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Abstract - Bone fractures are pretty common, and if they 

aren’t caught early, they can mess up recovery. Usually, 

doctors check X-ray images to spot fractures, but doing it 

manually takes time and they might miss small or tricky 

ones. So, to speed things up and improve accuracy, our 

project uses deep learning for bone fracture detection and 

localization.We’ve used the Faster R-CNN model with the 

Detectron2 framework to automatically detect different 

types of fractures like wrist, elbow, and forearm. The model 

is trained on X-ray images with annotations, so it can draw 

bounding boxes around the fracture area. We’ve also 

connected it with a Flask API to give quick, real-time 

results.This system helps as a second opinion and can reduce 

errors while saving time. Overall, it shows how deep 

learning can actually be useful in healthcare diagnostics. 

Keywords: Bone fracture, Deep learning, Faster R-CNN, 

Detectron2, X-ray, Flask API 

 

1 REVIEW 

1.1 Introduction 

So, we’re literally in a time where data is being thrown 

at us from everywhere. Like seriously, every device, 

system, or app is generating tons of data non-stop. 

Whether it’s from engineering stuff, social media, e-

commerce, healthcare, or even bio-research, there’s data 

pouring in like crazy .Especially with all these digital 

gadgets, the speed at which digital data is growing is 

actually insane. Back in 2011, studies said the data 

volume had increased 9x in just five years, and by 2020, 

they predicted it would hit 35 trillion gigabytes. That’s 

where the whole term “Big Data” came from—because 

we just needed a way to describe this huge data 

explosion. 

There’ve been a bunch of papers and reports trying to 

explain what “Big Data” really means. Some focus on 

the challenges and opportunities it brings, others on the 

background or tech platforms used to deal with it. One 

big overview by McKinsey Global Institute even broke it 

down into three main angles—innovation, competition, 

and productivity. Apart from that, people have also 

looked into Big Data in more specific contexts. Like,  

 

 

 

there’s been work on how it applies in IoT (Internet of 

Things), or how it's being handled in new-gen wireless 

networks like 5G. 

 

And yeah, a lot of researchers have also tried designing  

new models and algorithms from a data mining 

perspective to tackle this mess. 

Now coming to our field—machine learning has been a 

total game-changer over the last decade. It’s been 

helping out in fields like medicine, astronomy, biology, 

and more, mostly because it’s great at picking out useful 

patterns from huge sets of data. But here’s the thing—as 

Big Data started taking over, traditional ML methods 

started falling short. Those old-school models expected 

the entire dataset to fit in memory and work in a very 

controlled way . But with 

 

this kind of massive data, that just doesn’t cut it 

anymore. So even though Big Data has so much 

potential to unlock better science and engineering, we 

clearly need new ways to handle it smartly. 

Right now, we’re in this crazy era where digital data is 

being generated literally every second from all over— 

phones, medical machines, social media, everything. 

And when it comes to medical stuff, especially with 

things like X-rays and other scans, the amount of data 

doctors and hospitals deal with is on another level. That’s 

actually what led me to take up this project on detecting 

bone fractures using deep learning—it’s just a solid 

example of how we can use all this data to actually 

help people. 

So here's the thing: doctors have tons of fracture cases 

coming in daily, and going through all the X-rays 

manually takes time and can lead to errors. 

With the way medical data is growing, traditional ways 

of analyzing it just can’t keep up. That’s where deep 

learning comes in. It's basically giving us a smarter, 

faster, and more accurate way to find and pinpoint 

fractures in bone X- rays—without depending fully on 

human eyes. 
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In the past few years, there’s been a lot of buzz around 

using AI and machine learning in healthcare. 

Researchers have already applied it in stuff like cancer 

detection, brain scans, and even predicting diseases. 

Now, with this project, I'm exploring how we can bring 

that same power to orthopedics—by training models to 

look at bone fractures 

and identify exactly where the damage is. 

But this isn’t just about automation. It’s about 

improving accuracy and reducing diagnosis time. 

Especially in emergency cases, every second matters, and 

if a system can tell a doctor, “Hey, there’s a fracture 

here,” it could seriously help save time and maybe even 

lives. Plus, with models like Faster R-CNN (which I 

used with Detectron2 in my project), the goal is not just 

to say “Yes, there’s a fracture,” but to actually localize 

it—meaning show exactly where the fracture is on the 

image.So yeah, this project is my small step toward using 

deep learning not just as a cool tech tool but as something 

that can actually make a difference in how fractures are 

spotted and treated. 

For example, deep learning models like CNNs and 

RNNs have been game-changers, especially in tasks 

like image and speech recognition. Transfer learning 

helps when we don’t have a lot of labeled data by reusing 

knowledge from pre-trained models. Active learning 

focuses on choosing the most useful data points to label, 

which saves time and effort. And when datasets are too 

large to train on a single machine, distributed learning 

makes it possible to train across multiple systems in 

parallel. Each of these methods has its strengths, and 

combining them often leads to even better results. 

 

1.2 Quick Look at Machine Learning Techniques 

So before I explain how I used deep learning in this 

fracture detection system, let’s go over what machine 

learning really is. Basically, ML is all about building 

systems that can learn from data without being 

explicitly told what to do every time. 

 

1.2.1 Definition and classification of machine learning 

So before I explain how I used deep learning in this 

fracture detection system, let’s go over what machine 

learning really is. Basically, ML is all about building 

systems that can learn from data without being 

explicitly told what to 

do every time. It's used across all kinds of fields—AI, 

stats, optimization, and even stuff like cognitive 

science and control systems. In short, it’s 

everywhere.In fact, ML has already shown up in many 

areas—like YouTube recommendations, Google 

Translate, self-driving tech, and even spam filters. And 

now it's pushing into medical domains too, like reading 

MRIs, analyzing ECG signals, or in my case—spotting 

bone fractures in X-ray images. 

here are mainly three types of learning you’ll come 

across Supervised Learning: This is what I used in my 

project. It’s like training your model with examples—

“This is a wrist fracture,” “This is normal,” etc. You 

give it labeled data and it learns from it. 

Unsupervised Learning: No labels here. The system 

just tries to find hidden patterns. Could be useful in 

clustering patient data but not for my use-case. 

Reinforcement Learning: Think of it like training a 

dog— you reward or punish based on behavior. It 

learns by trial and error. Cool stuff, but again, not 

directly useful for fracture detection. 

Now coming to my project, I trained a model using 

supervised learning with a set of X-ray images labeled 

according to fracture types like forearm fracture, 

shoulder fracture, etc. 

This helps the system learn exactly what features 

indicate a fracture and what don't. 

Also, here's a small reality check—most of the 

traditional machine learning methods assume that all 

your data fits neatly into memory. But X-ray datasets 

(especially annotated COCO-style datasets) can get 

massive. That's why I had to go with deep learning, 

which is way better at handling large-scale, complex 

visual data. And with tools like Detectron2, it becomes 

a lot easier to manage that kind of heavy lifting. 

1.2.2 A Few Smart Learning Methods That 

Really Help Okay, so now that we’ve got the 

basics out of the way, 
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let’s talk about some of the advanced learning techniques 

that actually helped make my bone fracture detection model 

better. These methods are not just about using one fixed 

algorithm— they’re more like smart approaches that help 

machines understand complicated data (like X-rays) more 

effectively. 

 

1. Representation Learning 

When you’re working with medical images, especially 

X- rays, the data isn’t always easy to understand. You’re 

dealing with all kinds of patterns, shadows, bones, and 

sometimes even blurry stuff. That’s where 

representation learning comes in. The whole idea here is 

to let the model automatically learn the best features to 

look at—like what parts of the image matter the most 

when spotting a fracture. In my project, the Faster R-

CNN model (from Detectron2) handles this by learning 

from thousands of image examples. It figures out what 

areas typically look like fractures and what’s normal, 

without me having to manually define rules like “if a 

line is broken here, it’s a fracture.” That saves a lot of 

time and also improves accuracy. 

2. Deep Learning 

Let’s be real—deep learning is the superstar here. It’s 

basically the reason why my fracture detection model 

can do what it does. Unlike older machine learning 

models that only look at surface-level features, deep 

learning models use layers of neural networks to learn 

from raw images in a much deeper way. 

For my project, I used a deep learning model called  

Faster R-CNN, which not only detects if there’s a acture 

but also draws a box around it—so you get both 

detection and localization. That’s a huge upgrade 

compared to old-school systems. And the best part? It  

 

keeps getting better the more you train it. 

3. Distributed and Parallel Learning 

Now I didn’t use distributed learning directly in my 

project (because I was running it on CPU, not on a fancy 

cluster), but it’s still worth mentioning. When datasets 

get really big—like if a hospital is dealing with 

thousands of X-rays a day—it makes sense to split the 

work across multiple machines. That’s what distributed 

learning does. It helps train models faster and on larger 

datasets by dividing the work. 

If I ever scale this system up to something like a 

hospital network, distributed learning is gonna be the 

way to go. 

4. Transfer Learning 

Here’s something I actually used: transfer learning. 

Basically, instead of training a model from scratch 

(which takes forever and needs tons of data), I used a 

model that was already trained on a large dataset (like 

COCO), and just fine-tuned it on my fracture data. It’s 

like taking a student who already knows general 

anatomy and teaching them how to specifically detect 

fractures. Much faster, and still super accurate. 

 

5. Active Learning 

Okay, I didn’t fully implement this, but it’s something I 

want to explore later. In simple terms, active learning 

helps you deal with situations where you have tons of 

images, but only a few are labeled. The model learns 

from the few labeled ones and then asks you, “Hey, can 

you label this one? It looks important.” That way, you 

don’t waste time labeling everything. Super useful 

when data labeling is slow (like in medical datasets). 

6. Kernel-Based Learning 

This one is more academic, and not really what I used, 

Fig . 1 Overall System Architecture 
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but it’s cool to mention. Kernel-based methods, like 

SVMs, help you deal with non-linear data—data that 

doesn’t follow a simple line or curve. These methods 

work well when data is tough to separate. But honestly, 

for image- based stuff like fracture detection, deep 

learning beats kernel methods most of the time these 

days. 

 

1.3 Real-World Challenges I Faced While Building the 

Bone Fracture Detection System Even though deep 

learning sounds super powerful—and it is—it’s not like 

you plug in data and boom, you get perfect results. 

Especially in a medical use case like bone fracture 

detection, the challenges really stack up. It's not just about 

model accuracy. You also have to think about huge image 

sizes, odd data formats, system speed, label quality, and 

getting real value from the predictions. So in this section, 

I’m just gonna walk you through five major problems I 

personally ran into while working on this project, and how 

I tried to deal with them. 

 

1.3.1 Problem #1: Dealing with Massive X-ray Data (The 

“Volume” Problem) One of the first things I realized is 

that medical data isn’t light—literally. X-rays are huge, 

and when you have hundreds or thousands of them, it 

starts hitting your RAM, GPU, storage—everything. My 

laptop was definitely not happy. 

 

How I handled it: 

I used the COCO dataset format mainly because 

Detectron2 plays really well with it. It made organizing 

annotations and training data way easier. For the actual 

model training, I broke the data into smaller batches and 

used image resizing (but carefully, since resizing too 

much can erase small fracture details). For bigger 

projects, I’d definitely recommend using GPUs on Google 

Colab Pro, or even training on the cloud using something 

like AWS EC2 or Paperspace. Distributed training is a 

thing too, but I kept things single-machine for now. 

 

1.3.2 Problem #2: Every X-ray Is Different (The “Variety” 

Problem) So here’s the thing—just because all the data is 

“X- rays” doesn’t mean they all look or behave the same. 

Some are frontal, some lateral. Some are bright, others 

super dark. Some images even had random text printed 

over them. This inconsistency really messes with the 

model’s understanding of what a fracture looks like. 

 

What I did: 

I ended up writing a custom data preprocessor. It handled 

things like contrast normalization, orientation fixes, and 

filtering out really bad samples. I also used image 

augmentations (flips, rotations, brightness changes) so the 

model wouldn’t overfit to a specific style of X-ray. 

Detectron2 made that part easy since you can just plug 

augmentations right into the data loader. If I were working 

with multi-source hospital data, I’d consider using domain 

adaptation techniques or transfer learning to better handle 

the differences. 

 

1.3.3 Problem #3: Fast Inference Needed for Real Use (The 

“Velocity” Problem) This was a big one. In real life, if a 

doctor wants to use your tool, they’re not gonna wait 2 

minutes for it to spit out a result. You need fast 

predictions. Especially in emergencies where fracture 

detection can’t be delayed. 

 

My solution: 

I wrapped my trained model inside a Flask API, which 

loads the model once and keeps it in memory. That way, 

whenever a request comes in with a new X-ray, it returns 

the result in a few seconds—way faster than reloading the 

model every time. For future versions, I’m thinking of 

converting the PyTorch model to ONNX and using 

something like NVIDIA Triton or TensorRT for even 

faster inference. 

 

1.3.4 Problem #4: Messy or Missing Labels (The 

“Veracity” Problem) Let’s be real—getting X-ray images 

is one thing, getting high-quality labeled data is a whole 

different headache. A lot of open datasets either don’t have 

precise bounding boxes or the annotations are vague like 

“fracture somewhere here,” which isn't very helpful for 

training. 

 

What I did: 

I cleaned the dataset manually where I could, and skipped 

samples that had questionable labels. I also made sure that 

my loss functions weren’t too sensitive to noise. In the 

future, I’d love to implement an active learning loop where 

the model flags “uncertain” predictions and a radiologist 

can confirm them. That way, the model keeps improving 

without needing tons of new labeled data every time. 

 

1.3.5 Problem #5: Finding Value in “Empty” Images (The 

“Value” Problem) A huge part of this project is that not 

every X-ray actually has a fracture. So if your model sees 

100 images and only 10 have fractures, you’ve got a major 

class imbalance. Plus, even when there is a fracture, it 

might be a tiny crack that’s easy to miss—both for humans 

and models. 
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How I approached it: 

That’s where Faster R-CNN helped. Since it's a region-

based detector, it doesn’t try to classify the whole image—

it focuses only on areas that might be interesting (like 

small cracks). I 

also customized the anchor box sizes and ROI thresholds in 

Detectron2 so the model was better tuned to pick up on 

smaller features. Training with a mix of easy and hard 

examples helped a lot too. 

 

1.3.6 Summary of My Experience 

Each of these challenges was like a mini project of its 

own. Building a fracture detection system isn’t just about 

deep learning—it’s also about data wrangling, 

optimization, deployment, and a bit of problem-solving 

creativity. The key takeaway? You don’t need fancy 

infrastructure or a PhD to do useful AI. But you do need to 

understand your data really well and be ready to adapt as 

new problems show up. Every time I fixed one thing, 

something else would break—but that’s just how building 

real projects goes, right? 

 

1.4 How Deep Learning in Medical Imaging Connects 

with Signal Processing Ideas 

While I mostly worked with deep learning tools like 

Detectron2 and Faster R-CNN, I started realizing that a lot 

of what we’re doing—especially when dealing with X-ray 

images—is basically an evolved form of signal 

processing. I mean, X-rays are just grayscale images, and 

image data is basically structured signals. So in a way, 

deep learning in vision is like modern signal processing, 

just way more data- hungry and powerful. 

Let me break down how these two areas (ML and SP) kind 

of come together, especially in a project like mine. 

1.4.1 Statistical Learning Meets Medical Imaging 

When I started training my model, I had to think about 

things like how much data I have, what kind of patterns 

the model is learning, and whether it’s overfitting or not. 

That’s basically statistical learning in action. 

What’s cool is that X-ray images have certain statistical 

patterns. For example, fractures often show up as high- 

frequency edges or sudden discontinuities in the bone 

structure. Back in traditional SP, edge detection used to be 

done with Sobel filters or wavelets. Now, with CNNs, it’s 

like those filters are being learned automatically. In my 

Faster R- CNN model, the backbone (ResNet50) is doing 

that kind of low-level pattern extraction without me hard-

coding anything. That’s the power of statistical learning 

meeting signal data. 

 

 

1.4.2 Optimization Behind the Scenes 

Training deep models like Faster R-CNN might look like 

magic, but under the hood, it’s all just one big 

optimization problem. You’ve got loss functions trying to 

minimize classification errors, bounding box regression 

errors, and everything in between. 

Here’s where it overlaps with signal processing again. In 

SP, optimization methods like convex optimization or 

signal reconstruction via sparse coding were huge. These 

ideas are still at play—just scaled up and more automated. 

Even the Detectron2 framework uses optimizers like 

SGD and Adam, which are just iterative solvers working 

on huge multidimensional loss landscapes. So whether 

you're trying to restore a corrupted audio signal or detect a 

fracture in an X- ray, you're basically solving some variant 

of "What’s the best match for this pattern?" 

 

1.4.3 Real-Time Processing and Streamlined Inference 

In signal processing, you often work with real-time data—

like audio streams or live sensor readings—and your 

algorithm has to respond now, not later. That’s super 

relevant for my use case too. 

Let’s say this fracture detection system is deployed in a 

clinic. A doctor uploads an X-ray and expects a result in 

seconds. That means I can't afford to re-load a 200MB 

model every time someone hits “submit.” So I applied a bit 

of the SP mindset here: keep the model warm in memory 

(just like a buffer in signal systems) and run inference 

immediately, almost like streaming data. 

If I were to push this further—say, on an embedded system 

or mobile device—I’d totally borrow ideas from SP again, 

like model pruning or quantization (basically compressing 

models like we used to compress signals). 

 

1.4.4 Filtering Out the Noise 

Another direct connection between SP and my project is 

noise reduction. Some X-ray images are noisy—blurry, 

low contrast, or scanned at a bad angle. And I noticed that 

my model’s performance dropped on those. That’s no 

different from signal denoising techniques used in audio or 

radar. 

To fix that, I added basic image preprocessing steps like 

histogram equalization and contrast normalization. These 

are classic signal processing tricks—but they helped my 

deep learning model perform way better. If I had more 

time, I’d try integrating a dedicated image enhancement 

module 
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Table 1: Model Training Configuration Table 

 

Hyperparameter Value 

 

Backbone 

 

ResNet101 + FPN 

 

Batch Size per Image 

 

512 

Epochs 1800 

 

Score Threshold 

 

0.3 

 

Number of Classes 

 

8 

 

Device 

 

GPU 

 

before detection, like a small CNN trained to “clean up” 

X- rays. 

 

1.4.5 Bringing It All Together 

So yeah, while I was knee-deep in coding and model 

training, I kept stumbling into ideas that came straight 

from the signal processing world—just with more 

compute and data behind them. Whether it’s filtering, 

optimization, real-time inference, or denoising, the 

overlap is very real. 

 

Deep learning doesn’t replace SP—it extends it. And in 

projects like this, understanding both gives you a huge 

edge. 

 

1.5 What Still Needs Work – Open Problems and Future 

Ideas So yeah, building my bone fracture detection system 

with deep learning was a big step—but if I’m being 

honest, we’re just scratching the surface here. As cool as 

Faster R-CNN and Detectron2 are, there’s still a ton of 

stuff that needs to be figured out before this becomes a 

truly reliable, real-world tool that doctors can trust every 

single time. 

This section is more like a wishlist or a set of “here’s what 

we still need to figure out” notes from my end—stuff that I 

either didn’t get time to explore or that’s still a bit messy in 

the whole field of deep learning for medical imaging. 

1.5.1 The “Meaning” Problem: Not All X-rays Are 

Equal One big issue is how different hospitals or datasets 

interpret the same thing. For example, a fracture in one 

dataset might mean something totally different in another 

because of how the radiologist labeled it. Some datasets 

are super strict with bounding boxes, others just draw a 

blob around a region. 

 

What we need: 

We really need standardization—or at least smart models 

that can adapt to slightly different labeling conventions. 

Transfer learning and domain adaptation are a good start, 

but there’s still a gap when it comes to context-aware 

learning. Maybe combining deep learning with some kind 

of rule-based system (like “if the fracture is less than 2 cm, 

use this criteria”) could help add more intelligence. 

 

1.5.2 Training Data vs Labeling Cost: The Classic 

Trade-off Let’s be honest, getting a large dataset is hard 

enough, but getting it properly labeled? That’s even 

worse. You need expert radiologists for this stuff, not just 

anyone with a mouse. What we need: 

Smarter labeling techniques. I’d love to see active learning 

systems where the model asks humans only for the “hard” 

examples, instead of labeling everything manually. Also, 

self- supervised learning could be a game-changer here—

let the model learn representations even from unlabeled X-

rays and fine-tune it later on the labeled ones. 

 

1.5.3 Mixing It All Together: Deep Learning + Other 

Tech Right now, most people (including me) throw a deep 

model at the problem and try to make it work. But what if 

we combine deep learning with other techniques like 

medical ontologies, cloud-based processing, or even 

classical image processing pipelines? 

What we need: 

Hybrid systems. Imagine a pipeline that starts with rule-

based filtering, then uses deep learning for detection, and 

finally adds a cloud-based second-opinion module. Sounds 

complicated, but if done right, this could be super 

powerful. It's like building a full-stack AI for medicine, 

not just one smart model. 

 

1.5.4 Privacy and Ethics: The Stuff We Can’t Ignore 

Working with medical data isn’t just about accuracy—it’s 

about trust. If hospitals are going to use tools like this, they 

need to know that patient privacy is protected. And 

honestly, I didn’t dive deep into this yet, but it’s definitely 

something that matters a lot. 

What we need: 

Better ways to anonymize medical images and still retain 

their usefulness. Also, federated learning sounds like a cool 
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idea— train your model across hospitals without actually 

moving the data around. That way, privacy is preserved, 

but the model still learns from a wider pool. 

 

1.5.5 Taking It from Demo to Deployment 

It’s one thing to get 90% accuracy on your test set. It’s a 

totally different thing to make your system usable in a 

hospital, by actual doctors, on random new images from 

different machines. 

What we need: 

A better bridge between research and deployment. Right 

now, most models (including mine) are stuck as local 

prototypes or Flask apps. The next step is to turn them into 

production-grade   

services—with monitoring, version control, fail-safes, and 

all that serious stuff. Tools like ONNX, Docker, and 

Kubernetes are probably going to be part of that path. 

Final Thought on This Section 

So yeah, while I’ve made good progress, there’s still a 

long road ahead before deep learning can be fully trusted 

in something as sensitive as healthcare. But that’s what 

makes it exciting—there’s so much room to explore, 

improve, and innovate. Whether it’s smarter training 

methods, better privacy protection, or just making things 

more usable in the real world, there’s a lot we can still 

build. 

And who knows? Maybe this fracture detection project is 

just the beginning 

 

2. CONCLUSIONS 

So yeah, to sum everything up—working on this bone 

fracture detection system has been a wild ride. I started off 

just wanting to build a deep learning project with some 

real-world value, and I ended up diving deep into medical 

imaging, COCO annotations, Faster R-CNN models, 

Detectron2, and wrapping it all with a Flask API. 

But along the way, I realized something important: training 

a model is just one part of the story. Once you bring in real 

X- rays, huge file sizes, incomplete annotations, 

deployment needs, and even ethical stuff like privacy—

everything suddenly becomes a lot more complex, and 

honestly, more interesting.This project taught me how deep 

learning isn’t just about high accuracy—it’s about 

understanding the problem, cleaning your data, designing 

the right pipeline, and building something that people 

might actually use. And that’s what I loved about it. It 

wasn’t perfect, but it was real. Of course, there’s still 

plenty of room to improve—from smarter labeling methods 

and better generalization to real-time performance and 

scaling this for clinical use. But this work shows that even 

with limited resources, it's totally possible to build a 

meaningful AI system that could assist in healthcare 

someday. So, in the end, this project wasn’t just about 

detecting fractures. It was about learning how to think like 

a builder, a problem solver, and maybe even a researcher. 

And I’m excited to keep going. 

So yeah, to sum everything up—this bone fracture 

detection system ended up being way more than just a 

deep learning project. What started off as an idea to “just 

build something cool with AI” turned into this deep dive 

into the whole ecosystem of medical imaging, annotations, 

model optimization, and deployment. I thought I was just 

going to train a model, but I quickly learned that’s only one 

chapter in a much bigger story. 

When I started working with X-rays, I had no idea how 

messy and complex real-world data could be. Some images 

were too large to even load without crashing, annotations 

Fig 2 : Data Flow / Pipeline 
Diagram 
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weren’t always clean or complete, and organizing 

everything into COCO format took way more effort than I 

expected. But figuring out how to deal with all that? That’s 

what made this project feel real. 

I used Detectron2 with Faster R-CNN because it’s pretty 

robust and well-documented, especially for object 

detection tasks. And honestly, just getting it to detect 

different types of fractures—elbow, wrist, humerus, etc.—

was such a satisfying milestone. But the more I worked on 

it, the more I realized how important the backend setup 

was. Wrapping it all up with a Flask API taught me a lot 

about how to actually serve a model, not just train one. It 

made the whole thing feel more like an actual product, 

something you could deploy and use in a real-world 

workflow. 

And then there’s the ethical and practical stuff that I 

didn’t fully expect. Things like patient privacy, handling 

sensitive data, thinking about how a model like this could 

actually be used in clinics—not just as a demo, but as a 

decision support tool. That part really shifted my mindset. 

This wasn’t just an academic project anymore—it was 

something that, in the future, could genuinely help people 

if built right. 

The truth is, I ran into a bunch of challenges—resource 

constraints, no GPU, long training times, model 

generalization issues—but I realized that this is part of the 

game. It’s not about having everything perfect. It’s about 

figuring things out along the way, being resourceful, 

making the best of what you have, and still building 

something that works. 

What I loved most was how this project pushed me to 

think beyond just accuracy and architecture. It made me 

think about the full pipeline—from dataset quality and 

model training to real-time inference and user interaction. 

And maybe more importantly, it made me think like a 

builder. Someone who doesn’t just train models, but 

solves problems. 

There’s still a lot to improve—like optimizing it for better 

performance, using more diverse data for better 

generalization, exploring active learning for smarter 

labeling, and maybe even building a proper UI for 

doctors. But now I’ve got a foundation to work on. I’ve 

seen how a project can go from code to something that 

feels impactful. And that’s what excites me. 

So yeah, this wasn’t just about detecting bone fractures. It 

was about learning how to build something real. And it’s 

only the beginning. 
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