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Temporal Feature Extraction Robust to Headwear Variations for Person Identification using Body Sway

Takuya KAMITANI, Haruki NAKAYAMA and Masashi NISHIYAMA

We propose a method for extracting temporal features robust to headwear variations for person identification using the

video sequences of body sway. When people put on headwear such as caps and helmets, their head shapes, observed from

an overhead camera, change dramatically depending on the type of headwear. The existing method cannot obtain high

accuracy of person identification in situations where the head shapes change because their features are directly affected by
the headwear variations. We perform a learning-based low-pass filter for the time-series signal of head center positions
representing body sway to extract our temporal features robust to the headwear variations. Experimental results show that

our temporal features significantly improved the accuracy of person identification when the headwear variations occur,

compared to the existing features.

Key words: person identification, headwear variations, body sway, temporal feature extraction, learning-based low-

pass filter
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Fig. 1 The target of our person identification using body sway. This
paper investigates whether our method can identify people
with headwear.
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Fig. 2 Examples of the variation in the headwear types. These color
images are acquired from the same individual with different
types of headwear using an overhead camera. We see that
the shapes of the head silhouettes are dynamically changed
for each headwear.
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Fig. 3 The procedure of the existing methods * 3 for extracting
a spatio-temporal feature from the video sequence of body
sway.
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Fig. 4 The procedure of the improved method of the existing meth-
ods 4 for extracting a temporal feature from the video se-
quence of body sway.
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Fig. 5 Examples of the color images of participants when wearing
different types of headwear. The participants are observed
from an overhead camera. The row direction means the same
individuals and the column direction means the same types
of headwear. Columns (a), (b), (¢), (d), and (e) show the
color images with no headwear, a cap, a helmet, a long wig,
and an afro wig, respectively.
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Fig. 6 Examples of the color images of a participant observed from
a side-view camera. The participant is the same individual
in the first row in Fig. 5.
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Fig. 7 The experimental setting of acquiring a video sequence of
body sway using an overhead camera.
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Table 1 Comparison of the accuracy of person identification us-
ing the existing methods > and the improved existing
method.

Method n=1 n=5 n=10 n=15 nAUC

Existing method 3.7 142 264 362 56.2

Improved method | 5.2 18.8 313 433 59.7
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Fig. 8 We calculated the squared subtraction of the logarithmic

powers for each frequency. The orange line is the subtraction

between the same individuals, and the purple line is the sub-

traction between the different individuals. The upper graph

(a) shows the subtractions in the left-right direction, and the
lower one (b) shows those in the front-back direction.
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Fig. 9 The procedure of our method for extracting a temporal fea-
ture in a low-frequency band using the learning-based low-
pass filter from the video sequence of body sway.
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Table 2 Comparison of the accuracy of person identification using
our method, the improved existing method and the existing
methods > when the headwear variations occur.

Method n=l n=5 n=10 n=15 nAUC

Our method 44.2 78.6 89.2 94.2 92.1

Improved method | 6.3 219 381 51.0 60.1

Existing method 4.2 172 319 44.6 56.5

Table 3 Comparison of the accuracy of person identification using
our method, the improved existing method and the existing
methods #> when not putting on headwear.

Method n=1 n=5 n=10 n=15 nAUC
Our method 62.5 925 98.0 98.5 97.1
Improved method | 77.0  90.5 93.5 96.0 95.7
Existing method 98.5 100.0 100.0 100.0 100.0
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Fig. 10 The first matching rate (%) when the threshold is set man-
ually or automatically.
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Fig. 11 The histogram of threshold values of the low-pass filter
with our automatic setting. The threshold values are voted
for the bins of the appropriate frequency bands.
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Table 4 Comparison of the accuracy of person identification us-
ing the temporal feature extracted from the low-frequency
band, only high-frequency band, and all-frequency band.

Frequency band | n=1 n=5 1n=10 n=15 nAUC
Low (ours) 442 78.6 892 942 92.1
High 4.5 171 315 44.6 55.6
All (low+high) 63 219 38.1 51.0 60.1
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Table 5 Comparison of the accuracy of person identification using
our method, the existing method of gait recognition ¥, and
the existing methods of action recognition 0 11-12),

Method n=1 n=5 n=10 n=15 nAUC
Ours 442 786 892 942 921
GEI? 80 302 533 699 724
DI ¥ 158 459 675 814 804
c3p ' 162 478 681 797 798
TimeSformer ' | 10.1 334 52.1 64.7 70.1

Table 6 Comparison of the accuracy of person identification using
our method, the existing methods '> !4 using color image
feature extractions.

Method n=1 n=5 n=10 n=15 nAUC
Ours 442 786 89.2 94.2 92.1
ResNet101 (e) 4.1 17.0  31.1 441 55.7
ResNet101 (c) 40 17.1 312 439 55.7

EfficientNet-B7 (e) | 3.5 155 307 426 54.7
EfficientNet-B7 (c) | 3.5 153 30.1 428 54.7
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Fig. 12 Examples of the head silhouettes generated from a person
with blond hair.
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