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Technologies Used 

• Python  

• Microsoft Azure AI Vision  

• Azure Computer Vision API  

• OpenCV  

• NumPy  

• Matplotlib  

• Jupyter Notebook  

 
Deliverables 

This project includes: 

• Object Detection from Images  

• Multi-object Tracking from Video  

• Annotated Visual Outputs  

• Performance Evaluation  

• Technical Documentation  

• Source Code  

• Demonstration Video  

 

Business Applications 

This solution can be applied across multiple industries, 

including: 

• Smart Surveillance  

• Autonomous Vehicles  

• Traffic Monitoring  

• Retail Analytics  

• Warehouse Automation  

• Manufacturing Inspection  

• Smart Cities  

• Robotics 

 

AI-Powered Object Detection & Tracking using Microsoft Azure 
Computer Vision 

AI-Powered Object Detection & Tracking using Microsoft Azure Computer Vision 
Project Overview 
This project demonstrates the development of an intelligent computer vision application 
using Microsoft Azure AI Vision to perform real-time object detection and object tracking. 
The solution identifies multiple objects within images and videos, generates bounding 
boxes with classification labels, and tracks object movement across video frames. 
The project highlights how cloud-based AI services can be integrated into modern 
applications requiring automated visual understanding, surveillance, traffic monitoring, 
inventory management, and smart automation. 

 
Business Problem 
Many industries rely on manual monitoring of images and video streams to identify and 
track objects, resulting in increased operational costs and slower decision-making. 
An AI-powered object detection system can automatically recognize objects, monitor their 
movement, and provide valuable insights for real-time business operations while reducing 
human intervention. 

 
Project Objectives 
The objectives of this project were to: 

• Develop an object detection system using Microsoft Azure AI Vision.  

• Detect and classify multiple objects from static images.  

• Track moving objects across video frames.  

• Visualize object trajectories using bounding boxes and coordinate tracking.  

• Evaluate model performance and identify opportunities for improvement.  

 
Solution Workflow 
Image Object Detection 

• Selected real-world images containing multiple objects.  

• Processed images using Azure Computer Vision APIs.  

• Generated object labels, confidence scores, and bounding box coordinates.  

• Visualized detection results with annotated images.  
Video Object Tracking 

• Processed a short video containing multiple moving objects.  

• Applied object detection frame-by-frame.  

• Tracked at least two objects across consecutive frames.  

• Logged positional coordinates and generated movement visualizations.  

 
Model Evaluation 
The system was evaluated using multiple performance criteria including: 

• Detection Accuracy  

• Classification Confidence  

• Tracking Consistency  

• Processing Speed  

• False Positive Detection  

• Robustness under varying lighting and object movement  

 
Key Findings 
Strengths 

• High object detection accuracy for common objects.  

• Fast inference using Azure AI cloud services.  

• Easy integration with Python applications.  

• Reliable bounding box generation and object localization.  
Limitations 

• Performance decreases for partially occluded objects.  

• Lower detection confidence for small or distant objects.  

• Tracking accuracy depends on frame quality and object visibility.  

• Cloud API latency may impact real-time applications.  

 
Potential Improvements 
Future enhancements include: 

• Fine-tuning with custom-trained Azure Vision models.  

• Integrating advanced tracking algorithms such as Deep SORT.  

• Deploying YOLOv8 for edge-based real-time detection.  

• Implementing multi-camera object tracking.  

• Optimizing inference for high-frame-rate video streams.  

 
Technologies Used 
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 Prerequisites: introduction Microsoft Azure & Its Applications  
 

Microsoft Azure is a cloud computing platform by Microsoft that provides a wide range of services, including computing, storage, 
networking, databases, AI, IoT, and more. It allows businesses and developers to build, deploy, and manage applications globally 
without maintaining physical hardware. 

 

 Key Features of Microsoft Azure  
1. Infrastructure as a Service (IaaS) – Virtual machines, storage, and networking. 
2. Platform as a Service (PaaS) – Managed services like Azure App Services, Azure SQL Database. 
3. Software as a Service (SaaS) – Ready-to-use solutions like Microsoft 365, Dynamics 365. 
4. Hybrid Cloud – Seamless integration with on-premises data canters via Azure Arc. 
5. AI & Machine Learning – Azure OpenAI, Cognitive Services, and Azure ML. 
6. Big Data & Analytics – Azure Synapse, HDInsight, and Data Lake. 
7. Internet of Things (IoT) – Azure IoT Hub for connected devices. 
8. Security & Compliance – Built-in security tools like Azure Sentinel, Key Vault. 

 

 Popular Applications of Azure  
1. Enterprise Applications 

• Cloud Migration – Move on-premises workloads to Azure. 

• SAP on Azure – Run SAP applications in the cloud. 

• Disaster Recovery – Azure Site Recovery for business continuity. 
2. Web & Mobile Apps 

• Azure App Service – Host web apps, APIs, and mobile backends. 

• Azure Kubernetes Service (AKS) – Deploy scalable containerized apps. 
3. Data & AI Solutions 

• AI-powered Chatbots – Using Azure Bot Service + OpenAI. 

• Predictive Analytics – Azure Machine Learning for forecasting. 

• Data Warehousing – Azure Synapse for big data processing. 
4. Gaming & Media Streaming 

• Azure PlayFab – Backend for online games. 

• Media Services – Video streaming & encoding. 
5. DevOps & Automation 

• Azure DevOps – CI/CD pipelines for software development. 

• Azure Functions – Serverless computing for event-driven apps. 
 

 Why Use Microsoft Azure?  
Scalability – Easily scale resources up or down. 
Cost-Effective – Pay-as-you-go pricing model. 
Global Reach – Data canters in 60+ regions. 
Security & Compliance – Meets GDPR, HIPAA, ISO standards. 
Integration – Works seamlessly with Microsoft tools (Windows, Office 365, Active Directory). 

 

 Conclusion  
Microsoft Azure is a versatile cloud platform used for hosting applications, AI, data analytics, IoT, and more. Its flexibility, security, 
and integration with Microsoft products make it a top choice for enterprises and developers. 
Would you like a deeper dive into any specific Azure service? 

 
 Why Microsoft Azure for Object Detection?  

1. Pre-Trained AI Models for Faster Development 

• Azure provides Cognitive Services Vision APIs, including: 
Computer Vision (for general object detection) 
Custom Vision (to train custom models with minimal coding) 
Azure OpenAI (for advanced vision-language models) 

 

• These pre-trained models reduce development time compared to building from scratch. 
 

2. Custom Vision Service for Tailored Models 

• Azure Custom Vision allows training domain-specific object detectors (e.g., detecting defects in manufacturing, retail shelf 
analysis). 

• Supports transfer learning, meaning you can fine-tune models with small datasets. 

• Provides automated model retraining when new data is added. 
3. Scalability & Cloud-Based Processing 

• Azure’s GPU-powered VMs (e.g., NC-series) accelerate deep learning inference. 

• Auto-scaling ensures the solution handles high workloads (e.g., real-time video analysis). 

• Serverless options (Azure Functions, Logic Apps) reduce infrastructure management. 
4. Integration with Azure Data & IoT Services 
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• Easily connect object detection models with: 
Azure IoT Edge (for on-device AI in cameras/drones). 
Azure Stream Analytics (real-time video processing). 
Azure Blob Storage & SQL Database (storing detection logs). 

5. Enterprise-Grade Security & Compliance 

• Data encryption (at rest & in transit). 

• Role-Based Access Control (RBAC) to restrict model access. 

• GDPR, HIPAA compliance for sensitive applications (e.g., medical imaging). 
6. Cost-Effectiveness (Pay-as-You-Go Model) 

• No upfront hardware costs (unlike on-premises GPU servers). 

• Free tier available for experimentation. 

• Low-cost inference with serverless options. 
7. Seamless DevOps & MLOps Integration 

• Azure ML Pipelines for automated model training/deployment. 

• Azure DevOps for CI/CD in object detection workflows. 

• Model monitoring with Azure Application Insights. 
 

 Approach and Architecture (Data flow, model training, deployment)  

 Set up Azure resources for object detection  
Creating a Resource Group in Azure 
A Resource Group in Azure is a logical container for deploying and managing related cloud resources (e.g., Computer Vision, Storage, VMs). 

 
Step 1: 
1. Log in to the Azure Portal  
o Use your Microsoft account or organizational credentials. 

 
Step 2. Search for "Resource Groups" Step 3. Click "Create resources" 

In the Azure dashboard, type Select "+ Create" to start setting up a new Resource Group. 
"Resource Groups" in the search bar. 

 

https://portal.azure.com/
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  Step 4. select computer vision for services  
 

 
 Step 5. Fill in Details:  

• Subscription: Select your Azure subscription. 

• Resource Group Name: (e.g., Object Detection-RG) 

• Region: Choose the closest data centre (e.g., East US, West Europe) you can use. 
 

 

 Step 6. Click "Review + Create"  

o Azure validates the details. 
o Click "Create" to finalize. 
Result: Your Resource Group is now ready for deploying AI services. 

 
 

 
6. Go to the Azure Portal 

o Ensure you’re in the newly created Resource Group. 
2. Click "+ Create" 
o Search for "Computer Vision" in the Marketplace. 
3. Configure Computer Vision: 
o Name: ObjDetection-Vision 
o Pricing Tier: 
▪ Free (F0) for testing (limited to 20 calls/min). 
▪ Standard (S1) for production (higher limits). 

o Resource Group: Select the one you created earlier. 
o Location: Same as Resource Group (for low latency). 
4. Click "Review + Create" → "Create" 
o Wait a few minutes for deployment. 
Result: The Computer Vision API is now active in your Resource Group. 
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Step 7. Navigate to the Computer Vision Resource 

 

 

 

 

Go to your Resource Group → Select the Computer Vision service. 

Copy the Endpoint & Key 

Under "Keys and Endpoint", find: 

Endpoint URL (e.g., https://your-service.cognitiveservices.azure.com/) 

Key 1/Key 2 (for authentication). 

Test the API (Optional) 

Use Azure’s Vision Studio (visionstudio.azure.com) to upload an image and test object detection. 

Result: You now have a working Computer Vision API for object detection. 
 

 

 

• Handling subscription key and endpoint.  

Save them as environment variables, to authenticate and connect to the Computer Vision client. 

How to save the keys as environment variables? 

1. Open a new instance of a word editor like Notepad. 

2. Enter the names of your variables (subscription key and endpoint), and save their values as strings. 

3. Name the file as. env. Please note, this file will be hidden. To view it, kindly select the option to show hidden files. 

4. For reference, here is a screenshot of an env file. 

5. Import the file in your IDE, and read the values. For future runs, you will need to update this file with new values for subscription 

key and endpoint. 

 

https://your-service.cognitiveservices.azure.com/
https://visionstudio.azure.com/
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• Libraries and important package: 

We can load this end point key using following code in python 
 

 

 

• Ipython Better visualization in Jupyter Notebooks. 

• No need for external libraries like OpenCV or PIL to display images. 

• Works with both local and web images. 

• Imports the Image class from the IPython.display module. 

• Allows displaying images directly in Jupyter Notebook or IPython. 

• Renames Image as img (shorter alias for convenience). 
 

• this is the name of the specific package being installed. 

• The Azure Cognitive Services Computer Vision library allows developers to integrate AI-powered image and video 

analysis capabilities into their applications. 

• It provides features such as object detection, optical character recognition (OCR), image tagging, and facial recognition. 
 

• Environment Variable Management: It helps you manage environment variables easily, allowing you to keep sensitive information, 

such as API keys and database credentials, separate from your source code. 

• Configuration: Using a .env file to store configuration settings makes it easier to manage different configurations for development, 

testing, and production environments. 

• Security: By storing sensitive information in a .env file rather than hardcoding it into your source code, you reduce the risk of exposing 

sensitive data, especially if the code is shared or pushed to version control systems. 

 

 

• ComputerVisionClient: Imports the ComputerVisionClient class, 

which is used to interact with the Azure Computer Vision API to 

perform tasks like object detection, image analysis, and more. 

• VisualFeatureTypes, Details: Imports VisualFeatureTypes and 

Details to specify which features (like objects, tags, descriptions) to 

extract from images when making requests to the Computer Vision 

API. 

• CognitiveServicesCredentials:3 Imports 

CognitiveServicesCredentials, which is used to authenticate the 

ComputerVisionClient with your Azure subscription key and endpoint 

for secure access. 

• Image, ImageDraw: PIL (Pillow): Imports the Image and ImageDraw classes for opening and drawing on images. 

• matplotlib. pyplot: Imports the plotting library for displaying images and visualizations in Jupyter Notebooks. 

• os: Imports the OS module for interacting with the operating system (e.g., reading environment variables). 

• load_dotenv: Imports the function to load environment variables from a .env file, helping to manage sensitive information 

like API keys securely. 
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• Use Azure Computer Vision API to detect objects and obtain their bounding box coordinates 

Leveraging Azure Computer Vision for Object Detection 

Problem Context: 

Azure Cognitive Services' Computer Vision API provides a comprehensive suite of 

image analysis capabilities. For our specific requirement of object detection, we 

selectively configure the service to optimize performance and cost-efficiency. 

Implementation Approach: 

1. Service Initialization: 

o We utilize the ComputerVisionClient from Azure's Cognitive Services SDK 

o Authentication is established using endpoint credentials 

2. Feature Selection: 

o The features list explicitly declares which analysis capabilities we want to activate 
o We prioritize objects as it provides: 

▪ Bounding box coordinates (x, y, width, height) 
▪ Object classification (label) 

▪ Confidence scores for each detection 
3. Optimization Considerations: 

o Performance: Requesting only necessary features reduces processing time 
o Cost Efficiency: Each activated feature consumes API credits 
o Result Clarity: Focused output simplifies data parsing 

Technical Justification: 

• VisualFeatureTypes.objects is mandatory for our core object detection requirement 

• Additional features (description, tags) provide supplementary context without significantly impacting performance 

• We deliberately exclude unused features (brands, adult) to maintain efficiency 

Output Structure: 
The API returns a structured response containing: 

• Detected objects with precise coordinates 

• Confidence levels for each detection 

• Optional supplementary information from other activated features 
Best Practices Highlighted: 

1. Minimal Feature Activation: Only enable what's necessary 
2. Clear Requirement Mapping: Each feature directly supports project goals 
3. Scalable Architecture: Easy to modify features as requirements evolve 

This approach ensures we get exactly the object detection capabilities we need while maintaining optimal system performance and 
cost-effectiveness. 

2.1 Image selection we have selected multiple object  

Handling Multiple Object Detection in Azure Computer Vision 
Implementation Approach for Multi-Object Scenes: 
For our use case involving images (800×800px, 1000DPI JPG) containing multiple objects, we've configured Azure Computer Vision. 
Key Capabilities for Multi-Object Detection: 

• Simultaneous Detection: Identifies all prominent objects in single API call 

• Bounding Box Precision: Returns coordinates for each detected object 

• Confidence Thresholding: Filters results by confidence score (default >50%) 
Performance Optimization: 

• Processes ~15 objects per image (within Azure's standard limits) 

• Handles object overlaps and partial occlusions 

• Maintains detection accuracy for objects covering ≥5% of image area 
Implementation Best Practices: 

1. Image Preprocessing: 

o Ensure uniform lighting across all objects 
o Maintain minimum 50px object size (for 800px images) 
o Avoid extreme angles/perspectives 

2. Result Processing: 
Validation Metrics: 

• Achieved 80% recall rate for primary objects 

• Maintained <15ms processing time per object 

• Consistent performance across 5-15 objects per image 
Scaling Considerations: 

Problem statement 
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2.3 Display the detected objects along with their classification labels. 

2.3 A. Interpretation of Output 

2.3.B Steps for improve classification 

• Batch processing available for image collections 

• Parallel API calls for high-volume workloads 

• Azure AutoScale handles demand fluctuations 
Error Handling: 
This approach ensures reliable detection of multiple objects while maintaining Azure's performance standards and our quality 
requirements. 

 
 

 

Your Azure Computer Vision model detected: 

• Clock (76.8% confidence) - Correct 

• Scissors (53.1%) - Incorrect (should be spectacles) 

• Camera (50.5%) - Correct 

• Cup (54.5%) – Correct 

 
 
 
 
 
 
 
 
 

 

Why Spectacles Were Misclassified as Scissors 

1. Shape Similarity: Both have elongated arms and a central connecting part 

2. Reflective Surfaces: Glasses lenses may resemble scissor blades 

3. Training Data Bias: Azure's base model sees more scissors than specialty eyewear 

4. Size/Angle Issues: Spectacles might occupy a small area or be at odd angles 

Key Takeaways 

1. Azure's base model works best for common objects (clocks, cups) 

2. For specialty items like spectacles: 

o Required: Preprocessing + post-processing 

o Recommended: Multiple angles 

o Alternative: Consider Custom Vision if accuracy critical 

Final Accuracy Estimate: 

• With these tweaks: 65-80% correct eyewear ID 

• Current state: ~50% (random guess between similar shapes) 

 

 
5 Steps to Improve Detection (Without Custom Model) 

1. Preprocessing Tweaks 

2.1 Object Detection Using Python SDK And obtaining bounding box 
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2. Confidence Threshold Adjustment 

3. Post-Processing Name Correction 

4. Multi-Angle Verification 

5. Optical Feature Emphasis 

 
 

 2.3.C Modified code and introduced preprocessing functions  
 

After preprocessing image we got correction in our output image 

To very it we have cross verified and applied object detection on other image and we got correct classifying 
 

 

 
 Feature tagging  

Analysis of the Detected Tags: 
The image has been analyzed using Azure’s Computer Vision 
API, and the detected tags along with their confidence levels 
suggest the following insights: 
1. Primary Object (Clock/Watch) 
o The highest confidence scores (97.20% for "clock" and 
92.70% for "watch") indicate that the system strongly believes 
the image contains a timekeeping device. 
o This suggests that the object prominently visible in the 
image is either a clock or a wristwatch. 

2. Office & General Supplies (90.32% & 86.22%) 
o The presence of “office supplies” and “general supply” tags suggests that the detected object is commonly 

found in office environments. 
o If the image was intended to detect spectacles, this indicates a misclassification due to similarity in shape, 

reflections, or context. 
3. Indoor Setting (60.09%) 

o The tag “indoor” with a confidence of 60.09% implies that the image was likely taken inside a building, such 
as an office or a home. 

4. Design Elements (51.82%) 
o The low confidence for "design" (51.82%) suggests that some decorative or structural aspects might be 

present in the image, but it's not a strong defining feature. 
Conclusion & Next Steps: 
Findings: 
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• The system has not detected "eyewear" or "spectacles", which means the algorithm does not recognize glasses in the 
image. 

• Instead, it confidently identifies a clock or watch, meaning the shape or reflections may have led to misclassification. 
Next Steps: 

1. Ensure proper image framing – If spectacles are the main object, they should be more prominently featured. 
2. Try different angles & lighting – Reducing glare and reflections can help prevent misclassification. 
3. Manually annotate images to fine-tune detection, especially if the model consistently misidentifies spectacles as 

clocks/watches. 
4. Train a custom model – If general object detection fails, a custom-trained AI model for eyewear might be necessary. 

 Image categorization  
Possible Reasons for Misclassification: 
1. Lack of Eyewear Category in Azure’s Model 
o If "eyewear" or "spectacles" isn’t explicitly 
recognized as a category, Azure may default to 'others_'. 
o You can check Azure’s available object 
categories to confirm whether "spectacles" is a known 
class. 
2. Low Confidence in Spectacle Features 
o If the detected object lacks distinct eyewear 
features (like symmetrical lenses, a clear frame, or 
transparency), the model may struggle to categorize it 
correctly. 
o Glasses with reflections, unique shapes, or 
partial visibility might be misclassified. 

3. Azure’s Pretrained Model Bias 
o The model might prioritize more commonly detected objects like scissors, clocks, or generic office supplies 

over spectacles. 
o Training a custom object detection model with labeled spectacles images might be necessary. 

Next Steps to Improve Spectacle Detection: 
1. Use a More Specific Object Detection Feature 

• Instead of VisualFeatureTypes.objects, try using VisualFeatureTypes.tags to see if "glasses" or "eyewear" appears. 
2. Compare Against Other Models 

• Try alternative vision models like Google Vision API or OpenCV-based Haar cascades for eyewear detection. 
3. Fine-Tune Object Name Mapping in Code 

• Instead of forcing "scissor" to "spectacles", map 'others_' to "spectacles" when confidence is high and another object 
isn’t more probable. 

 
 

 

=========================================== Task 5 C ends ================================ 
2.2 Object Tracking Across Frames 

• Apply object detection to a short 5-10 second video containing moving objects. 

• Track the movement of at least two objects across frames. 

• Log their position changes and generate a simple visualization 

2.2 Object Tracking Across Frames  
• Apply object detection to a short 5-10 second video containing moving objects. 
• Track the movement of at least two objects across frames. 

• Log their position changes and generate a simple visualization. 
 

There are various way to perform and execute above task the approach I have chosen is as follow 

1) Data collections: (web scraping) from site 
2) image preprocessing 
3) preparing response group on Microsoft azure 
4) creating custom vision project 
5) Data preparation creating bounding box on training images and tagging them 
6) Training a model using Microsoft Azure cognitive services 
7) testing model 
8) apply video information for object tracking 
9) evaluation process step: 
9a) preparing video frame for ground truth information to caluc\late IOU 
9b) visualization confusion matix 
9c) suggestion and conclusions. 

 
There are various way to perform and execute above task the approach I have selected is as follows 
Object Tracking using Microsoft Azure – Project Summary 
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 Step 1. Data Collection (Web Scraping)  
Web Scraping for Image Collection in Computer Vision Projects 
What is Web Scraping for Image Collection? 
Web scraping for image collection is the automated process of extracting images from websites to build datasets for computer 
vision projects. This involves programmatically accessing web pages, identifying image elements, and downloading the images 
along with any relevant metadata. 
Key Steps in Image Web Scraping: 
1. Identify Target Websites: Select websites with 

relevant, high-quality images 
2. Develop Scrapers: Write scripts (Python is 

most common) to navigate pages and extract 
images 

3. Download Images: Save images to local 
storage or cloud 

4. Organize Data: Structure collected images 
with appropriate labelling /metadata 

Advantages of Web Scraping for Computer Vision: 
1. Cost-Effective Data Collection 

o Free or low-cost alternative to 
purchasing datasets 

o Avoids manual downloading of 
individual images 

2. Large-Scale Dataset Creation 
o Can collect thousands of images 

quickly 
o Enables creation of custom datasets 

tailored to specific needs 
3. Diverse Image Sources 

o Access multiple websites to increase 
variety 

o Gather images with different lighting, 
angles, and contexts 

4. Time Efficiency 
o Automated collection is much faster than 

manual methods 

o Can run continuously to update datasets 
5. Customization 

o Precisely target the types of images 
needed 

o Filter by size, resolution, or other 
attributes during scraping 

Technical Details: 
Common Tools/Libraries: 

• Python Libraries: BeautifulSoup, Scrapy, Selenium, 
Requests 

• Image Processing: OpenCV, PIL/Pillow for 
validation/resizing 

Important Considerations: 
1. Legal/Ethical Compliance: 

o Check website terms of service and 
robots.txt 

o Respect copyright and fair use principles 
o Consider attribution requirements 

2. Quality Control: 
o Implement checks for image resolution and 

format 

o Remove duplicates and corrupt files 
o Filter irrelevant images 

3. Anti-Scraping Measures: 
o Implement delays between requests 
o Rotate user agents 
o Use proxies if needed 

4. Metadata Collection: 
o Capture alt text, captions, or surrounding text 
o Store source URLs for reference 

5. Storage and Organization: 
o Choose appropriate file naming conventions 
o Consider database storage for large collections 
o Implement version control for datasets 
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Example Workflow: 
1. Identify an image-rich site like Flickr or product catalogue 
2. Use Scrapy to crawl category pages 
3. Extract image URLs and metadata 
4. Download images with proper error handling 
5. Validate and preprocess images 
6. Organize into train/test/validation sets 

Web scraping for image collection is powerful but requires careful implementation to ensure quality data while respecting 
website owners' rights and technical limitations. 

 

  Step 2. Image Preprocessing (I have skipped some process only for documentation I am presenting)  

Image Preprocessing for Computer Vision Projects 
What is Image Preprocessing? 
Image preprocessing refers to the series of operations performed on raw images to prepare them for computer vision tasks. 
These transformations improve data quality, enhance relevant features, and standardize inputs for machine learning models. 
Key Preprocessing Techniques: 
1. Basic Operations 

• Resizing: Standardizing dimensions (e.g., 224×224 for many CNN architectures) 

• Cropping: Removing irrelevant borders or focusing on regions of interest 

• Rotation: Correcting orientation or augmenting data 

• Flipping: Horizontal/vertical flipping for data augmentation 
2. Color Space Transformations 

• Grayscale Conversion: Reducing 3-channel RGB to single-channel when colour isn't important 

• Color Normalization: Adjusting brightness/contrast or converting to HSV/Lab spaces 

• Histogram Equalization: Improving contrast by redistributing intensity values 
3. Noise Reduction 

• Gaussian Blur: Smoothing images to reduce high-frequency noise 

• Median Filtering: Removing salt-and-pepper noise while preserving edges 

• Bilateral Filtering: Noise reduction while maintaining edge sharpness 
4. Normalization/Standardization 

• Pixel Scaling: Converting values to 0-1 range (divide by 255) 

• Mean Subtraction: Subtracting dataset mean (e.g., ImageNet mean values) 

• Standardization: Dividing by standard deviation (zero mean, unit variance) 
5. Advanced Techniques 

• Edge Detection: Sobel, Canny, or Laplacian filters for feature enhancement 

• Morphological Operations: Erosion/dilation for binary image processing 

• Background Removal: Using techniques like GrabCut or thresholding 
Why Preprocess Images? 
Advantages: 

1. Improved Model Performance 
o Reduces irrelevant variations in input data 
o Highlights discriminative features for learning 

2. Faster Training 
o Standardized inputs lead to more stable gradient descent 
o Smaller image sizes reduce computational requirements 

3. Data Augmentation Benefits 
o Creates more varied training examples from existing data 
o Helps prevent overfitting 

4. Handling Real-World Variability 
o Makes models robust to lighting changes, small rotations, etc. 
o Compensates for different camera characteristics 

5. Memory Efficiency 
o Grayscale conversion reduces memory usage by 66% 
o Proper sizing prevents wasted computation on unnecessarily large images 
o 

Implementation Considerations: 
Tools/Libraries: 

• OpenCV: Comprehensive computer vision library 

• PIL/Pillow: Basic image operations 

• scikit-image: Advanced image processing algorithms 

• TensorFlow/ PyTorch: Built-in preprocessing layers 
Workflow Tips: 

1. Maintain Aspect Ratio: Use padding when resizing to avoid distortion 
2. Preserve Data Splits: Apply identical preprocessing to train/val/test sets 
3. Reproducibility: Save preprocessing parameters for inference 
4. Visual Verification: Always inspect samples after preprocessing 
5. Pipeline Optimization: Combine operations for efficiency 
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For this project I used initially basic processing 1. Basic Operations 

• Resizing: Standardizing dimensions 

• Cropping: Removing irrelevant borders or focusing on regions of interest 

• Rotation: Correcting orientation or augmenting data 

• Flipping: Horizontal/vertical flipping for data augmentation 

• And openCV2 Comprehensive computer vision library 

 Step 3 Microsoft Azure Setup for custom computer vision project  

Preparing Response Group on Microsoft Azure 

• Set up appropriate resource group, storage, and Custom Vision endpoint on Azure portal. 
• Managed keys, endpoints, and model versioning through Azure Cognitive Services. 

 
Step 1: create resources for custom vision Step 2: Search for custom vision services on Azure 

 

 
Step 3: setup custom vision resources fill up require field Step 4: verify created resources for prediction and train 

Step 5: verify subscription ID and endpoint 
 

Step 6. Similarly verify for prediction resources Step 7. Save keys and endpoint to system enviornment 
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 Step 4. Creating Custom Vision Project  

• Initiated a Custom Vision object detection project. 

• Defined relevant tags (classes) for objects to be identified and tracked. 
 
 
 

 
5.  

 
 
 
 
 
 

 Step 5 Data Preparation (Bounding Box + Tagging)  

• Annotated training images with bounding boxes around objects of interest. 

• Assigned correct tags for each bounding box to facilitate supervised learning. 

 
 

 
 Step 6. Model Training with Microsoft Cognitive Services  

• Uploaded the annotated dataset. 

• Trained the model using Microsoft’s object detection model pipeline. 

• Evaluated model performance using metrics such as precision, recall, and mAP. 

Model Performance Summary: 

• Precision: 57.7% 
This means that 57.7% of the detected objects were actually correct 
(true positives). The model makes some false detections (false 
positives), which slightly lowers the precision. 

• Recall: 100% 
The model successfully detected all actual objects in the images — it 
didn't miss any (no false negatives). This is excellent for tasks where 
missing an object is costly. 

• mAP (Mean Average Precision): 90% 

This indicates a high overall detection quality, balancing both 
precision and recall across different confidence thresholds. A 90% 
mAP shows that the model performs very well in localizing and 
identifying objects. 

 Step 7. Model Testing on image  

• Tested the model on unseen data and sample images. 

• Exported the trained model (e.g., in ONNX or TensorFlow format) for deployment. 
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 Step 8. Applying Model for Object Tracking (Video-based) and tracking log created  

• Used OpenCV (cv2) and supporting libraries to: 

o Extract video frames. 
o Apply the trained object detection model on each frame. 
o Perform object tracking across frames using IDs and bounding box correspondence. 

o Log of tracking object is generated 
 
 
 
 
 
 
 
 
 
 
 
 

 

Tracking Log 
of both 
objects 

 
 
 
 
 
 
 

 Step 9 Object Tracking Report and visualization  
Overview 

• Tracked Object Types: Cars, Pedestrians 

• Time Range: Frame 5 to 235 (assumed frame or time unit) 

• Data Fields: Time, Object Type, X, Y, Width, Height (bounding box) 
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Car Tracking Summary 

• Max Observed Instances at a Time: 2 cars per frame until frame 235 

• Movement Trend: 
o Car 1 (e.g., x ≈ 678 → 820): Appears to move horizontally across the screen, increasing in x-axis value 

(moving right). 
o Car 2 (e.g., x ≈ 338 → 508): Also moves to the right but at a slower pace or appears to stay relatively 

central. 
o Bounding Box Width: Shows dynamic changes, indicating potential approach or zooming (e.g., 319 → 300 

then 272 → 312). 

• Speed Inference: 

o Car 1 seems to accelerate slightly over time (from x = 678 at frame 5 to x = 821 at frame 235). 

o Car 2 maintains slower, more consistent movement (x = 338 → x = 508). 
 

Pedestrian Tracking Summary 

• Max Observed: 1 pedestrian per frame 

• Movement Pattern: 
o Pedestrian starts at x = 549 and gradually moves left (eventually reaching x = -33), indicating a leftward or 

approaching-from-right motion. 

o Then transitions to positive x again (e.g., x = 501 at frame 220), indicating reappearance or new subject. 

• Y Coordinate Behaviour: Decreases from y ≈ 52 to y ≈ -33, suggesting downward movement (approaching lower 
edge or coming closer to the camera). 

• Bounding Box: Height increases gradually (e.g., h = 455 → h = 544), indicating approach to camera. 
 

Bounding Box Trends 

• Cars: 

o Bounding box width ranges from 272 to 319 
o Height ranges from 96 to 113 
o Suggests consistent object size, possibly slight zooming or perspective change 

• Pedestrians: 

o Width: ranges 150 to 176 
o Height: consistently increasing from 455 to 544, suggesting pedestrian is approaching the camera 

 

Notable Observations 

• No Object Loss: No missing entries; continuous tracking throughout the frames. 

• No Sudden Jumps: Smooth transitions suggest good tracking fidelity. 

• Reliable Tracking: Object IDs (implied from consistent positions) maintained accurately. 
 

Conclusions 

• The object tracker performs reliably, with continuous, stable detections over time. 

• Cars appear to follow a rightward horizontal path with consistent speeds and increasing bounding box sizes, 
indicating forward motion or zoom. 

• Pedestrians show a forward and slightly diagonal movement toward the camera, evident from position and 
bounding box growth. 

• No frame drops or mislabelling was detected, showcasing high detection integrity. 
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3️. Heatmap of Object Positions 

      

Overall Conclusions 

 

 
Visualization: Line plot of object counts per frame. 
Insights: 

• The object count remains constant at 3 per frame, validating the consistency and completeness of the dataset. 

• This indicates robust tracking with no missed detections across frames. 
 
 

2️. Speed Analysis Over Time Computation: 
Speed = Distance moved (in pixels) between frames / Frame gap 
(Computed using change in X_min and Y_min over frames per object.) 
Visualization: Line plot showing speed variation per object across frames. 
Insights: 

• Cars show a relatively steady speed trend with minor fluctuations, suggesting uniform motion or camera following 
them. 

• The pedestrian exhibits: 

o Gradual acceleration and deceleration—possibly walking toward and then away from the camera. 

o More fluctuations, which is typical of natural human gait. 
Observations: 

• Frame-to-frame consistency in pedestrian speed can indicate realistic and trackable motion. 

• Peaks or sudden drops in speed may imply occlusions, turns, or tracker uncertainty. 
 

 

 

 
Visualization: KDE heatmap of object X-Y positions (X_min, Y_min). 
Insights: 

• High-density zones around certain X_min, Y_min coordinates suggest: 

o Static positioning of pedestrians or repeated frame positioning. 
o Region of interest (e.g., sidewalk area for pedestrians or lane centre for cars). 

• Dispersed zones indicate moving objects (likely cars). 
Conclusion: 

• The dataset contains both static (or slow-moving) and dynamic objects, suitable for diverse tracking model 
evaluations. 

 

Computation: Area = Width × Height 
Visualization: Line plot of area per object label across frames. 
Insights: 

• Pedestrian area gradually increases then decreases, suggesting they approach and then move away from the 
camera. 

• Car bounding boxes show moderate variation—likely due to perspective changes or motion. 

• Consistent object size trends point to a stable and realistic scene setup. 

• 
 

1. Reliable Tracking Dataset: No missing detections, constant object presence. 
2. Realistic Motion Patterns: Cars show steady motion; pedestrians show natural variability. 
3. Usability: 

o Excellent for tracking algorithm testing, especially Kalman filters, SORT, DeepSORT. 
o Good for training object detectors with temporal consistency. 

o Could be used in behavior prediction models or autonomous driving simulations. 

1️. Object Count Over Time 
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 Step 10. Evaluation Process with ground truth & IOU  
9a. Ground Truth & IOU Calculation 

• Created frame-level ground truth annotations for evaluation. 

• Compared model predictions to ground truth using Intersection over Union (IoU). 

• Calculated metrics like accuracy, false positives, false negatives, and IoU scores. 
 

 Ground Truth Annotation and Evaluation Process using roboflow  
Objective: 
Since the object tracking dataset extracted from the video lacks ground truth labels, we are creating manual annotations using 
Roboflow. These annotations will serve as the reference (ground truth) for evaluating tracking accuracy through key metrics 
such as IoU, Precision, and Recall. 

 

Ground Truth Annotation using Roboflow 
Steps Followed: 

1. Frame Extraction from Video: 
o Extracted individual frames from the tracking video to create image sequences. 

2. Uploading to Roboflow: 
o Created a new project on https://roboflow.com. 
o Uploaded the extracted image frames into the dataset section. 

3. Annotation Process: 
o Selected each frame and manually annotated objects using bounding boxes. 
o Assigned labels like car, pedestrian, etc., to each object. 
o Ensured consistent labeling across all frames for the same object types. 

4. Exporting Ground Truth: 
o Exported annotations in formats like YOLO, COCO, or VOC (depending on the evaluation script 

requirements). 

o Downloaded as .json, .txt, or .xml to match model prediction output format. 

 

• we selected certain frames to number of frames 22.and annotations of is created for ground truth and 
prediction 

• Now we have bounding box annotations which we will use to calculate IOU 
 

 
On Creating bounding box of ground truth and prediction with azure model we get following images 

https://roboflow.com/
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2. High Recall, Low Precision: 

 10b Confusion Matrix Visualization  

• Built a confusion matrix to assess the classifier’s performance. 

• Identified common misclassifications or missed detections. 
c Suggestions & Conclusion 

• Suggested potential improvements: 
Conclusion: 
1. Good Localization Accuracy: 
The Mean IoU of 0.6854 indicates that the predicted bounding boxes 
overlap fairly well with the ground truth boxes, suggesting decent 
spatial accuracy of the model. 

With a recall of 87.5%, the model successfully detects most of the true objects. 
However, precision is low (20.3%), meaning many predicted boxes do not match any ground truth (false positives). 

3. Imbalanced Performance: 
The F1 Score (32.9%), which balances precision and recall, is relatively low. This highlights the need for tuning to 
reduce false detections without missing actual objects. 

 
Suggestions Specific to Azure Custom Vision: 
1. Adjust Prediction Confidence Threshold 
o In the Azure portal or via API, consider 
increasing the confidence threshold (e.g., from 0.5 to 0.7) 
to reduce low-confidence false positives. 
o This typically improves precision at the cost of 
some recall. 
2. Review and Enrich Training Data 
o Make sure bounding boxes in training images 
are precise. 
o Include diverse scenarios, such as partial 
occlusions, varying object sizes, and different lighting. 
o Add negative images (without objects of 
interest) to help Azure learn to reject incorrect 
detections. 
3. Use Export and Fine-Tune Locally (Optional) 
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Step 11 Optimization Notes for Azure Custom Vision Model (for future to improve prediction) 

1. Adjust Prediction Confidence Threshold 

o If you need better control, export the model (e.g., ONNX or TensorFlow format) and fine-tune with 
additional custom loss functions or constraints. 

4. Retraining Strategies 

o Use Azure’s active learning feature to retrain on misclassified or low-confidence samples. 

o Periodically retrain using the latest evaluation results as feedback. 
 

(Based on object tracking performance metrics: IoU=0.6854, Precision=0.2029, Recall=0.8750) 
 

Goal: Reduce false positives (improve precision) 
Actions: 

• Portal Method: 

o Navigate to: Performance → Prediction Threshold 
o Current: Likely 0.5 (default) 
o Recommended: Test values 0.6–0.8 

▪ Higher = Fewer detections but more reliable 
o Monitor precision-recall tradeoff after each adjustment. 

• API Method: 
 

 
Goal: Improve bounding box accuracy (IoU) and reduce false negatives 
A. Bounding Box Quality 

• Audit: 

o Review the 20% worst-IoU images in evaluated_images. 
o Ensure boxes are tight (minimal background included). 

• Fix: 
o Re-tag problematic images in Azure Portal (Tags → Edit Regions). 

B. Data Diversity 

• Scenarios to Add: 

o Partial occlusions (e.g., pedestrians behind cars) 
o Extreme lighting (shadows, glare) 
o Small objects (distant cars/pedestrians) 

• Negative Samples: 

o Upload 100–200 images without objects. 
o Tag as "background" class. 

C. Data Balance 

• Ideal Ratio: At least 10:1 (object:background images). 

• Check: Performance → Per-Class Metrics for disparities. 
 

 
Use Case: If Azure’s native performance plateaus. 
Steps: 

1. Export Model: 

o Choose format: ONNX (for CPU) or TensorFlow Lite (mobile). 
o Location: Performance → Export 

2. Fine-Tuning Options: 
o Add custom loss functions (e.g., Focal Loss for class imbalance). 
o Implement size constraints (reject unrealistic boxes). 

 

 

edge deployment). 

 
 
 
 
 
 
 
 

When to Do This: 

• Precision remains 
low (<0.4) after 

threshold/data 
adjustments. 

• Need real-time 
optimizations  (e.g., 

 

 
Goal: Continuous improvement with minimal manual effort. 
A. Active Learning 

2. Review and Enrich Training Data 

3. Export and Fine-Tune Locally (Advanced) 

4. Retraining Strategies 
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• Final Step Project Execution Update (Using Python & Azure SDK) 

• How It Works: 
Azure flags uncertain predictions → you label them → model retrains. 

• Setup: 

o Enable in Settings → Active Learning 
o Set review frequency (e.g., every 100 new images). 

B. Scheduled Retraining 

• Frequency: Bi-weekly or monthly. 

• Data Selection: 
o Focus on frames with low IoU or high-confidence false positives. 

Next Steps: 
1. Start with confidence threshold adjustment (quick win). 
2. Schedule a data audit session for bounding box quality. 
3. Set up active learning for automated retraining. 

Would you like me to draft a step-by-step Azure Portal guide for any of these actions? 
 

 

 
Previously, we executed the complete object detection pipeline manually using the Azure Custom Vision Portal. This time, we 
automated the entire process using Python scripts in Jupiter Notebook, leveraging the Azure Custom Vision SDK and REST APIs. 
This includes: 

1. Automated Project Workflow via Python: 
o Creating the Custom Vision project 
o Uploading training images programmatically 
o Defining tags and bounding boxes 
o Initiating and monitoring the training process 
o Publishing the trained model 
o Using the model for object detection and tracking in video streams 

2. Improved Training Dataset: 
o This time, we collected a more diverse and extensive set of images, ensuring variations in lighting, angles, 

backgrounds, and object appearances. 
o These enhancements are aimed at improving model generalization and performance in real-world 

scenarios. 
3. Object Tracking Integration: 

o Post-prediction, we applied real-time object tracking using OpenCV to maintain detection continuity across 
video frames. 

o The combination of detection + tracking ensures smooth and efficient analysis, especially when prediction 
calls are rate-limited. 
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• Creating project on Azure custom vision with python SDK  

 
his Python script demonstrates how to programmatically create a Custom 
Vision object detection project on Microsoft Azure using the Azure SDK for 
Python. The goal is to automate the setup process for training an object 
detection model. 
First, the script imports necessary libraries including the 
CustomVisionTrainingClient and CustomVisionPredictionClient from Azure’s 
Cognitive Services SDK. These clients allow you to interact with the training 
and prediction services of Azure Custom Vision. Authentication is handled 
using API keys wrapped in ApiKeyCredentials. 
The script then initializes the training and prediction clients using provided 
endpoint URLs and API keys. A unique project name is generated using a UUID 
to avoid naming collisions. 
Next, it identifies the correct domain for the project—specifically the 
"General" Object Detection domain, which supports bounding box-based 
detection of multiple classes. 
With the domain selected, the script creates a new Custom Vision project and 

assigns it to the object detection domain. Two tags—"pedestrian" and "car"—
are created, which are essential labels for training images. These tags will be 
used to annotate training data (via bounding boxes) so the model can learn to 
differentiate between pedestrians and cars. 
Finally, the script saves the tag IDs in a dictionary (tag_map) for easy reference 
later when uploading and tagging images. This is a foundational setup step 
before proceeding to upload annotated images and train the object detection 
model. 

 
 

 

• Dataset preparation  

 
The dataset used for training the object detection model 
was sourced from Kaggle and other publicly available 
platforms such as Open Images Dataset, Pexels, and Google 
Images. To enhance the model's robustness and 
generalizability, the dataset includes a diverse mix of images 
containing cars, pedestrians, and urban scenes. 
For annotation, Roboflow was used to draw bounding boxes 
around objects of interest (e.g., cars and pedestrians). This 
tool provided an easy-to-use interface to label objects 
precisely and export the annotations in various formats. 

To introduce more variation and complexity, the dataset 
includes: 

• Images with tilted angles or shot from uncommon 
perspectives 

• Occluded or partially visible objects 

• Varying lighting and weather conditions 

• Mixed scenes with both cars and pedestrians 
After annotation, the bounding box data was exported and 
converted into a structured CSV format. Each row in the CSV 
file includes: 

• The file name of the image 

• The object name (label/tag such as "car" or "pedestrian") 

• The bounding box coordinates (left, top, width, height) 

• The normalized values (scaled between 0 and 1 based on 
image size) for use with Azure Custom Vision 

This careful preparation of data with high variability ensures the trained model is more resilient and performs well in real-world 
scenarios. 
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To automate the uploading of annotated images to Azure 
Custom Vision, we developed a Python script that processes a 
CSV file containing bounding box annotations and uploads the 
images in batches of 64, which is the maximum Azure allows at 
once. The script first reads the annotation file using Pandas, 
where each row includes normalized coordinates (left, top, 
width, height) along with the object label (obj_name) and image 
filename. Using this data, it creates a regions dictionary per 

image and groups all regions by filename using defaultdict. 
It then authenticates with the Azure Custom Vision Training Client using 
the provided endpoint and training key. Existing tags are cached, and if a 
tag from the CSV does not exist, the script creates it dynamically using the 
get_or_create_tag function. The main upload logic iterates through the 
dataset in chunks of 64 images. For each batch, it creates a list of 
ImageFileCreateEntry objects—each containing the image file's binary 
content and associated bounding box regions. These are submitted to the 
Azure project using create_images_from_files, and the result is printed to 
indicate the number of images uploaded per batch. 
This script not only handles large datasets efficiently but also ensures that 
all object labels are correctly tagged and bounding boxes are mapped 
precisely. It's a crucial step toward building a scalable and accurate object 
detection model in Azure Custom Vision using custom annotated 

datasets. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

• Training model  

 
This Python script initiates and monitors the 
training process for an object detection 
model in Azure Custom Vision. After 
uploading the annotated images, the 
training is triggered using 
trainer.train_project(PROJECT_ID), which 
returns an iteration object representing the 
current training cycle. Since training can 
take some time, the script enters a loop 
where it continuously checks the status of 
the training iteration by calling 
trainer.get_iteration(...). It waits for 5 
seconds between each check to avoid 
exceeding Azure’s API rate limits 
(throttling). Once the training status 
becomes "Completed", the script prints a 
success message along with the name of the 
trained iteration. This iterative polling 
approach ensures the script doesn't 
proceed until the model is fully trained and 
ready for prediction or publication. 

• Uploading images to the project. 
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• Conclusion from Precision, Recall, and mAP:  

 
 

1. Overall Performance (Precision: 94.3%, Recall: 74.7%, 
mAP: 94): 
o The model's precision is very high (94.3%), meaning that 
when the model predicts an object, it is likely correct. 
o The recall of 74.7% indicates that the model is correctly 
identifying 74.7% of the objects in the dataset, meaning there's 
still a notable number of objects it is missing. 
o The mean Average Precision (mAP) of 94% is impressive, 
reflecting good overall object detection performance across all 

classes. 
2. Performance Breakdown per Tag: 

o Pedestrian: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Key Insights: 

 
 
 
 
 
 
 

 
o Car: 

▪ Precision (95.9%) is very high, meaning the model is accurately identifying pedestrians when it 
detects them. 

▪ Recall (68.1%) is lower, indicating that it misses a significant number of pedestrians in images, 
possibly due to challenges like varying object sizes, occlusions, or background noise. 

▪ The Average Precision (A.P.) of 96.9% is excellent, indicating the model performs well in detecting 
pedestrians when they are correctly identified. 

▪ The relatively large image count (304) for pedestrians suggests a sufficient number of training 
samples, contributing to the model's performance. 

 

▪ Precision (93.7%) is still high, meaning the model accurately detects cars most of the time. 

▪ Recall (77.6%) is significantly higher than that for pedestrians, indicating that the model is better 
at finding cars across different images, with fewer false negatives compared to pedestrians. 

▪ Average Precision (A.P.) for cars is 91%, showing good detection performance, although it’s 
slightly lower than the pedestrian class. 

▪ The higher image count (447) for cars compared to pedestrians indicates a larger dataset and 
suggests that the model may have learned more effectively from this class. 

• Precision vs. Recall Tradeoff: The precision and recall values indicate a tradeoff where the model is very precise but 
could still miss some objects, especially pedestrians. In applications requiring high recall (detecting as many objects 
as possible), recall could be improved by retraining with more varied data or using techniques like data augmentation. 

• Tag Performance: The pedestrian tag has higher precision but lower recall compared to cars, suggesting that while 
the model is good at identifying pedestrians when they appear, it may miss them more often than cars. Conversely, 
the model detects cars with higher recall but slightly lower precision, meaning it finds cars better but sometimes 
misidentifies other objects as cars. 

• Suggestions for Improvement: 
o For Pedestrians: Increasing recall could be a focus area, such as by including more diverse training data or 

experimenting with more advanced techniques like multi-scale detection, which can handle objects at 
various sizes. 

o For Cars: Precision could be slightly improved by focusing on more complex or challenging cases where the 
model may be prone to false positives. 

Final Takeaway: 
The model shows strong performance overall, with precision and mAP values suggesting that it performs well in object 
detection tasks, especially with cars. However, the pedestrian class could benefit from further improvements in recall to capture 
more instances of pedestrians. 

• Publishing model  
 

Once the training process is successfully completed, the next critical step is to publish the trained iteration so it becomes  
accessible via the prediction API. This is done using the trainer.publish_iteration(...) method, which requires the project.id, the 
iteration.id (referring to the trained model version), a custom publish_iteration_name (used to refer to this model version 
during prediction), and the prediction_resource_id which links the model to the Azure prediction resource. Publishing 
essentially deploys the trained model and makes it available for real-time predictions through a REST API. After publishing, a 
confirmation message "Done!" is printed, indicating that the model is now live and can be used for inference tasks such as 
image or video analysis. 
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• Prediction on image  
 

After publishing the trained model, it 
becomes accessible for making real-time 
predictions via the prediction endpoint. In 
this step, a sample image 
(2149891413.jpg) is opened in binary 
mode and passed to the 
predictor.detect_image() method. This 
method takes the project.id, the 
publish_iteration_name (which specifies 
the trained version to use), and the image 
data, and it returns predictions from the 
deployed model. Each prediction includes 
the object's class label (tag name), the 
confidence score (probability that the 
detected object is correct), and the 
bounding box coordinates (left, top, width, 

and height) in normalized values (ranging from 0 to 1). 
The output is then formatted and printed, showing a 
readable summary of each detected object in the image 
along with its predicted position and accuracy. 

 
 
 
 
 
 
 

 

• Object tracking method 1  
 

This Python script combines object detection and tracking on a 
video using Azure Custom Vision and OpenCV. A video is read 
frame-by-frame, and every 5th frame (predict_every_n_frames) 
is sent to the Azure Custom Vision Prediction API, which returns 
bounding box predictions for detected objects such as 
pedestrians or cars. These bounding boxes are used to initialize a 
MultiTracker using the CSRT tracker (known for better accuracy 
with scale and rotation changes). For the intermediate frames, 
the tracker updates the positions of previously detected objects, 
making the tracking smoother and reducing the load on the 
prediction API. The bounding boxes and their corresponding 
labels are drawn on the video frame using OpenCV functions. The 
cv2.waitKey uses a dynamically calculated delay based on the 
video's frame rate to maintain a real-time display. The process 
continues until the video ends or the user presses the "q" key to 

quit. 
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• Object tracking method 2  
 

This method enhances video object detection and tracking by introducing multithreading to run predictions asynchronously. It 
begins by capturing video frames and resizing them for faster processing. Every frame (or at a configurable interval), the current 

frame is passed to a separate prediction thread that sends it 
to Azure Custom Vision for object detection. The use of the 
TrackerMOSSE (which is faster than CSRT) allows real-time 
tracking with lower computational cost. Once predictions are 
received, the bounding boxes are used to initialize or reset a 
MultiTracker, and objects are tracked in subsequent frames. 
To avoid race conditions while updating trackers and labels 
from different threads, a threading lock is used. This method 
is more efficient for continuous real-time object tracking, 
especially when prediction API calls are relatively slow or 
expensive. The detection results are overlaid on each frame 
and displayed dynamically, providing a smoother and 
responsive tracking experience. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

• Comparison of Method 1 and Method 2 for Object Detection and Tracking using Azure Custom Vision  
Method 1: Real-Time Detection with Direct API Calls 
In Method 1, the approach involves processing each frame of the video sequentially. Every frame is sent to the 
Azure Custom Vision API for object detection. The results are used to draw bounding boxes around detected 
objects, and trackers are initialized or updated for each frame. This method is straightforward and effective for 
smaller video streams or when the need for real-time tracking is less critical. However, the main limitation of 
Method 1 lies in its potential performance bottleneck due to sending each frame individually to the prediction API, 
which can slow down the system, especially when dealing with a large video stream. The lack of parallel processing 
can lead to delays, especially when API calls are frequent. 
Pros: 

• Simple implementation and direct integration with Azure Custom Vision. 

• Good for small videos or when tracking is not required across many frames. 

• Easy to implement and debug. 
Cons: 

• Synchronous prediction on every frame can cause lag or latency. 

• Slow API response times may lead to delays in processing real-time videos. 

• Not optimized for high FPS video streams. 
 

Method 2: Asynchronous Prediction with Multithreading and Tracker Update 
Method 2 optimizes the detection and tracking process by using multithreading for making asynchronous API calls. 
Instead of processing each frame individually and sequentially, a prediction thread is spawned every few frames, 
which allows the system to continue processing frames while waiting for the results of the prediction API. This 
asynchronous approach reduces the overall waiting time between predictions, as the model continues tracking 
objects while new frames are being captured and processed. The tracker is initialized using MOSSE (Multiple Object 
Tracking using Simple Estimations), a faster tracker, which ensures that the system remains responsive even as 
predictions are being made. Additionally, using threading locks ensures that the tracker’s state is updated safely 
without any data race conditions. 
Pros: 

• Significant performance boost due to parallel prediction and frame processing. 

• More responsive and suitable for higher FPS videos. 

• Asynchronous nature reduces lag during real-time processing. 
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• Can handle longer video sequences with reduced latency. 
Cons: 

• More complex to implement due to the introduction of multithreading. 

• Potential for threading issues such as race conditions (although mitigated with threading locks). 

• Might be overkill for smaller videos where latency is not an issue. 
 

Conclusion: 

• For Small Videos or Simple Applications: Method 1 is a straightforward and easy-to-implement solution 
suitable for small video files where the real-time latency is not a critical factor. It is simple but may not 
scale well when performance optimization is required. 

• For Larger or High FPS Video Streams: Method 2 provides a more scalable solution, particularly useful for 
videos requiring high FPS or longer video streams where latency becomes more critical. The use of 
multithreading allows the system to make predictions without interrupting the frame processing pipeline, 
resulting in smoother real-time tracking and faster overall performance. 

Recommendation: If you are working with a large-scale video stream or need real-time tracking at a higher frame 
rate, Method 2 is the better choice due to its ability to handle concurrent prediction tasks efficiently. However, if 
simplicity and quick setup are more important, and the video content is smaller or less demanding, Method 1 can 
still serve as a suitable solution. 

 

• Predicted images from video file  
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