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Fig. 3: Vertical accelerations with and without the introduced vibrations.

be seen that the vibrations have dramatically impacted the detection of objects
such as the movable door handle, which the semantic segmentation system could
not detect due to the sudden vibrations. Generally, the ability of the semantic
segmentation system to classify the image pixels has degraded due to the intro-
duced vibrations. Qualitatively, the degradation can be seen in the fourth row
of Fig. 4, where the intense green and magenta colours indicate these di�erences
between the ground truth data and the system predictions. These pixels are
unannotated or misclassi�ed. The green colour shows the unannotated pixels
which do not belong to objects of interest. At the same time, the magenta one
shows the misclassi�ed objects.

Quantitatively, the �rst two rows of Table 2 shows the evaluation metrics
of the two scenarios (with and without the introduced vibrations). It can be
observed that the performance of the semantic segmentation system degrades as
a result of the introduced vibrations. Thus, it can be concluded from the results
that the performance of the semantic segmenting system can be negatively im-
pacted by the vibrations encountered while driving the powered wheelchair. Also,
the change in performance is directly proportional to the amount of vibration.
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Fig. 4: The impact of vibrations on the performance of the semantic
segmentation system. First column represents an image without vibrations
and second one represents an image with vibration.

To further investigate the vibration impact on the semantic system accuracy,
we segregate the images of the vibration dataset (when the arti�cial vibrations
are introduced, the second row of Table 2) into two categories (last two rows
of Table 2): images during the vibration incident and images before or after
the vibration incident. The �rst group of images represents the times when the



Table 2: Evaluation metrics with and without the introduced vibration on the
images level.

State Metrics
Global
Accuracy

Mean Ac-
curacy

Mean IoU
Weighted
IoU

Mean BF
score

Without vibrations
(65 images)

Mean 0.914 0.492 0.340 0.889 0.508
Std 0.040 0.061 0.034 0.051 0.075

With vibrations
(65 images)

Mean 0.877 0.475 0.309 0.842 0.472
Std 0.062 0.054 0.041 0.081 0.075

Without vibration
incident (50 images)

Mean 0.882 0.485 0.315 0.847 0.484
Std 0.057 0.051 0.038 0.078 0.071

During vibration

incident (15 images)
Mean 0.863 0.444 0.287 0.826 0.435
Std 0.078 0.056 0.047 0.092 0.080

powered wheelchair encountered a bump, such as sub-�gures b and d in Fig. 5.
The second group of images represents the times when the powered wheelchair
does not encounter a bump, such as sub-�gures a and c in Fig. 5. Then, the mean
and the standard deviation of accuracy, IoU, and Mean BF score on the level
of the images are calculated. The number of captured images during a vibration
incident due to a bump is 15. The remaining images (50) are considered as images
without vibration incident, although the total 65 images are captured together.
Table 2 shows the metrics of the two groups of images (last two rows).

Fig. 5: Segregation method for the vibration dataset images.
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