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Abstract 9 

Accurately estimating vehicle-specific CO₂ emissions using passive, non-invasive sensing 10 

remains an open challenge in computer vision and Deep learning. This paper presents a 11 

scalable, low-cost pipeline that combines visual and audio data collected from the road- 12 

side to estimate emissions without onboard sensors. A Raspberry Pi 4B equipped with a 13 

USB camera, external microphone, sound-triggered recording logic, and LED indicator 14 

captures short, synchronized video–audio clips only when a passing vehicle is acousti- 15 

cally detected. Vehicles are detected and cropped using YOLOv8, then classified into one 16 

of 4,481 modern car models via an EfficientNetV2-M trained on a curated dataset combin- 17 

ing VMMRdb and manually collected images, excluding pre-2000 vehicles. Predicted 18 

models are mapped to certified CO₂ ratings from the UK Vehicle Certification Agency’s 19 

Euro 6 database and the European Environment Agency’s 2024 provisional CO₂ emissions 20 

dataset, with estimated vehicle speed from frame analysis used as a secondary adjustment 21 

factor. Based on prior research in acoustic engine classification, we explored adding a fuel- 22 

type inference step (diesel vs. gasoline) to improve estimates for models with multiple 23 

variants; however, high outdoor noise prevented its inclusion in the final results. Trained 24 

on the Leonardo HPC platform and evaluated on real-world data from Italy, the system 25 

achieved a ~90.7% weighted F1 score, demonstrating the potential of edge-deployed, mul- 26 

timodal sensing for urban-scale emissions monitoring. 27 

Keywords: vehicle CO₂ emissions; vehicle classification; computer vision; TinyML; 28 
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 30 

1. Introduction 31 

The growing global commitment to mitigating climate change has intensified the 32 

need for accurate monitoring and regulation of greenhouse gas emissions, particularly 33 

carbon dioxide (CO₂) from road transport. Private vehicles are a major source of these 34 

emissions, yet existing measurement techniques—such as onboard diagnostics (OBD) and 35 

laboratory-based testing—are impractical for large-scale urban deployment. This chal- 36 

lenge has motivated research into alternative approaches that use computer vision and 37 
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machine learning to infer vehicle characteristics, including type, make, and emissions, 38 

from visual and audio data [1,2]. 39 

 40 

However, to our knowledge, no prior work has directly addressed the problem of 41 

estimating a vehicle’s CO₂ emissions after visually identifying its model, leaving a key 42 

gap that this study addresses. We present a lightweight, sensor-free pipeline that esti- 43 

mates vehicle-specific CO₂ emissions using only a camera and microphone on a Raspberry 44 

Pi. The system employs a sound-triggered recording mechanism, activating the camera 45 

when a passing vehicle is detected acoustically. This configuration—featuring an external 46 

microphone, LED indicator, and physical trigger—enables efficient edge-level data collec- 47 

tion while minimizing unnecessary power consumption. 48 

 49 

Fine-grained vehicle classification is achieved using an EfficientNetV2-M model 50 

trained on a curated and extended version of the Vehicle Make and Model Recognition 51 

Database (VMMRdb), reduced from over 9,000 classes by removing pre-2000 vehicles, 52 

then supplemented with 398 additional modern models scraped from the internet, result- 53 

ing in a total of 4,481 classes [3]. The dataset is cross-referenced with official CO₂ emission 54 

values from both the UK Vehicle Certification Agency’s Euro 6 database and the European 55 

Environment Agency’s 2024 provisional CO₂ emissions dataset [4,5]. Emission estimates 56 

are derived by mapping the predicted model (and, when available, engine type) to these 57 

certified ratings, with estimated vehicle speed from video analysis incorporated as a sec- 58 

ondary factor. 59 

 60 

Following prior research in acoustic engine classification [6] we explored adding an 61 

audio-based fuel-type inference step (diesel vs. gasoline) to improve accuracy for models 62 

with multiple variants. However, environmental noise in street recordings prevented its 63 

use in the final results, highlighting a key direction for future work. 64 

 65 

The system was deployed and tested on real-world street data collected in Italy, with 66 

model training conducted on Leonardo, one of Europe’s most powerful high-performance 67 

computing (HPC) platforms [5]. By combining low-cost edge hardware, deep learning, 68 

and official emissions datasets, this work proposes a scalable framework for urban CO₂ 69 

monitoring, supporting future smart city and air quality management initiatives. 70 

 71 

2. Materials and Methods 72 

2.1 Raspberry Pi Setup 73 

 74 

The hardware platform was built on a Raspberry Pi 4B configured for real-time, edge- 75 

level processing suitable for TinyML applications. A Logitech USB webcam with an inte- 76 

grated microphone was used to capture synchronized video and audio streams, while a 77 

GPIO-connected LED indicator provided visual feedback during recording. 78 

Raspberry Pi OS was installed and configured for remote access via Secure Shell 79 

(SSH) from an Ubuntu virtual machine. Initial setup included testing all peripherals to 80 

ensure the camera–microphone unit was fully operational. A sound-triggered recording 81 

mechanism was implemented to initiate a 10-second synchronized capture whenever en- 82 

gine-like audio peaks exceeded a predefined threshold, reducing unnecessary storage use 83 

and power consumption.  84 

 85 

2.2 YOLO-Based Car Detection 86 

 87 



 

 

Captured videos were processed using the YOLO object detection framework. Initial 88 

experiments employed YOLOv5 to perform frame-by-frame inference, detect vehicles, 89 

crop bounding boxes, and save each detected vehicle as an independent image. To im- 90 

prove detection accuracy and reduce missed instances, the pipeline was later upgraded to 91 

YOLOv8, which provided higher precision and faster inference. 92 

This detection stage ensured that only relevant vehicle crops were forwarded to the 93 

classification module, filtering out non-vehicle frames and reducing computational over- 94 

head in subsequent processing.  95 

 96 

2.3 Car Dataset Curation 97 

 98 

The classification model was trained on a combined dataset composed of the publicly 99 

available Vehicle Make and Model Recognition Database (VMMRdb) and a custom da- 100 

taset collected via web scraping using SerpAPI [8]. Starting from over 9,000 classes in 101 

VMMRdb, all vehicles manufactured before 2000 were removed, and 398 modern car 102 

models were added from the custom collection, resulting in a curated set of 4,481 models 103 

and more than 180,000 images. The dataset was refined through label harmonization to 104 

ensure consistent naming aligned with official vehicle records, removal of duplicate en- 105 

tries, and manual inspection to discard low-quality or mislabeled images. Each model in 106 

the final dataset was then cross-referenced with the UK Vehicle Certification Agency 107 

(VCA) database to associate it with an official CO₂ emission rating. 108 

 109 

2.4 HPC Model Training 110 

 111 

Fine-grained vehicle classification was carried out using an EfficientNetV2-M archi- 112 

tecture implemented in PyTorch. EfficientNetV2-M was selected for its strong balance be- 113 

tween classification accuracy and computational efficiency, making it well-suited for 114 

large-scale, fine-grained recognition tasks with thousands of classes. 115 

 116 

Model training was executed on the Leonardo supercomputer (CINECA, Italy), 117 

equipped with NVIDIA A100 GPUs and managed through a Slurm-based scheduling en- 118 

vironment, enabling large-scale, high-speed computation. 119 

 120 

The curated dataset of 4,481 vehicle models and over 180,000 images was used for 121 

training. To improve generalization and robustness, we applied extensive data augmen- 122 

tation (including random rotations, flips, color jittering, and scaling). Mixed-precision 123 

training was employed to accelerate computation while reducing GPU memory usage. 124 

Hyperparameters such as learning rate, batch size, and optimizer settings were tuned 125 

through multiple trial runs to maximize performance. 126 

 127 

Final model performance reached a top-1 accuracy of 90.66%, with weighted preci- 128 

sion, recall, and F1 scores all exceeding 90%, demonstrating strong classification capability 129 

across a large number of fine-grained classes. 130 

 131 

2.5 Audio Processing Pipeline 132 

 133 

Audio streams extracted from the recorded videos were processed using Librosa to 134 

generate spectrogram representations. Environmental noise reduction filters were applied 135 

to suppress background sounds, followed by blob detection to identify and segment indi- 136 

vidual vehicle pass-by events. 137 

 138 



 

 

For each detected event, the corresponding audio segment was paired with the vehi- 139 

cle image obtained from the detection stage, ensuring synchronized multimodal data. The 140 

pipeline was designed to include a clustering-based classification method for distinguish- 141 

ing between diesel and gasoline engines, an approach inspired by prior research in acous- 142 

tic engine analysis. This step aimed to refine CO₂ emission mapping for models available 143 

in multiple engine variants. 144 

 145 

In practice, however, high levels of environmental noise—such as wind, overlapping 146 

traffic sounds, and pedestrian activity—significantly reduced clustering reliability. As a 147 

result, this method was excluded from the final CO₂ estimation stage, though it remains a 148 

promising direction for future work if cleaner audio data can be collected. 149 

 150 

 151 

2.6 CO₂ Emission Estimation 152 

 153 

CO₂ emissions were estimated by mapping each predicted vehicle model—along 154 

with its inferred engine type when available—to official CO₂ ratings from the UK Vehicle 155 

Certification Agency’s Euro 6 dataset, supplemented with the 2024 European Environ- 156 

ment Agency (EEA) CO₂ emissions database. 157 

 158 

To account for operational context, vehicle speed was estimated using optical track- 159 

ing of the vehicle’s displacement across consecutive frames within a calibrated field of 160 

view. This calibration ensured that pixel-based movement could be accurately translated 161 

into real-world speed. 162 

 163 

The final CO₂ estimate combined the model-specific regulatory emission rating with 164 

a speed-dependent adjustment factor, producing values that better reflect realistic on- 165 

road driving conditions rather than static catalog specifications. 166 

 167 

2.7 Summary of the Full Pipeline 168 

 169 

The proposed system integrates all processing stages into a sequential pipeline for 170 

vehicle CO₂ emission estimation, as illustrated in Figure 1. 171 

 172 

Data acquisition starts with the Raspberry Pi setup, where a sound-triggered mech- 173 

anism activates the camera–microphone unit to capture short, synchronized video–audio 174 

clips of passing vehicles. 175 

 176 

The recorded videos are first processed by the YOLO-based detection module, which 177 

identifies vehicles, crops their bounding boxes, and saves each as an independent image. 178 

These cropped images are then passed to the classification module, where an Efficient- 179 

NetV2-M model—trained on the combined VMMRdb and custom dataset (Section 2.3)— 180 

predicts the make and model of each vehicle. Model training was carried out on the Leo- 181 

nardo HPC platform (Section 2.4). 182 

 183 

In parallel, the audio processing pipeline (Section 2.5) isolates engine sound events 184 

from the recorded clips. A clustering step for engine-type identification (diesel vs. gaso- 185 

line) was planned but omitted in the final results due to excessive environmental noise. 186 

 187 

Finally, the CO₂ estimation module (Section 2.6) maps each predicted vehicle 188 

model—and engine type, when available—to official CO₂ ratings from the Euro 6 dataset 189 



 

 

and the 2024 EEA emissions database. Estimated vehicle speed, obtained from video- 190 

based motion tracking, is used as a secondary adjustment factor to produce more realistic 191 

on-road emission estimates. 192 

 193 

This end-to-end pipeline demonstrates the feasibility of a low-cost, deployable 194 

framework for urban CO₂ monitoring, combining edge-based sensing, computer vision, 195 

and regulatory datasets into a unified, scalable solution. 196 

 197 

 198 

 199 

 200 

 201 

 202 

 203 

 204 

  205 

3. Results 206 

3.1 Vehicle Detection and Capture 207 

 208 

The YOLO-based module successfully detected and cropped vehicles from sound- 209 

triggered Raspberry Pi recordings (Fig. 1). Moving from YOLOv5 to YOLOv8 reduced 210 

missed detections qualitatively in street scenes and produced cleaner crops for the classi- 211 

fier. The crossing-line tracker generated, per car, a best-quality crop and an estimate of 212 

traversal time and speed; these were saved together with synchronized 1-second audio 213 

clips. 214 

3.2 Fine-Grained Vehicle Classification (4481 Classes) 215 

Using EfficientNetV2-M with a 1-channel input and the curated VMMRdb + custom 216 

dataset, we performed 5-fold cross-validation, training the model for 95 total epochs. Ag- 217 

gregate metrics across all folds: 218 

Accuracy: 0.9066 219 

 Precision (weighted): 0.9051 220 

 Recall (weighted): 0.9066 221 

 F1 Score (weighted): 0.9030 222 

Per-fold validation accuracy (best epoch recorded per fold): 223 

 Fold 1: 0.9123 224 

 Fold 2: 0.8643 225 

 Fold 3: 0.9042 226 

 Fold 4: 0.9240 227 

 Fold 5: 0.8777 228 

Training accuracy rose from ~0.87 to ~0.91 over the course of training, indicating 229 

healthy convergence without evidence of overfitting collapse. 230 

 231 

 232 

 233 

 234 

 235 

 236 

 237 

 238 

 239 

Figure 1 Full Pipeline 



 

 

 240 

 241 

 242 

Figure 2 illustrates the training and validation loss (top) and accuracy (bottom) trends 243 

across epochs, aggregated over all folds. The plots confirm steady improvement in accu- 244 

racy and a decreasing loss pattern for both training and validation, with no signs of severe 245 

overfitting. 246 

 247 

3.3 Audio Processing 248 

 249 

The pipeline extracted mono audio, segmented 1-second windows around vehicle 250 

pass-bys, and paired them with the corresponding image crops. A clustering step to sep- 251 

arate gasoline vs. diesel engines (MFCC-based) was prototyped but not used in the final 252 

estimates due to unreliable separation under outdoor noise (wind, ambient traffic, con- 253 

versations). 254 

3.4 CO₂ Emission Lookup and Outputs 255 

 256 

For each detected car, the predicted model index was mapped to a short label and 257 

then linked to a VCA Euro 6 table to obtain a per-model CO₂ estimate (g/km). When avail- 258 

able, the pipeline recorded estimated vehicle speed from the crossing duration; this value 259 

is retained as a secondary modifier/feature for future work. Final per-car outputs are 260 

stored in JSON alongside crops and audio segments. 261 

 262 

4. Discussion 263 

Our results show that high-accuracy, fine-grained vehicle recognition can be 264 

achieved at low cost using compact, edge-friendly architectures. Achieving a ~90.7% 265 

weighted F1 score across 4,481 modern models after 95 training epochs demonstrates that 266 

a single-channel EfficientNetV2-M, trained on a carefully curated dataset, can deliver ro- 267 

bust make–model predictions under real-world curbside conditions. The deliberate label 268 

harmonization and removal of pre-2000 vehicles reduced inter-class ambiguity and im- 269 

proved recognition stability. 270 

Detector choice as a downstream enabler. The move from YOLOv5 to YOLOv8 im- 271 

proved both crop quality and recall, directly benefiting classification consistency. In our 272 

setup, adjusting detection intervals and minimum bounding-box sizes helped balance 273 

precision and recall while keeping computational demands manageable — a critical factor 274 

for embedded or large-scale deployments. 275 

Audio is valuable but noise-sensitive. Although literature supports acoustic separa- 276 

tion of fuel types, our street deployment highlighted the fragility of unsupervised cluster- 277 

ing under environmental noise. Reliable fuel-type inference may require: 278 

 (i) stronger denoising, 279 

 (ii) supervised training with labeled engine audio, or 280 

 (iii) multi-second context models (e.g., CNN-TDNN architectures) rather than short 281 

MFCC windows. 282 

From class to emissions. Mapping predicted models to certified CO₂ values creates a 283 

practical bridge between computer vision and regulatory inventories. Where models have 284 

multiple trims/engines, disambiguation (via audio fuel-type, displacement cues, or li- 285 

cense-plate-to-VIN services where legally permitted) would reduce variance. Speed esti- 286 

mation was retained but not yet integrated into a complete emissions-vs-velocity model; 287 

adding this would move from catalog values toward operating-condition estimates. 288 

Failure modes observed: 289 



 

 

Occlusions or partial crops causing confusions among visually similar variants. 290 

Long-range shots reducing fine-detail needed for variant separation. 291 

Nighttime and strong backlight conditions degrading both detection and classifica- 292 

tion. 293 

Audio segments contaminated by wind and multi-source noise collapsing diesel/gas- 294 

oline cluster separability. 295 

Current limitations. 296 

Our cross-validation was performed on a curated dataset, and broader generalization 297 

to new cities, camera placements, and environmental conditions will require domain-shift 298 

evaluation. Emission outputs currently reflect catalog ratings per model rather than in- 299 

stantaneous emission rates. Finally, in this release, the audio module is extraction-only; 300 

fuel-type inference is deferred to future work. 301 

 302 

5. Conclusion 303 

This work demonstrates that low-cost, passively deployed sensing can meaningfully 304 

contribute to urban-scale CO₂ monitoring without the need for intrusive, vehicle-mounted 305 

equipment. By combining curbside imagery and audio with fine-grained machine learn- 306 

ing models, we showed that it is possible to reliably identify 4,481 modern car models and 307 

link them to certified Euro 6 CO₂ ratings, achieving ~90.7% accuracy and 90.3% weighted 308 

F1 through an EfficientNetV2-M classifier trained for 95 epochs with 5-fold cross-valida- 309 

tion. 310 

 311 

The Raspberry Pi–based rig, paired with YOLOv8 detection and crossing-based 312 

speed estimation, generated structured, per-car records that could feed directly into air 313 

quality dashboards, city traffic models, and policy evaluation tools. In real-world street 314 

tests, the system produced actionable emissions estimates while operating on inexpensive, 315 

edge-level hardware — opening possibilities for dense, distributed deployments across 316 

urban areas. 317 

 318 

Although our initial attempt at unsupervised fuel-type clustering proved unreliable 319 

under noisy outdoor conditions, the modular design of the pipeline enables clear paths 320 

for enhancement. Future developments include: 321 

(i) integrating supervised audio models for fuel-type and engine displacement infer- 322 

ence, 323 

(ii) incorporating speed/load effects via physics-informed or learned emission curves, 324 

and 325 

(iii) evaluating domain adaptation methods to ensure generalization across cities, cli- 326 

mates, and camera setups. 327 

 328 

By bridging computer vision, acoustics, and regulatory emissions inventories, this 329 

framework moves a step closer to scalable, data-driven environmental intelligence. In the 330 

long term, such systems could empower municipalities, researchers, and policymakers to 331 

measure, analyze, and ultimately reduce road-transport emissions at the granularity 332 

needed for effective climate action.. 333 

 334 
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