
Supplementary Material
LIDAR Results not normalised
In this section, we present the LIDAR ground truth comparison results without normalisation.

Figure 11. PM2.5

Figure 12. NOx

Vehicle detection and classification using YOLOv8 and ConvNeXt
For the detection of vehicles, we use the YOLOv8 object detection network (yolov8l) and train it with the vehicle orientation
dataset for 100 epochs, starting with the initial pre-trained weights on the COCO dataset (45). We select the final weights of the
model with the best mAP value on the validation dataset and use them for further calculations. YOLOv8 is a one-stage detector
with improvements in accuracy and speed by up to 2.92% and 14.64%, respectively. One-stage object detection networks are
easier to optimize for inference on lightweight devices for real-time applications (26).

We train a ConvNeXt model (19) with the DRIVE dataset for 50 epochs. We select the tiny-ConvNeXt model because it
has comparable performance on the ImageNet-1K/ImageNet-22K (19) dataset compared to other variants but is much lighter
for faster inference speed.

We use the initial weights from the model trained on the ImageNet-1K dataset and train using the DRIVE dataset developed
in this research for 50 epochs. Finally, we select the weights based on the classification accuracy on the validation set. Since
there might be some bias in the evaluation because of the validation dataset coming from a similar distribution, we additionally
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Figure 13. CO2

Figure 14. VOC

carry out the evaluation using the labeled training images from the Stanford Cars Dataset containing 8,144 images (12).
For inference, we use PyTorch (46) for both detections using YOLOv8 and classification using the ConvNeXt. Each vehicle

detected using the YOLOv8 network is cropped out using the bounding box, reshaped to 256x256, and normalized using the
ImageNet mean and standard deviation (47) for the RGB channel. The normalized image is then passed into the ConvNeXt
model to classify vehicle models.

Since YOLOv8 trained using the vehicle orientation dataset can detect vehicles of various shapes and sizes, smaller vehicles
(far away in the image with resolutions smaller than 75 x 75) do not have the various local features needed to identify vehicle
models. Further, since such smaller resolution images are further scaled using the bilinear upsampling technique, it further
leads to blurring. For this reason, we only consider vehicles within 20 meters of distance and are thus large enough to have
local features necessary for the identification of car models. This approach also reduces the complexity since we do not have to
consider all the detected vehicles for classification.

From the vehicle type and orientation detection results, we notice that the YOLOv8 model achieves a high AP value
for most vehicle types, such as cars, trucks, and buses. The main reason for high accuracy is due to the similar distribution
of vehicles in the training and validation dataset (26). However, compared to the YOLOv4 model used in (26), we notice
significant improvements in the AP value. Using YOLOv4 model, car front, car back, and car side models have an average AP
of 0.91, 0.93, and 0.85 in (26). YOLOv8 model uses an anchor-free design with separate heads for objectness, classification,
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Figure 15. CO

and regression of bounding boxes. This allows each branch to focus on its own task, which enhances the model’s overall
accuracy to 0.97, 0.98, and 0.95, respectively.

Vehicle tracking
Object detection algorithms make predictions independently across consecutive frames. For instance, if a vehicle is detected in
an image at a frame n, then there is no way to identify the same vehicle in the next frame n+1. It is, thus, necessary to identify
the same vehicles across consecutive frames by assigning an ID to them and tracking them over time. As discussed in the main
text, several real-time tracking algorithms exist, such as SORT (48), DeepSORT (49), and StrongSORT (50).

In this research, we use SORT for vehicle tracking. In SORT, the state of the tracked object in a given frame is defined (26),
as shown in Eq. 11, where cx, cy are the centroid of the detected vehicle bounding boxes, s and r represent area and aspect
ratio (constant) of the target vehicle’s bounding box, respectively, and η is the target vehicle category. All dot variables are
velocities, i.e., the first temporal derivatives of the original variable.

X = [cx,cy, ċx, ċy,s, ṡ,r,η ]T (11)

The state (X ) of an object is maintained using the Kalman filter (51) and is updated over consecutive frames using detected
bounding box coordinates, which come from the detector YOLOv8. When an object is detected in a frame, the predicted
state from the Kalman filter (52) using a constant velocity model (48) is associated with the detections using Hungarian
algorithm (53) considering Intersection over Union (IoU) between predicted tracks and detections that minimizes the overall
cost of the assignment.

DeepSORT and StrongSORT are more robust trackers than SORT in tracking lost and occluded objects. For example,
DeepSORT is a neural network that computes the feature descriptor of each detected object for tracking. StrongSORT has
additional advancements (such as feature embedding and trajectory association) (50), improving DeepSORT tracking accuracy
further. The problem of occlusion and re-appearance, however, is not significant in our research since the ego vehicle moves
continuously. Further, SORT has several advantages in terms of real-time processing as it achieves 143.3 FPS on the MOT17
test set (50; 54) compared to 13.8 and 7.5 for DeepSORT and StrongSORT, respectively.

Pseudocode for emission estimation in a given frame
This algorithm outlines a procedure for estimating vehicle emissions using video footage processed through a deep learning-
based object detection model (YOLOv8). It efficiently tracks vehicles in the video, determines their speeds, and computes their
emissions using the COPERT emission model.

Speed estimations not normalised
Variation in the emission with speed. Four lines represent emissions from different vehicle classes based on the engine
displacement value according to the COPERT model.
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Algorithm 1 Emission estimation from camera video

0: Ω← /0 {Dictionary for tracked vehicles ID}
0: procedure ESTIMATEEMISSION(current f rame)
0: ε,η ← YOLOV8 MODEL(current f rame) {Bounding boxes ε , vehicle models η}
0: ε,η ,ζ ← SORT TRACK(ε,η) {Tracking ID ζ}
0: i← 0 {Vehicle counter}
0: E ← /0 {Initialize emission}
0: for all ε i,ζ i,η i ∈ ε×ζ ×η do
0: D i← DISTANCE CALC(ε i,η i, f ,µh, IH)
0: if D i < 20 & not(η i∩ ‘side’) then
0: M ζ i

top-5← GET MODEL(ε i)

0: if |ζ i|= FPS then
0: M cc

top-5← GET DISP(M ζ i

top-5,ζ
i)

0: Vabs← ABS SPEED(D i,D i−FPS,Vego,ζ
i)

0: E i← COPERT MODEL(M cc
top-5,Vabs)

0: E ← E +E i

0: end if
0: end if
0: Ω←Ω∪{ζ i} {Tracking ID processed}
0: i← i+1
0: end for
0: end procedure=0

Figure 16. PM2.5
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Figure 17. NOx

Figure 18. CO2

Figure 19. VOC
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Figure 20. CO

a) Both lanes b) Opposite lane

c) Intersection d) Same lane

Figure 21. The figure shows the estimated emissions (in g/km) for various cases, such as a) when vehicles are on both lanes,
b) vehicles are only on the opposite lane, c) vehicles at intersections, and d) vehicles on the same lane. Full demo video is
available at https://bit.ly/3QXo7jT.
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