PERFORMANCE ON STAIR DETECTION

a-WaLTR: Adaptive Wheel-
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3) Interpretable model
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*The result from “Decision boundary shifting” without retraining. al gor ithm in

Robots capable of traversing flights of stairs play an important role in both indoor Table 3. Trained and tested w/ Munoz dataset C\;\Z?f’;ﬁz\c/’v”c’fons

and outdoor applications. We present a vision-based ascending stair detection Algorithm Sensitivity Specificity Accuracy other existing
algorithm using RGB-Depth (RGB-D) data based on an interpretable model.

1) YOLOV3 60% 92% 74%
2) SVM-Munoz 95% 93% 94%
3) Interpretable model*

algorithmes.

Figure. Two datasets: (a) Texas * The interpretable model outperformed the other two methods when
A&M University (TAMU) dataset
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dataset) mostly taken from a e boundary shifting was comparable with the SVM-based method trained
frontal angle at a higher WIT and tested using the Munoz dataset (Table 3)
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3. Buildingb:he T ‘?_. * The interpretable model is well suitable for embedded, deployable applications
interpretable ning

\ considering its high efficiency and easy to adjust decision boundaries.
model . SVMwith RBF " Ce : : :
kernel Trained SVM Approximated Threshold for v = Some limitations were observed in the RGB image preprocessing; depth data may be

model decision boundary

> Condition 1for true class: y < f, (m) considered during this early stage for improving accurate ROI selections.

> Condition 2 for true class : f§""(m) < B < f§"**(m) (Same procedure described above for B) = Future work may include online learning strategies for stair detection.
- Condition 3 for true class: mmin < m < mhax m™: minimum value of m in true class, m™®*: maximum value of m in true class
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