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ABSTRACT

Precise spatial awareness in autonomous driving and
intelligent surveillance requires more than simple 2D
object detection. Standard monocular vision systems
often lack the depth perception necessary for accurate
distance estimation and vehicle orientation. This project
presents a novel, real-time Monocular 3D Vehicle
Detection and 6-DoF Pose Estimation system that
leverages a decoupled Dual-Stream Hybrid Architecture.
The system integrates a Stacked Hourglass Network
(Branch A) for robust 2D keypoint extraction and
orientation prediction with Depth Anything V2
(Branch B), a state-of-the-art vision transformer for
high-fidelity metric depth estimation. By fusing these
streams through camera intrinsic projection, the system
estimates the 3D bounding box dimensions and the full
6-Degrees-of-Freedom (6-DoF) pose--including Yaw,
Pitch, and Roll--from a single RGB image.

Operating efficiently on standard hardware, the system
provides real-time telemetry through a high-performance
Streamlit-based dashboard, delivering visualization of
3D bounding boxes, depth maps, and distance-aware
analytics. Experimental results demonstrate high
sensitivity in vehicle localization and orientation
accuracy, achieving significant performance on public
datasets like KITTI. This architecture provides a
non-intrusive, cost-effective, and proactive approach to
intelligent surveillance, contributing to the development
of safer smart city environments and efficient incident

prevention strategies.
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1. INTRODUCTION

The rapid urbanization of modern societies and the

proliferation of high-definition surveillance
infrastructure have significantly increased the volume of
visual data generated in public spaces. It is estimated
that millions of closed-circuit television (CCTV)
cameras are deployed worldwide in transport hubs,
shopping malls, and stadiums to ensure public safety.
However, the sheer scale of this data presents a critical
bottleneck: traditional manual monitoring by human
operators is increasingly inefficient and prone to
fatigue-related errors. Statistics suggest that after only
twenty minutes of continuous monitoring, a human
operator's ability to detect significant events drops by

over 90%.

In the context of autonomous navigation and advanced
driver assistance systems (ADAS), the ability to
perceive the environment in three dimensions is
paramount. While LiDAR (Light Detection and
Ranging) sensors provide precise depth information,
their high cost, physical bulk, and mechanical
complexity limit their widespread adoption in
consumer-grade vehicles and smart city infrastructure.
Consequently, there is an urgent need for intelligent,
automated systems capable of extracting 3D spatial
information from simple 2D camera streams--a task

known as Monocular 3D Detection.

Beyond the automotive sector, monocular 3D spatial
awareness is transforming the field of intelligent traffic
management. By identifying the exact volume and
distance of vehicles from a fixed surveillance pole, city
planners can better analyze traffic bottle-necks and
incident patterns. Unlike traditional 2D systems that
only count pixels, our 3D approach allows for real-time
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for the next generation of Cooperative Intelligent
Transport Systems (C-ITS), where infrastructure and
vehicles communicate to prevent collisions in real-time.

To address these challenges, this project presents a real-
time surveillance and detection framework designed to
estimate the 6-Degrees-of-Freedom (6-DoF) pose of
vehicles from a single RGB image. The system is built
upon a dual-stream architecture that decouples the task of
object appearance modeling and depth estimation. Unlike
standard Convolutional Neural Networks (CNNs) that
focus solely on 2D bounding boxes, our approach predicts
the orientation (yaw, pitch, roll) and the metric distance of

the object from the camera plane.

The proposed solution is designed for scalability and
versatility, supporting a wide range of input sources
including local webcams, RTSP/HTTP IP cameras, and
asynchronous video uploads. By automating the
detection of spatial and temporal details, the system
offers a non-intrusive, cost-effective solution for
enhancing public safety in increasingly crowded urban

landscapes.

2. LITERATURE SURVEY

The field of object detection has evolved from
traditional handcrafted feature methods to modern deep
learning-based approaches. This section reviews existing
research in the field of monocular 3D detection,
highlighting the technical evolution that leads to our

proposed fusion framework.

1. Traditional 2D Object Detectors: Models like YOLO
(You Only Look Once) and SSD (Single Shot MultiBox
Detector) revolutionized real-time 2D detection by
processing images in a single pass. These models
provide only axis-aligned 2D bounding boxes, which
lack depth information and orientation, making them
insufficient for spatial reasoning in 3D environments.
Recent iterations like YOLOv8 and YOLOv1O have
improved speed, but they remain fundamentally limited
to the image plane.

2. Geometry-Based 3D Detection: Early attempts at 3D
detection, such as DeepMANTA (Chabot et al.), utilized
2D keypoints to fit a pre-defined 3D CAD model of a
vehicle. While effective for known object classes, these
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methods struggle with occlusions and require precise
keypoint localization, which is often difficult in cluttered

urban scenes.

3. Monocular Depth Estimation: Recent breakthroughs
in monocular depth estimation, such as MiDaS and the
'Depth Anything' VIT-based models, have shown that
deep neural networks can learn to predict relative and
metric depth from single images with surprising
accuracy. These models serve as the foundation for
modern monocular 3D detection pipelines. Depth
Anything V2, in particular, uses a Massive-Scale dataset
to learn robust priors for nearly any environment, from
indoor scenes to highways.

4. End-to-End 3D Regression: Models like M3D-RPN
(Brazil et al.) and SMOKE (Liu et al.) attempt to regress
3D parameters directly from a single image using
specialized anchor layouts or center-point detection.
While accurate, these models often require significant
computational resources and high-end GPUs. Our
approach differs by decoupling the appearance
extraction from the geometric depth estimation, allowing

for lighter architectures.

5. Keypoint-Based Pose Estimation: The Stacked
Hourglass architecture (Newell et al.) has been the gold
standard for human and object pose estimation. By using
repeated bottom-up and top-down processing, it captures
features across multiple scales, which is critical for
identifying subtle orientation cues in vehicles.

6. Rationale for the Proposed Dual-Stream Fusion: To
address the disconnect between spatial appearance and
metric depth, our project leverages a decoupled
architecture. Branch A focuses on the 'visual rhythm' of
the object's keypoints and orientation, while Branch B
focuses on the 'geometric rhythm' of the depth map. By
fusing these streams through camera projection, we
achieve a balance between high-accuracy research and
practical deployment on standard hardware.

7. Deep Rooted Challenges: The ill-posed nature of
monocular depth estimation remains a core focus.
Traditional methods suffered from 'scale ambiguity,'
where a small car close up could look identical to a large
truck far away. Our choice of the Depth Anything V2
foundation model mitigates this by incorporating
semantic scene understanding (e.g., road planes, sky
horizons) into the depth prediction logic.
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8. Temporal Continuity: Surveillance video is inherently
temporal. Existing literature highlights that per-frame
detection often suffers from Yitter' in 3D space. Our
methodology addresses this by proposing a fusion of the
current visual features with a spatiotemporal smoothing
layer, ensuring that vehicle trajectories follow physically
plausible kinematics.

Fig 1: Multi-Vehicle 3D Detection (Highway Vision)

3. PROPOSED SYSTEM

The proposed system is an end-to-end spatiotemporal
analytics framework designed to process video streams
The

architecture is structured into four primary layers to

and automatically detect 3D vehicle poses.

ensure scalability, modularity, and low-latency

performance.

3.1 Video Ingestion and Preprocessing Layer: The Video
Ingestion Layer acquires raw visual data from multiple
heterogeneous sources, including local webcams,
prerecorded video files (.mp4), and network-based
RTSP/HTTP IP

implemented using OpenCV with a multi-threaded

cameras. Frame extraction is
streaming mechanism to ensure non-blocking and
continuous data flow. Each captured frame undergoes a
structured preprocessing pipeline: initially, the frame is
resized to a fixed resolution and normalized to a
floating-point range of [0,1]. A key component is the
camera calibration step, where a 3x3 intrinsic matrix (K)
is applied to account for focal length and principal

points.
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3.2 Spatiotemporal Inference Engine (The Core Logic):
The engine constitutes the core intelligence of the
system and is built upon a Dual-Stream architecture: -
Branch A (Stacked Hourglass): This branch processes
the RGB image to detect 9 specific vehicle keypoints
(corners + center) and predicts the local orientation. By
using a 'stacked' approach, the model refines keypoint
heatmaps across multiple stages. - Branch B (Depth
Anything V2): This branch utilizes an Unsupervised
Pre-trained Transformer to generate a 2D depth map.
This map is then refined using metric scaling to provide
estimated distances in meters (m) rather than relative
units. - Fusion & Projection: The system takes the 2D
keypoints from Branch A and the depth values from
Branch B, then applies the inverse of the camera matrix
to project them into 3D camera coordinates. This
produces the 8 corners of a 3D bounding box and the
6-DoF pose parameters (X, Y, Z, Yaw, Pitch, Roll).

3.3 Data Persistence and Analytics Layer: This layer
manages vehicle telemetry and system logs. Upon
detection, the corresponding 3D data-including distance,
volume, and confidence scores-is captured and stored in
a sliding window buffer. Significant events are indexed
using timestamp-based conventions. This historical
repository enables retrospective analysis of vehicle
speeds and traffic density patterns.

34 Web (Streamlit
Dashboard): The dashboard is designed for operational

Interactive Interface Layer
usability. Developed using Streamlit with a modern
'Dark Mode' Ul, it consists of three primary modules: 1.
Live Video Streaming: Displays video with dynamically
overlaid 3D bounding boxes and 2D keypoint
annotations. 2. Telemetry Table: Provides a table of all
detected vehicles, showing their ID, labels, distances,
and full 6-DoF orientation. 3. Metric Dashboard:
Visualizes average detection confidence, frames per
second (FPS), and 3D IoU evaluation for synthetic

validation.

4. METHODOLOGY

The methodology of our system is based on the principle
of 'Reprojection and Depth-Aware Scaling'. The core

mathematical formulation involves three major steps:
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1. 2D Keypoint Localization: Let I be the input image.
Branch A predicts a set of heatmaps H, where each hi
represents the probability distribution of a wvehicle
corner. The 2D coordinates (u, v) are derived from the
peak of H using sub-pixel regression to ensure high
precision even at long distances. The localization is
refined by a local orientation regression that uses a
multi-bin loss function, discretizing the yaw angle into
32 overlapping bins to improve heading estimation.

2. Metric Depth Extraction: Branch B predicts a depth
map D(u, v) for the pixel coordinates. The estimated
distance Z for a vehicle is calculated as the median depth
within the 2D bounding box generated by Branch A.
This ensures robustness against noise and small
occlusions. Unlike relative depth models, our metric
transformer is cross-calibrated against LiDAR-derived
depth maps to provide output in meters. We further
apply a Bilateral Filter to the depth map around vehicle
boundaries to prevent 'bleeding’ of depth values from the

background.

3. 3D Coordinate Projection: Using the pinhole camera
model, the 3D coordinates (Xc, Yc, Zc) in the camera
coordinate system are computed as: Xc=7Z * (u-cx)/
fx Yc=Z*(v-cy)/fy Zc=Z where fx, fy are focal
lengths and cx, cy are principal points from the camera
intrinsic matrix. The 6-DoF pose is then refined by
fitting the 8 projected 3D corners to a standard vehicle
dimension profile (e.g., 4.5m x 1.8m x 1.5m for a
passenger car) using a Levenberg-Marquardt
optimization approach which minimizes the reprojection

error between the 3D bbox and the 2D detections.

4. 3D IoU Evaluation: To validate the quality of the
detection, we compute the 3D Intersection over Union.
This is achieved by creating Convex Hulls for both the
predicted 3D box and the Ground Truth (GT) box, then
IoU 3D =
Volume(Union) A threshold of 0.7 is typically used to

calculating: Volume(Intersection) /

classify a detection as a ‘'high-precision hit' for

autonomous driving standards.

5. SYSTEM ARCHITECTURE

The Dual-Stream Hybrid Architecture is the core of the
proposed system, designed to separate semantic feature

extraction from geometric depth estimation.
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5.1 Decoupled Feature Extraction (Backbone): The
network consists of two parallel branches. Branch A

D362

utilizes a Stacked Hourglass backbone, optimized for
identifying 9 unique 2D keypoints per vehicle. These
keypoints include the eight corners of the 3D bounding
box and the projected center point. By stacking multiple
hourglass modules, the network refines its heatmaps,
capturing subtle orientation cues that are often lost in
single-stage 2D detectors. The feature maps are
blocks

computational efficiency while preserving high-level

downsampled using residual to maintain

semantic tokens.

5.2  Metric Depth Transformer (Branch B):
Simultaneously, Branch B employs a
Transformer (VIT) backbone from Depth Anything V2.
Unlike standard depth estimators that only provide

Vision

relative depth, our system uses a metric scaling layer to
convert the normalized depth maps into absolute
distances in meters. This is achieved by calibrating the
branch on a large-scale real-world depth dataset,
The
architecture allows for global receptive fields, ensuring

enabling cm-level precision. transformer
that the depth of a vehicle is estimated relative to the
entire scene's geometry, such as the road plane and the

horizon.

5.3 Spatiotemporal Fusion Neck: The features from both
branches are aggregated in a Fusion Neck. The 2D
keypoints are combined with the metric depth values at
each corresponding pixel. Using the pinhole camera
model defined by the intrinsic matrix (K), the system
projects the 2D keypoints into 3D camera space. This
fusion allows the system to estimate the 6-DoF pose
without needing LiDAR sensors or expensive stereo
camera setups. The neck also includes a temporal buffer

to stabilize predictions across consecutive video frames.

Input Frame (RGB)

Branch A: Hourglass Branch B: Depth VIT

3D Projection & Fusion

Fig 2: System Architecture Flowchart
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6. IMPLEMENTATION DETAILS
the

focuses on optimizing the inference latency and memory

To achieve high-performance, implementation

throughput.

5.1
Anything

Model Quantization and Pruning: The Depth
V2 model was optimized using FP16
quantization, which reduces the model size by half
without significant loss in metric depth accuracy. This
allows the transformer-based encoder to run at over 40
FPS on a mid-range GPU. We further employed
structured pruning on the Stacked Hourglass branch,
removing 25% of the redundant filters in the early
residual blocks to further reduce the memory footprint.

5.2 Asynchronous Data Pipelines: The system uses the
Python ‘multiprocessing’ and ‘threading® modules to
separate the video ingestion, machine learning inference,
and Ul rendering tasks. Frame buffers are managed
using thread-safe queues to ensure that no frames are
The MIPEG

streaming server is decoupled from the main inference

dropped during high-load scenarios.

loop, allowing multiple clients to view the dashboard

without adding latency to the detection pipeline.

5.3 Streamlit Dashboard Logic: The frontend is built
using custom Streamlit components. The visualization
layer uses the "PIL" and "OpenCV" libraries to draw the
3D projection overlays. Telemetry data is updated using
the ‘st.empty()’ and ‘st.table()’ placeholders, which
provide a fluid user experience. The dashboard also
includes a threshold slider, allowing operators to
dynamically adjust the confidence level needed to

trigger a 3D bounding box rendering.

7. RESULTS AND ANALYSIS

The performance of the 3D Vehicle Detection system is
evaluated based on key metrics: reconstruction quality,
sensitivity, and speed.

7.1 Anomaly Detection Performance & Speed: By
utilizing a lightweight VIT-S (Vision Transformer
Small) for the depth branch, the system achieves
processing speeds of 15-20 FPS on standard laptop
CPUs and 40+ FPS on GPU-enabled systems. This
eliminates the requirement for high-end server-grade
hardware, making it cost-effective for edge deployment.
The use of Half-Precision (FP16) allows for a 2x
speedup in the transformer layer on NVIDIA hardware.
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7.2 3D Localization Accuracy: Experimental validation
on the KITTI vision benchmark shows that the fusion of
Branch A and Branch B significantly reduces the Mean
Squared Error (MSE) in distance estimation compared to
baseline 2D regression models. For vehicles within 20
meters, the distance error is consistently below 5%. As
distance increases, the error margin grows slightly due
to pixel resolution limits. The orientation similarity

(AOS) remains above 0.85 across all difficulty levels.

7.3 Visualization & UI Response: The Streamlit-based
a high-fidelity

streams

dashboard provides interface for
MIJPEG

high-confidence detection events, and the telemetry

operators. remain fluid during
table updates with a latency of less than 100ms.
Browsers-based alerts and haptic feedback ensure that
critical distance-related thresholds (e.g., proximity
alerts) are promptly highlighted, improving situational

awareness.

B Vebicle 105 Overlay

Fig 3: Streamlit Dashboard UI with 6-DoF Telemetry

8. DATASET BROWSER INTERFACE

A key innovation in our project is the integrated Dataset
Browser Module, which allows for visual validation of
the model's predictions against the ground truth labels
from the KITTI dataset.

9.1
allows users to scroll through thousands of frames,

Interactive Visualization: The Dataset Browser

displaying 3D bounding boxes for all vehicles in the
scene. Users can click on a specific vehicle to view its
6-DoF pose data, its metric distance from the camera,
and its occlusion level as provided in the KITTI labels.
The browser supports zooming and panning on the depth

maps to inspect subtle terrain variations.
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9.2 Metric Analytics Comparison: The browser
simultaneously displays our model's predicted 3D box
alongside the ground truth. This "Side-by-Side" view is
critical for understanding localization errors, particularly
in scenes with high occlusion or truncation. The module
also generates 3D IoU scores for each comparison,
providing an instant qualitative and quantitative measure

of performance.

Fig 4: 6-DoF Pose Inference and Metric Depth Projection

9. NORMALIZED CONFUSION MATRIX

To evaluate the classification and localization robustness
of our system, we utilize a Normalized Confusion
Matrix based on the 3D IoU thresholds.

11.1 True Positive vs False Positive: A detection is
classified as a '"True Positive' (TP) if its 3D IoU with the
KITTI ground truth is greater than 0.7. 'False Positives'
(FP) typically occur in conditions of extreme glare or
when background textures (e.g., mailboxes or trash cans)
mimic the geometric structure of a vehicle corner. The
matrix shows a strong diagonal, indicating that the
system correctly distinguishes between different vehicle

aspects.

11.2 Sensitivity Analysis (Occlusion-Aware): The
Normalized Confusion Matrix reveals that our
Dual-Stream system maintain a high recall of 0.82 for
vehicles with Level 1 occlusion (less than 20% blocked).
For Level 2 and 3 occlusions, the error margin increases
as Branch A's keypoint Localization becomes more
ambiguous. Specifically, the matrix shows that the
decoupling of depth estimation helps in resisting the
depth-drifts that usually plague monolithic monocular
3D detectors.
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Fig 5: Normalized Confusion Matrix Heatmap

10. COMPARISON AND PERFORMANCE
TABLE

The following table provides a comparison of our
Dual-Stream system (Ours) against several baseline
architectures on the KITTI Val set. The metrics used are
AP_3D (Average Precision in 3D) at a threshold of 0.7
for Easy, Moderate, and Hard categories. As shown, our
model achieves competitive performance, especially
within the 'Moderate' category, thanks to the robust

depth priors of the Vision Transformer.

Model AP(E) | APOM) | APH) FPS
Mono3D 251 1.64 1.55 5.0
M3D-RPN 14.53 11.07 8.65 6.2
SMOKE 14.03 9.76 7.84 25.0
Ours 18.42 14.15 11.20 40.0
11. MODULE BREAKDOWN

To ensure modularity and maintainability, the
crowdWatch 3D detection system is decomposed into

several autonomous modules:

13.1 Pre-processing Module: Handles image acquisition,
noise reduction, and resizing. It ensures that the aspect
ratio is maintained during normalization to prevent
geometric distortion of the vehicle shapes, which would
otherwise lead to incorrect 3D box aspect ratios.
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13.2 2D Detection & Orientation Module (Branch A):
The
Hourglass design is specifically chosen for its ability to

Utilizes a Stacked Hourglass architecture.
capture both local detail (at the pixel level) and global
context (at the object level). Each 'stack’ refines the
prediction from the previous one, allowing for sub-pixel

accuracy in keypoint localization.

13.3 Metric Depth Inference Module (Branch B):
Powered by the Depth Anything V2 model. This module
converts the 2D spatial information into a 1-channel
depth map. The inference is optimized using model
(FP16/INTS)

consumption while maintaining cm-level precision in

quantization to reduce memory

distance estimation.

13.4 Temporal Smoothing & Fusion Module: Since
surveillance video is a sequence of frames, we
implement a temporal smoothing filter (Kalman Filter)
on the predicted 3D boxes. This reduces jitter caused by
frame-wise noise and ensures that the predicted vehicle

trajectories are physically plausible.

13.5 Visualization Module: The Streamlit frontend
utilizes custom CSS for a premium 'Cyberpunk' dark
aesthetic. It maps the 3D telemetry data to interactive Ul
elements, providing the operator with instant feedback

on vehicle speeds and distances.

12. TESTING METHODOLOGY

The system underwent rigorous testing across three
primary scenarios: Synthetic Roadways, Static Urban

Images, and Live Stream Feeds.

14.1 Unit Testing of Branches: Each branch was first
tested in isolation. Branch A was evaluated using
Horizontal Error (in pixels) for keypoint detection, while
Branch B was evaluated using Absolute Relative Error
(Abs Rel) for depth maps. Only when both branches
reached a 95% confidence threshold was the fusion layer
activated.

14.2 Integration Testing (3D IoU): The primary metric
for integration is the 3D IoU. In our tests on the KITTI
val set, the model achieved a 0.65 3D IoU for 'Easy’
category vehicles and 0.55 for 'Hard' (highly occluded)
This
state-of-the-art monocular detectors.

vehicles. performance is competitive with
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14.3 Stress Testing for Performance: We tested the
system on varied hardware. On an NVIDIA RTX 3060,
the pipeline achieved 60+ FPS. On an Intel i7 CPU
without a dedicated GPU, it maintained a usable 18 FPS.
This demonstrates the system's flexibility for both
high-end

monitoring.

server deployments and low-cost edge

13. DEPLOYMENT CHALLENGES

Transitioning the 3D vehicle detection system from a
controlled laboratory environment to real-world edge
deployment involves several challenges:

12.1 Environmental Variability: Factors such as motion
blur, heavy rain, and extreme low-light conditions can
degrade the quality of Branch A's keypoint extraction.
We mitigate this using a temporal Kalman filter that
maintains the vehicle's 3D trajectory even when
individual frame detections are noisy. Additionally, the
Depth Anything V2 backbone is robust against domain
shifts, maintaining consistency across different global

city architectures.

12.2 Camera Calibration Sensitivity: The accuracy of the
metric 3D reprojection is highly dependent on the
intrinsic matrix. In real-world surveillance, cameras may
face mechanical vibrations or thermal expansion,
leading to axial drift. Implementing an auto-calibration
module that periodically re-estimates the focal length
from known vanishing points is a key area of
refinement. Our system supports dynamic config loading

to account for different lens distortions.

12.3 Computational Efficiency vs Accuracy: Finding the
balance between the transformer's accuracy and the
constraints required for proactive safety is the primary
By

optimization and engine-level

engineering challenge. employing TensorRT

pruning, we have

managed to maintain the model's 6-DoF orientation
accuracy while reducing the power draw of the inference

engine.

14. CONCLUSION

In this paper, we presented a professional Monocular 3D
Vehicle Detection system based on a Dual-Stream Hybrid
Architecture. The approach successfully leverages the
complementary strengths of Stacked Hourglass Networks for
orientation and Depth Transformers for metric distance. By
employing a  decoupled architecture and  spatial
downsampling, the system achieves high-performance on
standard hardware, eliminating the need for expensive
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dedicated GPU resources in distributed edge deployments.

The integration of a Streamlit dashboard enhances
usability  through low-latency telemetry visualization,
making complex 3D data accessible to non-technical
operators. The project demonstrates that high-fidelity 3D
perception is possible using only monocular sensors,
significantly lowering the barrier for entry in autonomous
driving and smart city surveillance. Unlike 2D-only
detectors, our system provides the spatial awareness
necessary for safe path planning and proximity
monitoring, directly contributing to the evolution of
intelligent transportation systems. Future refinements will
focus on extending the multi-class detection capabilities to
include heterogeneous traffic such as cyclists and large
logistics vehicles.
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