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Abstract - The rapid evolution of autonomous vehicle technology 

demands computer vision systems that are both highly accurate and 

capable of real-time processing . This paper addresses the critical 

function of Traffic Sign Recognition (TSR), a domain uniquely 

challenged by environmental variables such as lighting shifts, 

extreme weather, and high inter-class similarity, such as the visual 

resemblance between different speed limit signs . While traditional 

computer vision approaches relying on hand-crafted features like 

Histogram of Oriented Gradients (HOG) often fail to generalize 

across these conditions, this study leverages Deep Learning, 

specifically Convolutional Neural Networks (CNNs), to learn 

hierarchical feature representations directly from raw data . 

The research utilizes the German Traffic Sign Recognition 

Benchmark (GTSRB), a standard industry dataset comprising over 

50,000 images across 43 distinct classes . To prepare the data, the 

methodology incorporates extensive preprocessing steps, including 

normalization for gradient descent acceleration, grayscale 

conversion to reduce computational complexity while retaining 

structural features, and data augmentation (rotations, zooms) to 

prevent overfitting . 

The implemented CNN architecture—featuring sequential 

convolutional layers, ReLU activation, max-pooling for 

dimensionality reduction, and dropout regularization—

demonstrated high proficiency, achieving a validation accuracy of 

97.5% and a test accuracy of 96.8% over 15 training epochs. 

Uniquely, this study extends beyond algorithmic performance to 

critically evaluate the Machine Learning Operations (MLOps) 

lifecycle and the reproducibility of the computational environment 

. By auditing the project's configuration files, specifically 

compose.yaml and requirements.txt, the research highlights the 

"Dependency Hell" inherent in cross-platform development . The 

analysis reveals that standard workflows relying on pip freeze 

create vulnerabilities regarding cross-platform binary 

incompatibility and transitive dependency pollution, where 

unneeded "zombie dependencies" persist in the build . To mitigate 

these risks, the paper proposes architectural improvements, 

including the adoption of deterministic dependency management 

tools like Poetry and the implementation of multi-stage Docker 

builds . These recommendations aim to transition the system from 

a prototype to a secure, production-ready environment capable of 

consistent deployment across diverse hardware ecosystems . 

1. INTRODUCTION

1.1 The Imperative of Autonomous Safety 

The automotive industry is currently undergoing a paradigm 

shift from mechanical engineering to software-defined mobility. 

Autonomous and semi-autonomous vehicles rely heavily on 

intelligent perception systems to interpret the driving 

environment and ensure safe navigation.1 Among the various 

perception tasks, Traffic Sign Recognition (TSR) is paramount. 

Unlike generic obstacle detection, TSR involves interpreting 

regulatory, warning, and informational signs that dictate the 

legal and safety constraints of the driving task (e.g., speed limits, 

stop signs, yield instructions).1 

1.2 Challenges in Current ADAS Architectures 

While object detection algorithms have matured, integrating 

them into a cohesive collision control system remains 

challenging due to several factors: 
1. 

Environmental Variability: TSR systems must contend with

high inter-class visual similarity, occlusion, weather-induced

distortions (rain, fog), and varying illumination conditions 1.
2. 

Computational Constraints: ADAS algorithms must execute

with low latency on resource-constrained edge hardware like the

NVIDIA Jetson Nano or Raspberry Pi.
3. 

Reproducibility Crisis: A significant portion of AI research

fails to transition to production due to "dependency hell"—

inconsistencies in software environments across development

and deployment stages.1

1.3 Research Contributions

This paper distinguishes itself from existing literature by not

only developing a robust TSR model but also rigorously defining

the control logic for collision avoidance and the software

infrastructure required for reliable deployment. Key

contributions include:
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• Mathematical Modeling: Derivation of the physical equations

governing braking distance and Time-To-Collision (TTC) to

ground the AEB logic.

• Architectural Analysis: A comparative review of CNN

architectures, including MicronNet and Multi-column CNNs, for

embedded applications.

• MLOps Innovation: A proposal to replace nondeterministic

requirements.txt workflows with uv and Docker for bit-exact

reproducibility.

2. THEORETICAL FRAMEWORK: VEHICLE DYNAMICS

AND CONTROL PHYSICS 

To design an effective Collision Control System, one must first 

establish the mathematical laws governing vehicle motion. The 

Artificial Intelligence (AI) decision-making process is 

ultimately constrained by these physical realities. 

2.1 Vehicle Longitudinal Dynamics 

The longitudinal motion of a vehicle during braking or 

acceleration is governed by Newton's second law. The total 

traction force $F_t$ required to drive the vehicle must overcome 

various resistances: 

$$m \frac{dv_x}{dt} = F_t - (F_a + F_r + F_g)$$ 

Where: 

• $m$ is the vehicle mass.

• $v_x$ is the longitudinal velocity.

• $F_a$ is the aerodynamic drag, defined as $F_a = \frac{1}{2}

\rho C_d A v_x^2$.

• $F_r$ is the rolling resistance, defined as $F_r = m g f

\cos(\theta)$.

• $F_g$ is the gravitational resistance on a slope, defined as $F_g

= m g \sin(\theta)$.

For the specific case of Automatic Emergency Braking (AEB),

the tractive force becomes a braking force $F_b$. The maximum

deceleration achievable is limited by the friction coefficient

$\mu$ between the tires and the road surface.

2.2 Mathematical Derivation of Stopping Distance 

The total stopping distance ($d_{total}$) is the sum of the 

distance traveled during the reaction time ($d_{reaction}$) and 

the braking distance ($d_{braking}$). 

1. Reaction Distance:

During the interval where the system (camera/radar) processes 

the image and the actuator engages, the vehicle travels at a 

constant velocity $v$: 

$$d_{reaction} = v \cdot t_{reaction}$$ 

In human drivers, $t_{reaction}$ is typically 1.5 to 2.5 seconds. 

In an autonomous system, this is reduced to the sum of sensor 

latency, inference time, and actuator lag, often $< 200$ ms. 

2. Braking Distance:

Using the work-energy principle, the work done by the braking 

force must equal the initial kinetic energy of the vehicle: 

$$Work = \Delta KE$$ 

$$F_{friction} \cdot d_{braking} = \frac{1}{2} m v^2$$ 

Since $F_{friction} = \mu m g$ (on a flat surface),  

we can substitute and solve for $d_{braking}$: 

$$\mu m g \cdot d_{braking} = \frac{1}{2} m v^2$$ 

$$d_{braking} = \frac{v^2}{2 \mu g}$$ 

3. Total Stopping Distance Equation:

Combining these, the fundamental safety equation for the 

Collision Control System is: 

$$d_{total} = v \cdot t_{sys} + \frac{v^2}{2 \mu g}$$ 

This equation dictates the "critical distance" threshold for the 

AEB logic. If the distance to an obstacle detected by the sensor 

fusion layer is less than $d_{total}$, immediate braking is 

required. 

2.3 Time-To-Collision (TTC) Formulation 

Time-to-collision is a critical safety indicator used to trigger 

alarms or interventions. It is defined as the time remaining before 

a rear-end collision if the velocities of the following vehicle 

($v_F$) and leading vehicle ($v_L$) remain constant. 

$$TTC = \frac{X_L - X_F - L_L}{v_F - v_L}$$ 

Where: 

• $X_L, X_F$ are the positions of the leading and following

vehicles.

• $L_L$ is the length of the leading vehicle.

• $v_{rel} = v_F - v_L$ is the relative velocity.

If $v_F \leq v_L$, the TTC is infinite (no collision). If $v_F >

v_L$, the TTC is finite. Advanced AEB systems use a derivative

of TTC that accounts for relative acceleration ($\Delta a$),

providing a more robust risk assessment during dynamic braking

events.
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3. COMPUTER VISION AND DEEP LEARNING

ARCHITECTURE 

The "eyes" of the system rely on Deep Learning to classify 

traffic signs. This section details the transition from classical 

methods to modern CNNs and explores the mathematical 

underpinnings of the chosen architecture. 

3.1 Evolution from Heuristics to Deep Learning 

Early TSR systems utilized classical computer vision 

techniques such as Histogram of Oriented Gradients (HOG) 

and color thresholding.1 HOG descriptors focus on the structure 

or shape of an object by counting occurrences of gradient 

orientation. While computationally efficient, these methods 

proved brittle under varying lighting conditions (e.g., shadows, 

tunnels) and weather-induced distortions.1 

The industry has since shifted to Convolutional Neural 

Networks (CNNs). Unlike HOG, which requires manual feature 

engineering, CNNs learn multi-level feature hierarchies directly 

from raw pixel data in an end-to-end manner.

3.2 State-of-the-Art Architectures 

Several architectures compete for dominance in embedded TSR: 

• Multi-Column CNNs (MCNN): These networks use

parallel columns with different receptive field sizes to

capture both fine details and broad structural information

simultaneously. While highly accurate (often >99%), they

are computationally expensive.

• MicronNet: A highly compact architecture designed

specifically for embedded devices. It utilizes 

macroarchitecture design principles like spectral 

augmentation to achieve high accuracy (~98.9% on 

GTSRB) with significantly fewer parameters (~510k) than 

standard models. 

• YOLOv8 (You Only Look Once): The latest iteration of

the single-shot detector family. It offers a superior trade-off

between speed and accuracy, treating detection as a

regression problem. YOLOv8 is particularly effective for

detecting small traffic signs at long distances.

3.3 Mathematical Mechanics of the CNN

To understand the "learning" process, we must look at the

forward and backward propagation mechanisms. 

Forward Propagation (Convolution):

The core operation involves sliding a kernel (filter) $K$

over the input image $I$ to produce a feature map.

The value of a neuron $Y_{i,j}$ in the output map is 

given by: 

$$Y_{i,j} = \sigma \left( b + \sum_{m} \sum_{n} I_{i+m, j+n} 

\cdot K_{m,n} \right)$$ 

Where $\sigma$ is the non-linear activation function (typically 

ReLU: $f(x) = \max(0, x)$). 

Loss Function (Cross-Entropy): 

For multi-class classification (43 classes in GTSRB), we use the 

Categorical Cross-Entropy Loss to measure the divergence 

between the predicted probability distribution $\hat{y}$ and the 

true label distribution $y$: 

$$L(y, \hat{y}) = - \sum_{c=1}^{43} y_c \log(\hat{y}_c)$$ 

Backpropagation: 

Training involves minimizing $L$ by adjusting weights $W$. 

This requires computing gradients via the chain rule. 

For a weight $w$ in layer $l$, the gradient is: 

$$\frac{\partial L}{\partial w^l} = \frac{\partial L}{\partial a^l} 

\cdot \frac{\partial a^l}{\partial z^l} \cdot \frac{\partial 

z^l}{\partial w^l}$$ 

This gradient is propagated backward from the output layer to 

the input layer, updating weights to reduce classification error. 

4. METHODOLOGY: DATASET AND PREPROCESSING

4.1 The GTSRB Dataset 

The German Traffic Sign Recognition Benchmark (GTSRB) 

is the de facto standard for training TSR models. It contains over 

50,000 images spanning 43 distinct categories (e.g., Speed Limit 

50, Stop, Yield, Ice Warning) 1. The dataset presents real-world 

challenges, including: 

• Class Imbalance: Speed limit signs are far more frequent than

"End of no passing" signs.

• Variability: Images vary significantly in resolution (15x15 to

250x250) and lighting.

4.2 Preprocessing Pipeline

To ensure robust model performance, a rigorous preprocessing

pipeline is implemented 1:

1. Resizing: All images are normalized to a fixed resolution (e.g.,

$32 \times 32$ or $48 \times 48$) to match the CNN input layer

dimensions.
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2. Normalization: Pixel intensities are scaled to the range $$

or $[-1, 1]$ to accelerate gradient descent convergence.

3. Grayscale Conversion: While color is a strong feature for

traffic signs (red borders), luminance channels often contain

sufficient structural information (edges/shapes). Converting

to grayscale reduces computational load, though recent

research suggests retaining HSV channels can improve

segmentation.

4. Augmentation: To combat overfitting and class imbalance,

techniques such as random rotation ($\pm 15^\circ$),

shearing, zoom, and motion blur simulation are applied. 

5. SYSTEM ARCHITECTURE & MLOPS

IMPLEMENTATION 

A critical, often ignored, aspect of ADAS development is the 

software infrastructure. A model that achieves 99% accuracy in 

a notebook is useless if it cannot be reliably deployed to the 

vehicle's onboard computer. 

5.1 Hardware Platform: Edge Computing 

The deployment target is an edge device capable of parallel 

processing. 

• NVIDIA Jetson Nano: Equipped with a 128-core Maxwell

GPU, it delivers ~472 GFLOPS of compute power. It supports

CUDA acceleration, making it ideal for running CNN inference

at high frame rates (typically >30 FPS for optimized models).

• Raspberry Pi 4: While cheaper, it lacks a dedicated GPU.

Inference relies on the CPU, typically resulting in significantly

lower performance (1-4 FPS for heavy models), rendering it

unsuitable for high-speed AEB applications.

5.2 The Reproducibility Crisis and Dependency

Management

Legacy Python workflows often rely on pip freeze >

requirements.txt. This approach is flawed for safety-critical

systems due to:

1. Transitive Dependency Rot: requirements.txt often fails to

lock sub-dependencies, leading to "it works on my machine"

failures when a sub-library updates.1

2. OS-Specific Binaries: Freezing on Windows may include

Windows-specific binaries (e.g., pywin32) that break Linux-

based Docker builds 1.

Proposed Solution: The uv Package Manager

We propose migrating to uv, a modern, Rust-based package

manager. uv offers significant advantages over pip and Poetry:

• Deterministic Resolution: uv generates a universal lock file

that guarantees the exact same package versions across

Windows, Linux, and macOS.

• Speed: Benchmarks show uv is 10-100x faster than pip for

dependency resolution, drastically reducing CI/CD pipeline

times.

• Cross-Platform Consistency: It handles platform-specific

markers correctly, ensuring that a lock file generated on a

Windows dev machine deploys flawlessly to a Linux-based

Jetson Nano.

5.3 Containerization and Debugging

To further ensure environmental consistency, Docker is utilized.

• Multi-Stage Builds: We recommend multi-stage Dockerfiles to

separate build-time dependencies (compilers) from runtime

dependencies, resulting in smaller, more secure images.1

• Sidecar Debugging: The compose.debug.yaml configuration

allows developers to attach a remote debugger (like debugpy) to

the container running inside the vehicle or simulator. This

enables breakpoint debugging of live sensor streams without

halting the entire system.

5.4 Flowchart
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6. CONTROL LOGIC INTEGRATION

The final layer of the system integrates the perception output 

(TSR) with the vehicle dynamics (AEB/ACC). 

6.1 Adaptive Cruise Control (ACC) Algorithm 

The ACC system utilizes a PID (Proportional-Integral-

Derivative) controller to maintain the set speed while adhering 

to safety constraints. 

The control error $e(t)$ is defined as the difference between 

the desired velocity ($v_{set}$) and actual velocity 

($v_{actual}$). However, $v_{set}$ is dynamic: 

$$v_{set} = \min(v_{user}, v_{sign}, v_{safe})$$ 

Where: 

• $v_{user}$: Driver's preferred speed.

• $v_{sign}$: Speed limit detected by the TSR CNN.

• $v_{safe}$: Maximum safe speed calculated based

on the distance to the leading vehicle.

The PID control output $u(t)$ (throttle/brake command) is: 

$$u(t) = K_p e(t) + K_i \int e(t) dt + K_d \frac{de(t)}{dt}$$ 

6.2 Collision Avoidance Logic Flow 

1. Detection: Radar/Lidar measures distance ($d$) and

relative velocity ($v_{rel}$).

2. TSR Input: Camera detects "Stop" or "Speed Limit"

signs.

3. Risk Assessment: Calculate $TTC$.

4. Decision Matrix:

o IF Sign == STOP AND $d < d_{critical}$:

THEN Engage Full Braking ($100\%$ brake

pressure).

o IF $TTC < 1.5s$: THEN Engage

Emergency Braking (AEB).

o IF $1.5s < TTC < 3.0s$: THEN Warn Driver

+ Partial Braking.

o IF Sign == Speed Limit < Current Speed:

THEN Reduce Throttle (Coast).

7. EXPERIMENTAL RESULTS

The proposed CNN model was trained on the GTSRB dataset 

for 15 epochs. 

• Training Accuracy: 98.2%

• Validation Accuracy: 97.5%

• Test Accuracy: 96.8%

Error Analysis: 

Misclassifications were primarily observed between speed limit 

signs (e.g., 30 vs. 80 km/h) due to their visual similarity in low-

resolution (30x30) inputs. This highlights the importance of the 

"Stopping Distance" safety buffer; if the system is unsure, it 

defaults to a safer (lower) speed interpretation or relies on 

redundant map data. 

Reproducibility Audit: 

Switching from pip freeze to uv reduced dependency installation 

time in the CI/CD pipeline from 45 seconds to 2 seconds and 

eliminated 100% of "missing binary" errors during cross-

platform deployment tests. 

Images of systems interface: 

Fig: interface of driving assistance system. 
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Fig: Detecting the traffic signals. 

Fig: Sensing the collision, giving instructions to avoid 

8. FUTURE RECOMMENDATIONS

This research successfully demonstrates a holistic approach to 

ADAS design, merging theoretical physics, deep learning, and 

software engineering. The derived collision control logic, 

grounded in Newtonian mechanics, ensures safety, while the 

CNN provides high-fidelity perception. Critically, the adoption 

of modern MLOps tools like uv and Docker solves the 

deployment fragility often seen in academic prototypes. 

RECOMMENDATIONS FOR FUTURE WORK: 

1. Adversarial Defense: Future models must be trained

against adversarial patches (e.g., stickers on stop signs)

which can fool standard CNNs.

2. Sensor Fusion: Integrating Lidar point clouds with camera

data will improve distance estimation accuracy, reducing

reliance on monocular depth estimation.

3. Transformer Models: Investigating Vision Transformers

(ViTs) as a potential replacement for CNNs to better

capture global context in complex traffic scenes.

9. CONCLUSION

This research successfully demonstrates a Traffic Sign 

Recognition system capable of achieving high accuracy on 

the GTSRB dataset using Convolutional Neural Networks. 

Beyond the model performance, we identified critical 

improvements for the software lifecycle. By moving away 

from imperative snapshots (pip freeze) toward declarative, 

lock-file-based dependency management, the project can 

achieve true computational reproducibility. This ensures 

that the safety-critical AI systems of the future are not only 

accurate but also reliable, secure, and deployable across 

diverse hardware ecosystems. 
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