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Optimising Data Collection Process in Autonomous
Driving Industry Using Machine Learning

Maria Migrova
x21146021

Abstract

This study presents an innovative solution for optimising data collection pro-
cesses within the realm of autonomous driving. It introduces a high-performance
multi-label Convolutional Neural Network (CNN) classi�cation model designed to
classify attributes like weather, lighting, and surface conditions. Notably, this model
achieves an impressive 99.46% testing accuracy, accompanied by a minimal test
loss of 0.0162 and a speedy training time of only 3.25 minutes per epoch. This ex-
ceptional performance renders it suitable for deployment within vehicles, enabling
real-time driver alerts to prevent over-capturing various categories. This approach
e�ectively mitigates potential human errors that can arise from pre-annotated data
collected by drivers in the vehicle.

Furthermore, a unique and robust multi-class dataset comprising over 20,000
images, capturing diverse weather, lighting, and surface conditions, has been me-
ticulously curated from various autonomous driving sources.

The �ndings of this research not only contribute a novel methodology but also
pave the way for extensive future exploration in this �eld. The optimization of data
collection in autonomous driving remains a fertile ground for further investigation,
o�ering opportunities to enhance methodologies, re�ne datasets, train for additional
classes, and unlock new avenues of innovation.

1 Introduction

1.1 Background and Motivation

In the dynamic landscape of transportation, the rise of autonomous driving is shaping
a new era of possibilities. This evolution holds the potential to reshape mobility, en-
suring safer roads, reduced congestion, and enhanced accessibility. Amidst this exciting
transformation, the signi�cance of data collection takes center stage. Data serves as the
lifeblood driving the development of cutting-edge technologies in autonomous driving.
(Nava; 2023)

However, this vital data collection process is not without challenges. The diverse scen-
arios and environments that autonomous vehicles must master demand a comprehensive
and intricate collection e�ort. This involves skilled drivers, specialized equipment, sensor
technology, annotation teams, and data processing pipelines. Despite these e�orts, hu-
man errors and ine�ciencies can creep in, impacting the accuracy and e�ectiveness of
the collected data.
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To address this, we introduce an innovative solution: an image classi�cation ma-
chine learning model. By harnessing the power of image classi�cation, this model serves
a dual purpose. Firstly, it can be seamlessly integrated into vehicle systems to alert
drivers of potential inaccuracies during data capture, preventing unnecessary overcaptur-
ing. Secondly, it empowers data collection leads to identify errors and ensure adherence
to planned categories, optimizing capture e�orts.

This advancement not only corrects errors but transforms data collection itself. By
enhancing accuracy and preventing overcapturing, it promises both precision and cost-
e�ectiveness. Our cutting-edge machine learning model not only confronts challenges
head-on but also propels the autonomous driving industry toward a future de�ned by
exceptional accuracy and e�ciency.

1.2 Research Question

Main Research Question: How can an image classi�cation Machine Learning model
be strategically designed and pro�ciently implemented to optimise the e�ectiveness and
the e�ciency of the daily data collection process in the autonomous driving industry?

Sub-research Question: How can the model's footprint be optimised while maintaining
high accuracy levels?

Sub-research Question: Can the implementation of Transfer Learning enhance the
model's performance and address the challenges posed by limited data availability and
computational resources?

1.3 Challenges and Di�culties

Engaging with the data collection process in the real-world setting presents its own set
of challenges. Licensing restrictions and stringent General Data Protection Regulation
(GDPR) guidelines restrict direct access to Valeo's proprietary data. As an alternative,
this research explores the utilization of open-source datasets from other autonomous
driving companies, with their distinct characteristics { such as the use of pin-point images
compared to Valeo's �sh-eye perspective. Notably, due to the lack of su�cient data for
certain categories, data augmentation was employed, resulting in a �nal dataset with a
higher count of augmented images compared to the original ones. It's worth noting that
the dataset's balance is imperfect due to the absence of diverse weather conditions, which
can impact the model's generalisation.

1.4 Structure of the Report

This research project is structured to comprehensively address the various facets of op-
timising the data collection process for autonomous driving. The document encompasses:

Abstract: A succinct overview of the research's objectives, methodology, and key �nd-
ings. Introduction: The present section, providing a glimpse into the context, research
questions, and challenges. Related Work: A survey of existing literature and research
relevant to data collection, image classi�cation, and autonomous driving. Research Meth-
odology: A detailed outline of the research's approach, including data acquisition, model
design, and evaluation strategies. Design Speci�cation: Articulation of the model's archi-
tecture, technical considerations, and rationale behind design choices. Implementation:
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A meticulous account of how the model was built and integrated into the data collection
process. Evaluation: A critical assessment of the model's performance, considering accur-
acy, e�ciency, and embedded footprint. Conclusion and Future Work: A synthesis of the
�ndings, implications, and avenues for further research and development. Bibliography:
A compilation of all referenced sources providing a solid foundation for the research.

2 Related Work

This section delves into image classi�cation's role in optimizing data collection for autonom-
ous driving. It traces the evolution of image classi�cation techniques and compares models
like Convolutional Neaural Network (CNN), Support Vector Machine (SVM), and Ran-
dom Forest (RF), with CNN as the chosen approach. The study explores weather image
classi�cation, multi-label classi�cation, and transfer learning's applicability. Addition-
ally, the inquiry evaluates architecture models, focusing on E�cientNetB1's suitability.
This literature review provides a solid foundation for enhancing data collection e�ciency
in the autonomous driving sector.

2.1 Evolution of Image Classi�cation

In the dynamic evolution of Computer Vision, (Huang; 1996) provides a retrospective on
its journey from emulating human visual systems to engineering autonomous systems. It
traces the shift from "low-level" tasks to "Purposive Vision," acknowledging challenges
in real-world applications.

Deep Learning's surge from 2010 to 2020 is highlighted by (Li et al.; 2021), em-
phasizing its signi�cance in image analysis and its potential applications. Notably, the
evaluation of image classi�cation networks shows AlexNet, GoogleNet, VGGNet, and
DenseNet's favorable performance.
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Figure 1: Deep Learning History (Qiang Li et al., 2021)

Introducing automation, (Real et al.; 2017) leverages evolutionary algorithms for
autonomous image classi�cation model discovery. The approach yields competitive ac-
curacies on CIFAR-10 and CIFAR-100 datasets, showcasing the potential of advanced
techniques in machine learning research.

In the realm of AI algorithm comparison, (Yogitha et al.; 2023) evaluates CNN, SVM,
and Random Forests. CNN excels in accuracy, and Random Forest shines in precision.
The research emphasizes model and metric considerations, aiding classi�er selection for
speci�c tasks.

CNN SVM Random Forest
Accuracy 0.927 0.8809 0.9136
Speci�city 0.8717 0.8482 0.9347
Sensitivity 0.9649 0.9057 0.8989
Precision 0.9166 0.8871 0.9518
F1-score 0.9066 0.8601 0.8989

Table 1: Evaluation Metrics comparison (Yogitha et al., 2023)

Addressing complex data analysis, (Sothea et al.; 2020) demonstrates CNN's ability to
extract features from hyperspectral and 3D data, achieving an Overall Accuracy of 84.4%
and 74.95% in di�erent forest fragments. This superiority highlights CNN's potential for
robust and accurate tree species classi�cation.

Further advancement in integrating arti�cial intelligence into practical scenarios is
exempli�ed by an image-based billing system tailored for supermarkets (Shakya; 2020).
Through the lens of computer vision, this system identi�es fruits and vegetables via a
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camera, streamlining the billing process. Rigorous evaluation, encompassing classi�ers
like Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Random Forest (RF),
and Discriminant Analysis (DA), unveils the e�ectiveness of this innovative approach.
Notably, KNN emerges as the frontrunner, achieving an impressive accuracy of 93.103%,
promising improved real-time billing procedures. This study underscores the transform-
ative potential of arti�cial intelligence in revolutionizing mundane tasks and enhancing
operational e�ciency.

2.2 Image Weather Classi�cation

The research landscape spans diverse aspects of weather classi�cation using deep learning
techniques. In the study by (Elhoseiny et al.; 2015), a pioneering approach employs
Convolutional Neural Networks (CNNs) to achieve a remarkable normalized classi�cation
accuracy of 82.2%. This substantial improvement over previous benchmarks, such as the
53.1% accuracy, underscores CNNs' prowess in addressing intricate weather classi�cation
challenges.

Further exploring weather phenomenon recognition, (Xiao et al.; 2021) propose the
MeteCNN model, a deep CNN, to attain an impressive 92% accuracy on the Weather
Phenomenon Database (WEAPD). This dataset, containing 6,877 images with 11 weather
phenomena categories, emphasizes the potential of deep learning methods in advancing
accurate weather forecasting.

Taking a distinctive approach, (Roser and Moosmann; 2008) focuses on enhancing
machine vision's performance under diverse weather conditions. Their method's remark-
able accuracy in discerning weather situations from monocular color images showcases
its robustness, making it a promising tool for real-world scenarios.

Similarly, (Dhananjaya et al.; 2021) delves into autonomous driving perception, me-
ticulously curating a dataset encompassing weather, light level, and street type classi�ca-
tions. Their study emphasizes the challenges in weather and light perception, highlighting
the need for ongoing research to enhance model performance and alleviate the cost of su-
pervised labeling.

The innovative framework introduced by (Al-Haija et al.; 2022) for weather classi�c-
ation exhibits remarkable accuracy rates and e�cient inference times. While a standard-
ized weather dataset might be missing, the emphasis on accuracy underscores its relevance
and potential impact.

SqueezeNet ResNet-50 E�cientNet-B0
Accuracy 96.05% 98.48% 97.78%
Sensitivity 95.96% 98.41% 97.96%
Precision 95.51% 98.51% 97.74%
F1-score 95.68% 98.44% 97.84%

Table 2: Evaluation Metrics (Abu Al-Haija et al., 2022)

Expanding the horizon, (Chen et al.; 2021) presents a comprehensive review of Con-
volutional Neural Networks (CNNs) application in image classi�cation. Analyzing the
evolution of CNNs and their success in remote sensing image scene classi�cation, the
study becomes a pivotal reference for designing e�ective models in the �eld.
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Figure 2: Test results for di�erent CNN models (Chen et al., 2021)

2.3 Transfer Learning for Image Classi�cation Models

Transfer learning is popular in image classi�cation due to its ability to leverage knowledge
gained from pre-trained models on large datasets. This approach signi�cantly reduces the
need for extensive training data and computational resources, making it feasible to achieve
high accuracy even with limited labeled examples. By �ne-tuning pre-trained models on
speci�c tasks, transfer learning accelerates model convergence, enhances generalization,
and enables the application of deep learning to a wider range of image classi�cation
problems with improved e�ciency and e�ectiveness (Figure 5).

Figure 3: Training from scratch vs Transfer Learning (Medium, 2020)

In a thorough investigation, (Krishna and Kalluri; 2019) conducted an extensive sur-
vey on deep learning architectures and transfer learning for image classi�cation. Models
like AlexNet, VGG, ResNet, and Inception were assessed across various datasets, re-
vealing the paramount importance of data scale and GPU resources. Transfer learning
with models like AlexNet, GoogleNet, and ResNet50 on the CIFAR10 dataset showcased
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accuracy rates of 13%, 68.95%, and 52.55%, respectively. The study underscored the
potential of transfer learning to signi�cantly enhance image classi�cation performance,
o�ering insights into e�ective strategies.

Another study honed in on CNN architecture re�nement, speci�cally VGG19, through
transfer learning. Robust feature extraction by CNNs like AlexNet, VGG16, and VGG19
was highlighted. Through empirical evidence from GHIM10K and CalTech256 databases,
VGG19's superiority was validated, solidifying its e�cacy in real-world image classi�ca-
tion tasks. The study's hybrid approach involving CNN feature extraction followed by
SVM classi�cation further enriched the �ndings, encouraging potential applications in
object detection and human action recognition (Shaha and Pawar; 2018).

In pursuit of optimized Convolutional Neural Network (ConvNet) scaling, (Tan and
Le; 2020) introduced an innovative approach to balancing depth, width, and resolution.
Their compound coe�cient-based scaling method showcased remarkable accuracy and
e�ciency enhancements, particularly in E�cientNets. E�cientNet-B7 achieved 84.3%
top-1 accuracy on ImageNet while remaining signi�cantly smaller and faster than altern-
atives. This systematic exploration of ConvNet scaling yielded state-of-the-art models
with enhanced e�ciency and accuracy across diverse tasks, solidifying its contribution to
the �eld.

Figure 4: Model Size Comparison (Tan and Le, 2020)

2.4 Multi-label Weather Classi�cation

In their pursuit of multi-label weather recognition, (Zhao et al.; 2018) devised a novel
approach to utilizing a CNN-RNN architecture. Curating a multi-label weather clas-
si�cation dataset of 10,000 images from various weather conditions, they integrated a
channel-wise attention model and convolutional LSTM into their model. This pioneering
strategy showcased superior accuracy, precision, and recall values on both datasets com-
pared to single-label methods. Challenges stemming from ambiguous annotations were
acknowledged, spurring discussions on the signi�cance of multiple labels and prospects
for integrating additional modalities like humidity. This study serves as a foundation
for multi-label weather recognition, opening avenues for improved annotation clarity and
multi-modal integration in future research.
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Figure 5: Proposed CNN-RNN Architecture (Zhao et al., 2018)

Pioneering an innovative method for classifying outdoor images into sunny or cloudy
conditions using weather cues, (Li et al.; 2017) introduced a collaborative learning frame-
work. They identi�ed �ve key cues - sky, shadow, re
ection, contrast, and haze - and
fused them into a 621-dimensional feature vector. Their dataset comprised 10,000 outdoor
images, encompassing diverse weather conditions. The study revealed the signi�cance of
various cues for accurate classi�cation and employed a collaborative learning strategy to
optimize voter contributions, achieving a remarkable normalized accuracy of 53.1%. By
segmenting the dataset into clusters and employing a uni�ed optimization framework,
the study showcased the potential of computer vision in weather analysis. This compre-
hensive approach not only o�ers insights for automated weather classi�cation but also
makes their dataset publicly available for future advancements.

2.5 Conclusion

In conclusion, delving into the existing body of work on weather condition classi�cation
yields valuable insights. Convolutional Neural Networks (CNNs) emerge as powerful tools
in image-based classi�cation, showcasing their ability to capture intricate patterns and
details. In the realm of CNN architectures, E�cientNet has truly stood out, o�ering a
well-balanced mix of accuracy, model size, and computational e�ciency.

A notable point that surfaces is the limited attention given to multi-label weather
condition classi�cation in the research landscape. This scarcity highlights the unique
path taken in navigating the less-explored territory of weather classi�cation spanning
across multiple labels. This innovative approach prompts the need for custom strategies
capable of accurately predicting various weather conditions using multiple visual cues
within a single image.

Furthermore, the e�ectiveness of the model hinges on its compact size and computa-
tional speed. This requirement springs from the envisioned application of the model in
vehicles capturing real-world scenes, where swift processing and minimal computational
load are pivotal. While the allure of transfer learning using pre-trained models like those
from ImageNet is strong, potential challenges arise. Adapting models trained on general
object recognition tasks to the specialized context of weather classi�cation might lead to
concerns about over�tting, given the disparities in relevant features.

In essence, the arena of multi-label weather condition classi�cation remains relatively
uncharted, presenting a captivating avenue for pioneering exploration. The aim is to
leverage the advancements in CNN architectures, particularly the capabilities of E�-
cientNet while addressing the nuanced intricacies of weather classi�cation. By adapting
and extending existing methodologies to this distinctive context, this research strives to
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contribute to the evolution of the niche realm of computer vision and weather compre-
hension.

3 Methodology

Figure 6: Project Methodology

The methodology employed for this study encompasses distinct phases: Data Col-
lection, Data Preprocessing, Data Transformation, Model Development and Training, as
well as Model Evaluation. Each phase plays a crucial role in the process of constructing
and training the multi-label weather classi�cation model.

3.1 Data Collection

Initially, the intention was to exclusively utilize the private data provided by Valeo,
primarily due to the limited variety present in their public WoodSpace dataset. However,
navigating through the intricacies of licensing and GDPR regulations posed signi�cant
challenges in obtaining the complete Valeo dataset. Consequently, the decision was made
to solely rely on the public dataset o�ered by Valeo, complemented by the preannotation
JSON �les derived from drivers' tablets.

Subsequently, a script was executed to extract essential variables from the prean-
notation JSON �les, facilitating the creation of an Excel �le housing this comprehensive
dataset. Despite these e�orts, it became apparent that the dataset's range of categor-
ies remained limited, with notable gaps in representation. To address this limitation,
an extensive exploration of other publicly available datasets speci�cally geared towards
autonomous driving was undertaken.
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