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(a) Frame 1 (b) Frame 2
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(c) Frame 3 (d) Frame 4
Figure 8. Results of Visualizations, bev (birds-eye view) RGB-map (a), (b), (c) and (d) are the corresponding

maps for frames: 1, 2, 3 and 4 in Figure 7. The yellow boxes indicate output predictions from the 3D object
detector model (Complex-yolo) the class of cars, while the blue boxes denote the class of pedestrians

The results based on an in-house real experimental setup (rather than public dataset) is discussed
below. Table 3 shows a person testing the algorithm on a real hardware Lidar and camera, the fusion
was performed and the person was detected correctly as a pedestrian.

Conclusion

The approaches that work with point cloud directly have a higher average precision; however,
they lack real-time performance most of the time. On the other hand, approaches that transform point
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Table 3. Fusion detections cases

Case

Images

Fusion output on pointcloud

True

Positive| 4

False
Positive

True
Positive
and
False
Positive

Comment

the 2D object detector and the
3D object detector models
could detect the person as
a pedestrian successfully, so
the output of fusion was
shown in Fusion output on
point-cloud

We can see that a false object
was detected, but Lidar didn’t
detect it, and due to low
confidence it was neglected by
the fusion algorithm, so
nothing was shown in Fusion
output on point-cloud

We can see that this case is
a combination of the previous
two cases: one is true positive
where the person was detected

as a pedestrian, and other
object is false positive, which
was wrongly detected and due
to low confidence it was
neglected by the fusion
algorithm.

cloud to bev RGB-map formats suffer from information loss, which results in lower average precision,
but better real-time performance, and some models as in Complex-Yolo can give a good compromise
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by giving fair results and still work in real time. Object detection from 2D images has been significantly
improved over the last decade, and there exist models that can give fair results as well and work in
real time for e.g., SSD (e.g. yolo-v3). Fusion between the previous two approaches is one of the
best solutions to the problem in self-driving cars, and there has been significant interest in this area
to enhance the autonomous cars and mobile robot systems. We passed data from Lidar to the 3D
object detector model (Complex-Yolo) and evaluated it as a standalone model. Also, we did the same
with a camera and passed the images to the 2D object detector model (YOLO-v3) and evaluated as
a standalone model as well.

3D Object Detector |3D bounding box|
(Complex Yolo)

2D Object Detextor
e e

Figure 9. Image Based Fusion

In our approach (Image-Based Fusion) (see Figure 9), we could see how it combines information
to obtain better results than the 2D object detection model and the 3D object detection model. This
shows the power of data fusion to improve the performance of the perception task problem for self-
driving cars.

However, the processing speed decreased to 28 FPS, which may be improved by parallel
processing. The proposed methods have been implemented on the KITTI dataset as well as custom
generated datasets. The results show that the proposed method enhances the results of individual
methods that use point-cloud data or image data.

Appendix

For average precision, the calculation is performed as follows. After the final predictions are
determined, the predicted bounding boxes could be measured against the ground-truth bounding boxes.

In order to calculate the mean average precision (mAP) for each class and see how the object
detector is doing, we will first need to calculate the precision and recall for each class.

To do so, the number of true positives must be identified. If a predicted bounding box overlapped
a ground truth bounding box by an IOU threshold (0.5), it is considered a successful detection and the
predicted bounding box is a true positive. If a predicted bounding box overlapped a ground truth by less
than the threshold, it is considered an unsuccessful detection, and the predicted bounding box is a false
positive. Precision and recall can be calculated from true and false positives, as shown in Figure 10.

True Positive

Precision = — —— =
True Positive + False Positive

_ count(True Positives) 2

= count(all red boxes) 3’
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True Positive
Recall = — — =
True Positive + False Negative

_ count(True Positives) 2

"~ count(all red boxes) 3’
We need to get precision and recall at every IOU threshold and then average it for each class, and then
average it again between all classes to get the map for the model.

True Positive

True Positive False Positive

Figure 10. Precision-Recall

L
L]

20 % 66.6 % 100 %

Precision Recall Precision Recall

(a) High-precision low recall case (b) Low-precision high recall case

Figure 11. Precision & Recall cases for more clarification

When a model has high recall, but low precision, the model classifies most of the positive
samples correctly, but it has many false positives (i.e., classifies many negative samples as positive).
When a model has high precision, but low recall, then the model is accurate when it classifies a sample
as positive, but it may classify only some of the positive samples as shown in Figure 11.
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So, we need to find the threshold that gives us the best of both; the average precision is the area
under the curve of the precision-recall curve.
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