e/Ba 3aMeTHBIX M3MeHeHN TpabeKyAsSpHON CTPYKTYPLI 1 OIpaHIMIeHHO JOCTYITHOCTH pa3MedeHHBIX HaDOpOB
AAHHBIX.

B aannom mccaegosanum rnpeacraBAeH CpaBHUTEABHBIN aHAaAU3 TpeX apXMUTeKTyp IayOOKOro oOydeHMsT —
KaCTOMHOI (IT0Ab30BaTeAbcKoI) ceepTouHOl HevipoHHoI ceTnt (CNN), ResNet50 ¢ yacTiaHOIT TOHKOI HacTPOMKOM U
EfficientNet-B3 ¢ moaHoli TOHKON HacCTpONKON — AAd OMHaApHON KaaccMPUKaAIUM PEHTTEHOBCKUX CHIMKOB
KO/IeHHOTO CycTaBa Ha Kateropuu «Hopma» n «Ocreoniopos».

Mertoapl. B KauecTBe »Taa0HHOTO JaTaceTa MCIOAB30BaAcsl HabOOp PEHTIeHOBCKMX CHMMKOB KOJA€Ha HpHu
ocreoriopose (372 uzobpaxkenns). Bce Mogean obydaamch ¢ mpuMeHeHHEM MeTO4a KOHTPacTHO-OTpaHMYeHHON
aJanTUBHOM DKBAaAM3alMM TUCTOTPaMMBl AAs IIOBBIIIEHNs KOHTPACTHOCTM, TeOMeTPMYecKOl ayrMeHTalluu I
ayrMeHTallMM IIepeKphITH, a TaK>Ke B3BeIlIeHHO 1o KAaccaM (PyHKIIUU IOTeph KPOCC-SHTPOINM A4 YCTpaHeHIs
AucbasaHca KAaccoB. /45 TOBHIIIIeHsT 00001Iaonieli CriocoOHOCTI MOAeAell IPUMEeHAANCh paHHee ITpeKparleHie
oOyuenns u L2-peryaspusaris.

PesyapraThl. DKcIepuMeHTaAbHBIe pe3yAbTaThl MokasbibaloT, uto EfficientNet-B3 mpoaemoncrpmposasa
HaAY4IIyIO OOIIyIO IPOU3BOANTEABHOCTS ¢ TodHOCTHIO 80,00%, moanotoit 89,74% n F1-mepoit 82,35%, uto aeaaet
ee Hanboaee ITOAXOAAIIEN MOARABIO A4 KAMHIYECKOTO CKPMHIHTA, TAe IIPMOPUTETOM ABASETCS UyBCTBUTEABHOCTD.
Kacromuas CNN gocturaa HauBhICIIEro 3HadeHMs1 pabodeil XxapaKTepUCTUKY IIpMeMHNKa — I1A0IaAM 1104 KPUBOIi
(87,75%), uTo yKasplBaeT Ha BBICOKYIO CIIOCOOHOCTb K AVICKPMMMHAIIMY, HECMOTPS Ha KOMIIAKTHYIO apXUTEKTYpY.
Moaean ResNet50 ¢ yacTIHOI TOHKOI HACTPOVIKOM ITOKa3ala KOHKYPEeHTOCIIOCOOHYIO TOYHOCTS (76,32%) 1 mao1maab
oA KpuBoii (86,89%).

Brisoanr. IloaydenHble peayabTaThl IO3BOASIOT OLIEHUTL KOMIIPOMMCCHI MeXAY CAOXKHOCTBIO MOJeAw,
cTpaterueit TpaHcgepHOro obydeHMs 1 AMAarHOCTUYEeCKO! 9P PeKTMBHOCTHIO IIPU pelleHNny 3ajad KaaccuduKalum
MeAVIIMHCKMX M300paskeHNii Ha MaAbIX BRHIOOpKax.

Karouesble caoBa: oOHapy>KeHIe OCTeONOpo3a, IAybokoe oOydeHne, TpaHcpepHoe oOydenne, EfficientNet,
ResNet50, koHTpacTHO-OrpaHNYeHHas aJallTUBHAs DKBAAM3allVsl IMCTOIPaMMBI, peHTreHorpadus KOAeHHOTO CyCTaBa,
CBepTOYHasI HEMpOHHAsI CeTh, AucOalaHC KAaccoB, KAaccupyKalys MeUIMHCKIX N300paskeHNI.
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