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Identification of Discriminative Features Affording a Particular Action using an Analysis of CNN
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Ideal products offer proper usages to users intuitively. Affordance is the qualities of an environment(e.g. product)
that define its possible uses. Improvement of product’s affordance leads to load reduction and enhanced safety.
In this paper, we think that features of product(e.g. color, shape) induce affordance. Designer’s experiences are
required for making product to have proper affordance, because knowledge on features which induce affordance are
implicit knowledge. Extraction of this knowledge makes it possible for all designers to enhance product’s affordance.
In this paper, we propose a method that identify discriminative features affording particular action with dataset
of image of product and affordance user perceived. In more detail, we train a CNN model to predict product’s
“sittable” affordance, and analyze trained CNN to identify discriminative features which induce sittable affordance.
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Figure 1: Learn affordance with CNN
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Figure 2: Image reconstraction
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Figure 3: Guided backpropagation
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Algorithm 1 Feature identification

Input: Dataset {(s1,Q¢),..., (sn,QY)}
Create a CNN model:

Input: ¢(s).

Output: (Qa,1 — Qa).
Learn Affordance: Train CNN with Dataset.
Analyze CNN:

Input: s.

Select target output: Qg or 1 — Q.

Apply: Saliency map, Guided Saliency map,

Grad-CAM, Guided Grad-CAM.
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Table 1: Data summary
’ Data ‘ Sittable:True ‘ Sittable:False ‘ Sum ‘
1824 48176 | 50000
361 9639 | 10000

Train
Test
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Table 2: Architecture of the CNN learning affordance
Layer name Layer description

input Input 32 x 32 RGB image
convl 3 x 3 conv. 32 ELU, stride 1
conv2 3 x 3 conv. 32 ELU, stride 1

max-poolingl max-pooling stride 2

3 x 3 conv. 64 ELU, stride 1

3 x 3 conv. 64 ELU, stride 1
max-pooling stride 2

dense. 512 ELU, dropout0.5
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dense
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Table 3: Evaluation of CNN’s predicts
’ Data ‘ Precision ‘ Recall ‘ F-measure ‘
Train 0.922 0.994 0.956
Test 0.826 0.776 0.800
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Figure 4: Identification of features inducing affordance
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Table 4: Equivalent parts for features inducing affordance

Equivalent parts
method 0 ‘ ®) ‘ @)
Saliency - - -

G.Saliency plane side, horizonal | leg
Grad-CAM leg, side - -
G.Grad-CAM | leg, side - leg
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Figure 5: Grad-CAM results for each layer of CNN
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