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Abstract—Detecting and segmenting complex upper-limb frac-
tures in X-ray imaging remains a persistent challenge due to
subtle visual patterns, anatomical overlap, and heterogeneous
acquisition conditions. While deep learning continues to ad-
vance fracture analysis, its progress is limited by fragmented
public datasets that differ in format, annotation standards,
clinical focus, and image quality. This paper addresses this
limitation by unifying three publicly accessible X-ray datasets
(FracAtlas, Bone Fracture Detection, and GRAZPEDWRI-DX)
into a single, standardized, high-quality resource dedicated to
upper-limb fracture research. The proposed integration pipeline
includes rigorous dataset selection, annotation harmonization,
preprocessing, normalization, and multi-stage quality control to
ensure consistency and clinical reliability. The resulting dataset
provides extensive anatomical diversity, a wide spectrum of
fracture types, and verified segmentation masks suitable for
training and benchmarking deep learning models. Although class
imbalance and uneven fracture representation persist, the unified
dataset establishes a valuable foundation for developing robust,
generalizable, and clinically meaningful Artificial Intelligence
(AI) systems for fracture detection, localization, and segmenta-
tion. Future extensions will focus on balancing fracture categories
and evaluating state-of-the-art architectures on the proposed
dataset.

Keywords-Upper-limb fractures; X-ray imaging; Dataset har-
monization; Medical image preprocessing; Fracture detection;
Fracture segmentation; Artificial Intelligence; Dataset integration.

I. INTRODUCTION

Precisely detecting and segmenting complex bone fractures
in X-ray images remains an essential yet highly challenging
task in medical imaging, due to the subtle nature of fractures,
the frequent overlap of anatomical structures, and the con-
siderable variation in image quality [1]. Upper-limb fractures,
including those of the fingers, hands, wrists, forearms, and
elbows, can be particularly challenging due to the complex
anatomy of these areas, the small size of some bones, and the
wide variety of fracture types, such as displaced, comminuted,
or hairline fractures [2]. Errors or delays in diagnosing such
fractures can lead to prolonged recovery periods, reduced
functional mobility, and increased healthcare costs [3]. X-ray
imaging continues to be the primary method for evaluating
fractures due to its speed and accessibility [4][5]. Despite these
benefits, interpreting X-rays accurately remains a research
challenge because it depends largely on the clinician’s exper-

tise [1]. Studies have shown significant variability between
observers, especially when evaluating subtle or rare fractures,
highlighting the need for objective and standardized tools
to support clinical decision-making [4]. Artificial Intelligence
(AI) and deep learning have shown considerable promise in
medical imaging, helping clinicians more reliably detect, lo-
cate, and segment fractures [6][7]. However, building effective
Al models depends on access to large, diverse, and high-
quality datasets [8][9]. At present, existing X-ray datasets are
often fragmented, vary in format, and lack consistent annota-
tions, which limits their practical use for model development
[10]. This study proposes to address these limitations by
integrating, standardizing, and harmonizing multiple publicly
available X-ray datasets into a unified resource. In doing so,
we create a comprehensive, clinically meaningful, and fully
standardized X-ray dataset dedicated to upper-limb fracture
analysis.

The novelty of this work lies in the systematic integration
of three major publicly available datasets FracAtlas [10][16],
Bone Fracture Detection (Kaggle) [17], and GRAZPEDWRI-
DX [18] into a single, coherent resource. Publicly available
datasets that are fully annotated for fracture segmentation are
rare, and identifying datasets that simultaneously provide X-
ray imaging, upper-limb coverage, pixel-level segmentation
annotations, and comprehensive metadata remains a significant
challenge. Among the publicly accessible resources, only these
three datasets currently meet our selection criteria. While other
fracture related datasets do exist, they are often limited to
Computed Tomography (CT) imaging modalities or do not
cover the upper limb, such as RSNA [11] and 5K+ CT
Images on Fractured Limbs [12], or are primarily designed
for classification tasks, such as the MURA dataset [0], rather
than segmentation, making them unsuitable for the objectives
of this work.

This scarcity highlights the uniqueness of such datasets
and directly motivates the core objective of this study: the
construction of a unified, balanced, and high-quality data
distribution from heterogeneous public sources. To achieve
this objective, the proposed approach harmonizes annotation
formats, imaging resolutions, metadata structures, and prepro-
cessing pipelines, while implementing a multi-stage quality
control procedure to guarantee data consistency and reliability.
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By creating a reliable and comprehensive dataset, this work
establishes a strong foundation for the development of Al
systems capable of supporting clinicians in accurate and effi-
cient fracture diagnosis, improving patient care, and advancing
medical imaging research for the detection and segmentation
of complex bone fractures.

The paper is structured as follows: Section II details the
methodology, introduces the datasets with their key strengths
and limitations, and describes their preparation before fusion.
Fusion, Standardization, and Normalization of Datasets covers
the merging and preprocessing steps. Dataset Quality Assur-
ance presents post-fusion evaluation, including automated and
visual checks. Section III reports and discusses the results,
key observations, and trends. Finally, Section IV concludes
and outlines future research directions.

II. METHODS

Selecting an appropriate imaging modality is essential for
analyzing complex or atypical bone fractures. Public datasets
enable the integration of heterogeneous sources into a unified
database for automated fracture detection and segmentation
[13], ensuring clinical relevance and compatibility with ma-
chine learning workflows [14][15]. This study used three
publicly accessible datasets, FracAtlas, the Kaggle Bone Frac-
ture Detection dataset, and GRAZPEDWRI-DX (Table I),
chosen for their availability, rich annotations, and strong
focus on upper-limb fractures. All datasets underwent fusion,
standardization, normalization, and quality control to ensure
consistency.

The datasets FracAtlas, Bone Fracture Detection, and
GRAZPEDWRI-DX were selected primarily based on their
public accessibility and their suitability for fracture detec-
tion and segmentation tasks in X-ray imaging. The selection
focused on datasets covering the upper-limb, which remains
underrepresented in publicly available fracture datasets.

To develop robust and generalizable AI models, datasets
representing diverse populations and clinical contexts were
prioritized. FracAtlas, Kaggle Bone Fracture Detection, and
GRAZPEDWRI-DX offer complementary anatomical cover-
age, detailed annotations, and demographic variability. To-
gether, they form a cohesive resource for training and eval-
uating fracture detection and segmentation algorithms. Table I
summarizes their characteristics, including population type,
anatomical coverage, size, annotation formats, metadata, and
geographic origin.

A. Datasets Preparation

Prior to dataset integration, the three selected datasets were
manually examined. The FracAtlas dataset comprises only
717 fracture images (mixed upper and lower limp), while the
other two datasets contain substantially more (as illustrated in
Table I). To mitigate this imbalance, data augmentation was
applied to the FracAtlas images after selecting only upper-limb
samples tripling their number.

Additionally, 3,000 images were randomly selected from
each of the GRAZPEDWRI-DX and Bone Fracture Detec-

tion datasets before preprocessing to reduce their size. This
procedure ensured a more balanced selection across the three
datasets prior to fusion.

1) Data Preparation for FracAtlas:
The FracAtlas dataset contains X-ray images with pixel-
level segmentation masks for precise fracture detection.
The dataset is structured into Images (Fractured and Non-
fractured), Annotations (COCO JSON utilized in this
study), and Metadata recorded in a CSV file. Let Niy;
denote the total number of annotated fractured images
before filtering. We first filter the dataset to retain only
upper-limb fractures (hand and shoulder) and exclude
lower-limb regions (leg and hip). Formally, the filtering
condition can be expressed as:
UpperLimbFra = {z ' (hand; =1 V shoulder; = 1) }
A (leg; =0 A hip, =0)
A (fractured; = 1)

ey
where:
« ¢ indexes each image in the dataset,
e V (logical OR) indicates that at least one of the

conditions is true,
o A (logical AND) indicates that all conditions must be
true simultaneously.

This defines UpperLimbFra as the set of images showing
fractures in the upper limbs (hand or shoulder) while
excluding any fractures in the legs or hips.
Each image I; is associated with a binary mask M;,
where fracture pixels are assigned a value of 255 and
background pixels are set to 0 [19], as formally defined
by:

255, if the pixel (x,y)
Mi(x,y) = belongs to a fracture, 2)
0, otherwise.

Applying the filter defined in (1) reduced the dataset to
Ny (number of filtered upper-limb fracture images). This
filtered set restricts that only relevant images containing
fractures in the upper extremities (hand or shoulder)
and excluding lower-limb involvement are retained for
subsequent analysis and augmentation.

Moreover, images without valid masks (> M; = 0)
were removed. Data augmentation, as described in [20],
was applied to each filtered image. Let A denote the
number of augmented images per original sample. In this
study, the augmentation factor was fixed to A = 3, a
choice that provides additional variability without dis-
proportionately amplifying any particular subset of the
dataset. This specific choice helps maintain a comparable
number of images in the filtered FracAtlas subset relative
to the other two datasets, preventing any single dataset
from dominating the combined database and supporting
a balanced representation for training. The augmentation
techniques applied include:
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TABLE I. COMPARATIVE SUMMARY OF THE THREE PUBLICLY AVAILABLE FRACTURE DATASETS, INCLUDING DATASET ORIGIN.

Parameter FracAtlas Kaggle Bone Fracture Detection | GRAZPEDWRI-DX
Population Mixed adults & children Unspecified Pediatric only (0-19 yrs)
Dataset origin / | Bangladesh (3 hospitals) N/A Austria (University Hospital Graz)
Country
Body regions Upper & lower limbs Mainly upper limbs Wrist only
Dataset size 4,083 images; 717 with fractures 8296 images 20,327 images; 6,091 patients
Annotations Classification labels, masks, | Bounding boxes, some masks Masks, polygons, bounding boxes
bounding boxes
Metadata Available None Rich; includes clinical descriptors
Strengths e Clinically reviewed e Wide upper-limb variety e Large-scale pediatric dataset
o Subtle fractures included e Useful for detection models | e Detailed annotations
e Multi-hospital collection (YOLO) e Masks, polygons, bounding
boxes
Limitations o Underrepresented regions e Missing metadata o Single-center dataset
e Class imbalance o Unclear labeling e Uneven class distribution
o Integration harder
Note. yrs: years; N/A: Not Available
« Horizontal and vertical flips applied with probabilities W
pripp = 0.5 and pgipy = 0.3. Tmin = max(0, .- W — L)
e« Random rotation by an angle 6 € 2 W
{—15°,—10°, —5°,5°,10°,15°}. o = min(W — 1z - W+ 220
« Brightness and contrast modification following I, = W I 2 3)
alyig + 3, with brightness factor a € [0.8,1.2] and Ymin = max(0,y. - H — ——)
contrast shift 8 € [—20, 20]. 2 hoH

2)

o Additive Gaussian noise: [y = Laye + N (0, 0?) with
noise level o = 10.
Here, I, denotes the original image, and I, its aug-
mented version. The parameters « and 3 control bright-
ness and contrast, respectively. The variable 6 represents
the randomly selected rotation angle, while pgipy and
pripv denote the probabilities of horizontal and vertical
flipping. Finally, A'(0,0?) refers to zero-mean Gaussian

noise with variance 2.

Data Preparation for Bone Fracture Detection from
Kaggle:
The Kaggle Bone Fracture dataset, provided in YOLOVS
format, was preprocessed to support both fracture de-
tection and segmentation tasks. This dataset contains
seven classes: ’elbow positive’, ’fingers positive’, *fore-
arm fracture’, "humerus fracture’, "humerus’, ’shoulder
fracture’, and ’wrist positive’, as reported in [17]. The
preprocessing pipeline included generating binary masks,
computing image-level statistics, and creating metadata
for each image.
« Binary Masks for Segmentation
For each image I; and its corresponding annotations
L;, a binary mask M, was generated via (2).
Bounding boxes in YOLO format, with normalized
coordinates (z., Y., w, h), were converted to pixel co-
ordinates as follows:

Ymax = mln(H - 17yc -H + T)

where W and H denote the image width and height.

When available, polygon annotations were rasterized
into the mask for more precise fracture localization as
represented by:

255, (x,y) € polygon interior
Mi(a,y) = (®,3) ¢ @
0, otherwise
All masks were then binarized as:
255, M;(z,y) > 127
Mi(z,y) = i(#,9) 5)
0, otherwise

Images without valid annotations or with empty masks
were excluded.

Metadata Creation

For each retained image, a metadata CSV file was
generated containing:

image name I;,

fracture class for each annotation c;,
annotation coordinates (x;,;),

approximate fracture area formally defined as:

Aj = (xrnax - xmin) X (ymax - ymin) (6)

Image-level statistics were computed:

— Number of fractures: n; = count(c;)
i cop o= L . T
- h{[ean coordinates: Z; = - Zj i, Y =
EZJ‘ Yj

- Mean area: A; = ;- > A;
k3
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— Severity category:

ild i=1
severity([;) = m ! " 7
multiple, n; > 1
« Visualization and Statistics
The percentage distribution of fracture types was com-
puted as:
tic; =k
P = M % 100 (8)
Nﬁnal
where k£ denotes a possible fracture class value, and
Nfinar 1s the final number of image-mask pairs after
preprocessing.

3) Data Preparation for GRAZPEDWRI-DX: For prepro-
cessing, a subset of images Nj,;; was selected from the
GRAZPEDWRI-DX dataset part 1 to maintain balance
when merging with other datasets. A fixed random seed
allowed reproducible results [4][18].

The preprocessing pipeline included the following steps:

o Defining input paths for raw images and Pascal VOC
annotations, and creating output folders for prepro-
cessed images and masks.

« Parsing each annotation to extract polygons or bound-
ing boxes, which were used to generate precise binary
masks (0 = background, 255 = fracture).

o Clamping and resizing masks when necessary to match
the image dimensions.

o Saving the masks alongside images with harmonized
filenames.

« Recording metadata, including filenames, mask names,
and classes, in a CSV file.

B. Fusion, Standardization, and Normalization of Datasets

In order to build a comprehensive and consistent dataset,
multiple fracture datasets were fused into a single collec-
tion while preserving demographic labels (Adult, Child, or
Mixed—Adult and Child). Each image I; and its correspond-
ing mask M; were resized (resampled) to a standard resolution
of 512 x 512 pixels [21], resulting in I;** and M, the resized
image and mask, respectively. This process is formally defined
by:

I'* = Res(I;, 512,512, interp = cubic),

res . )
M} = Res(M;, 512,512, interp = nearest)

Cubic interpolation preserves image details [22], while
nearest-neighbor interpolation maintains mask accuracy [23].
X-ray images often exhibit uneven brightness or shading. To
correct this, the N4ITK Bias Field Correction was applied to
the luminance channel of each image as formally defined as:

fi — I;'es . Bi_ly

B; = BiasField(I}*) (10)

where B; is the estimated bias field. After bias correction,
intensity normalization was performed to scale the pixel val-
ues to a consistent range suitable for machine learning, as
represented by:

prom = LML s
O’fi

(1)

Here, 117 and o; are the mean and standard deviation of the
bias-corrected image I;. This normalization ensures consistent
brightness and contrast across all images. Preprocessing was
performed in batches with parallel processing for efficiency.
Metadata, such as dataset source, demographic category, and
mask information, were saved alongside the images.

The resulting fused Dyyseq and normalized dataset I°™ is
formally defined as:

Drusea = {(I7°™, M, ;’i", metadata; ) }; "

?

12)

where Ny denotes the total number of image-mask pairs
in the fused dataset, computed as the sum of all filtered and
augmented images across the three constituent datasets.

C. Dataset Quality Assurance

After merging the datasets, we ensured consistency and
reliability through automated verification, visual inspection,
and quantitative analysis. We implemented a standardized
integration pipeline that included annotation harmonization,
intensity normalization, and multi-stage quality control. These
steps were specifically designed to minimize potential data
distortions during the merging process and to preserve all
clinically relevant fracture features, despite variations in imag-
ing protocols, anatomical coverage, and acquisition quality
across the original datasets. This approach guarantees that the
resulting unified dataset maintains both anatomical fidelity and
suitability for training robust and generalizable deep learning
models. Automated checks confirmed that each image had
a readable, correctly sized, and non-empty mask, with any
anomalies logged for review.

Additionally, a random subset of images was manually
inspected by overlaying the fracture regions on the correspond-
ing X-rays to verify accurate mask delineation. To quantify
fracture coverage, we calculated the proportion of each image
occupied by fractures using (13):

Sy KM (2, y) > 127]

Fracture_%; = - :
racture_7 width; x height,

x 100, (13)

Here, M; denotes the standardized binary mask of image
I; from its original dataset (before integration into the unified
database), and ¥ is the indicator function counting fracture-
labeled pixels. Using these values, we computed standard
descriptive statistics for each dataset, including minimum,
maximum, mean, and median fracture coverage. To assess
fracture complexity, we analyzed the morphology of each
connected component in the mask. For a component C; in
M; with area A;, width w;, height h;, and perimeter P;, its
complexity was computed using (14):
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TABLE II. UNIFIED SUMMARY OF THE THREE DATASETS: SIZES, FILTERING, AUGMENTATION, SURFACE STATISTICS, AND COMPLEXITY.

Dataset N Filtering & Resulting Outputs Surface Statistics (%) Complexity
i Nag A Niinal Min Max Mean Median | Mean / Max
FracAtlas 717 439 3 1,756 0.007 2.241 0.352 0.312 11.48 / 28.66
Kaggle 3,000 1,491 - 1,491 0.123 18.583 2.256 1.651 11.20 / 24.97
GRAZPEDWRI-DX | 3,000 2,017 - 2,017 0.320 14986 2.622 2.288 11.56 / 24.63

Notes: Nijyii: initial number of X-ray images selected in each dataset; Ng;: number of valid image—-mask pairs remaining after filtering; A: number of
augmentation operations applied (only FracAtlas was augmented with A = 3); Ngp,: final number of image—-mask pairs after filtering and augmentation;
Min, Max, Mean, Median (%): proportion of fracture pixels; Mean / Max of Complexity: average and maximum fracture complexity based on morphological

descriptors (connected components, aspect ratio, compactness).

Complexity(C;) = 0.5 - max(w;, hy) +0.5- P—]Q (14)
T minwy hy) T Ay

The overall complexity of image I; was then defined as the
mean complexity across its n; components through (15):
1 &
Complexity([;) = — Complexity(C}). 15
ompleity(1) = ;-3 Complesity(C;). (19
Finally, for each dataset, we computed the mean and max-
imum complexity across all images retained after preprocess-
ing, using (16):
Nﬁnal
Z Complexity(I;),

final i—1

Mean Complexity =
(16)
Max Complexity = max Complexity([;).
1= [Nfinal
These metrics provide a comprehensive description of frac-
ture morphology by capturing size and shape irregularities,
offering a clear overview of dataset properties for downstream
analysis and model development.

III. RESULTS AND DISCUSSION

The filtering procedure defined in (1) reduced the initial
FracAtlas dataset from Ny, = 717 to Ny = 439 upper-limb
fracture images. To preserve class balance and dataset diver-
sity, each retained image I; and its corresponding mask M;
underwent three augmentation operations (A = 3), resulting
in a final total of Ngy, = 1,756 aligned image-mask pairs, as
summarized in Table II.

Figure 1 shows the distribution of fracture types after
filtering and augmentation, highlighting the predominance of
hand fractures and confirming the effective exclusion of leg
and hip cases. This ensures the dataset remains representative
of upper-limb fractures and suitable for subsequent training
and evaluation.

Similarly, the Kaggle Bone Fracture dataset underwent the
same preprocessing. Binary masks were generated via (5) and
only valid image—mask pairs were retained. Out of 3,000
initially selected images, 1,491 pairs remained. Metadata were
then created, and fracture type percentages calculated using (8)
to support statistical analysis and task integration. Figure 2
illustrates class imbalance, particularly for wrist-positive and
humerus cases.
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Figure 1. Class distribution in the selected FracAtlas subset.
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Figure 2. Class distribution in the selected Bone Fracture Detection subset.

The GRAZPEDWRI-DX dataset followed the same
pipeline. From Ny = 3,000 images, 2,017 valid image—mask
pairs were retained (Table II). The resulting subset, with har-
monized images, masks, and metadata, is ready for integration
with the other datasets, providing a robust training set for
fracture detection and segmentation [4][7][18].

Merging these three datasets produced a unified, coherent X-
ray collection for upper-limb fracture analysis. Despite differ-
ences in acquisition protocols, demographics, and annotation
styles, preprocessing, normalization, and validation ensured
alignment in image quality, mask formats, and metadata.

After resizing and normalization, summary statistics (Ta-
ble II) and histograms (Figure 3) highlight variability and
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Figure 3. Distribution of fractured pixels across datasets.

potential outliers. Fractures were categorized by size: subtle
(02% of pixels), medium (2-5%), and large (>5%). Bone
fracture detection (Kaggle mainly contains small fractures,
FracAtlas mostly subtle ones, and GRAZPED shows a bal-
anced distribution of small to medium fractures, including a
few extreme case (Figure 3). Overall, most images feature
very small fractures, with larger ones increasingly rare. This
distribution suggests a bias toward detecting minor cracks, em-
phasizing the importance of data augmentation, oversampling,
or class-weighted training.

Fracture complexity was quantified using connected com-
ponents, aspect ratio, and compactness, with the mean com-
plexity across components defining each image’s overall com-
plexity. Complexity scores were computed for all images to
enable cross-dataset comparisons, and Table II reports mean
and maximum values. Notably, small fractures are not always
simple; some remain regular while others, though subtle, show
intricate shapes, multiple fragments, or irregular boundaries.
A full assessment should therefore include fine, medium, and
large cases to capture patterns important for robust detection.

The choice of A = 3 augmentations per image was
subjective, as no data-driven method determined the optimal
number. This is a limitation, and future work could test
different augmentation levels to evaluate their impact on per-
formance. Remaining limitations also include class imbalance,
with subtle fractures being overrepresented, potentially biasing
models toward minor fractures. Strategies, such as additional
augmentation, synthetic image generation, or class-weighted
training are recommended to mitigate this issue.

Moreover, it is important to emphasize that this work is
part of an ongoing improvement process. At present, the study
relies on publicly available datasets that are annotated for
segmentation, contain upper limb X-ray images, and meet our
quality standards. The over-representation of certain fracture
types, such as wrist fractures, is partly due to their higher

prevalence in the population and their greater availability in
clinical records, as highlighted by Ye et al. [24]. In the future,
if additional datasets meeting these requirements become
accessible, they will be incorporated to further increase data
diversity, reduce potential bias, and enhance the robustness
and generalization capability of the proposed module.

Finally, both the datasets (before and after fusion) and the
associated preprocessing, augmentation, and mask generation
code are publicly available on the Synapse website, ensuring
full reproducibility and enabling task-specific customization.
This is made possible through Synapse, a secure platform for
sharing, storing, and collaboratively managing biomedical and
clinical research data, which allows researchers to access and
reproduce datasets reliably [25].

IV. CONCLUSION AND FUTURE WORK

This paper introduces a unified and standardized X-
ray dataset focused on upper-limb fractures, created by
merging FracAtlas, Bone Fracture Detection (Kaggle), and
GRAZPEDWRI-DX. The integration pipeline harmonizes im-
age formats, annotations, preprocessing steps, and quality
assurance measures, resulting in a consistent and clinically
relevant resource suitable for training and evaluating deep
learning models. The dataset offers broad anatomical diver-
sity and detailed segmentation masks, supporting research in
fracture detection, localization, and segmentation. Remaining
challenges include class imbalance and limited representation
of complex fractures, which will be addressed through dataset
expansion and targeted sampling strategies. Future work will
benchmark state-of-the-art architectures and explore clinical
deployment potential. Overall, this dataset provides a solid
foundation for developing more reliable and generalizable Al-
based fracture assessment systems.
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