HASPeR: An Image Repository for Hand Shadow Puppet Recognition
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Ombromanie, the ancient art of hand shadow puppetry, is a form of art that involves the mesmerizing interplay of light and shadow through the BEERISSS (/;\;\ LN S ! The ResNEer34 model yields the best performance with a top-1 accuracy of 94.97%. The vanilla version of the model also yields the highest top-2
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construction and manipulation of shadow figures or silhouettes on a surface, typically a screen or a wall, using one’s hands, body, or props. The *iiiiiiiiﬁ\Y SERLTERRERERERRS MM | f ¥ g ﬁm il ; accuracy, top-3 accuracy, Precision, Recall, and F1-scores of 97.23%, 98.23%, 0.9516, 0.9497, and 0.9491 respectively. We hypothesize that residual
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alias “cinema in silhouette”is sometimes used to refer to this proto-cinematic medium of entertainment. U 4%\(\:\:\@:\5 o ;;::::x}/§§§§§ggggg SRR = fucandescent Bl , connections in ResNets help preserve low-level edge and contour information through identity mappings, ensuring that crucial silhouette bound-
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(a) tth frame  (b) (t + k)th frame  (c) LK method  (d) TV-L! method () max(Lk,Tv-1) : 5 aries aren’t lost as the network deepens, making them better at capturing subtle variations.
>~ = 1
S I
A Figure 4. Optical flow estimation of contiguous candidate frames from the “Horse’ S ’ o Model p Vanilla w/ Classifier Block
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We retain the frame pairs with an average flow magnitude surpassing 5 S (PO00K) z * Yo Top-1 Top-2 Top-3 Top-1 Top-2 Top-3
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a certain requisite threshold 7, thereby ensuring the inclusion of dy- S 5 : S g SHUFFLENETV2X10 23M 6173 7841 8610 06559 06173 05970  88.73 93.98 96.10 0.8995 0.8873 0.8853
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Figure 1. Ombromanie in a nutshell. Z 72 Z ]l o Z 1.1, = v VGG16 1384M 91.61 9508 96.65 09248 09162 0.9168 91.00 95.21 96.45 0.9235 0.9100 0.9119
x xty z LED Bulb MNasNEer13 63M 9166 9565 97.01 09240 09167 0.9149 91.45 95.86 97.26 0.9231 0.9145 0.9133
u {i,jleW {i,jleW {i,jleW (3) - (T000K) * v CoNvNEXTLARGE 197.8M 91.88 9590 9770 09254 0.9188 0.9181 88.00 94.70 96.56 0.8942 0.8800 0.8782
= S \ ErriciENTNETBO 53M 9193 9526 9671 09257 09193 0.9178 90.40 93.75 95.10 0.9131 0.9040 0.9022
v Y LI 2 — I,I s \ -
LK xty Z Y Z yit ‘ MaxViT 309M 9201 9650 97.81 09268 09202 0.9214 92.08 95.98 97.36 0.9320 0.9208 0.9237
380 nm AXVI : : : : : : : : : : : : :
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screen, consequently conjuring shadows and silhouettes that emulate ditferent creatures, as shown in Figure 1. As evident from Figure 4c, the LK method can track the edge move- | | - MoBILENETV2 35M  92.38 9498 96.05 09303 0.9238 0.9233 92.31 95.38 96.91 0.9311 0.9232 0.9225
ment of the homoseneous silhouette batches. siven the slioht texture Figure 5. Light sources for background diversity in HASPER. WiDERESNET50_2 689M 9246 9628 9728 09331 09247 0.9235 93.35 95.73 97.15 0.9421 0.9335 0.9330
Despite its rich history and cultural allure, ombromanie (hand shadow puppetry) suffers from a scarcity of specialized resources. Annotated 5 , P ' 5 St X ResNETS0 25-6M = 9258 9556 96.75 09332 0.9258  0.9252 93.08 96.48 97.20 0.9563 0.9508 0.9299
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generation of performances. This is especially pertinent given Al models’ struggles with accurately rendering hands and fingers. Educational of the shadow pubDet. To ameliorate this issue. we resort to the TV-T.! ResNExT101_32X8D 88.8M 93.00 9641 9723 09364 09310 0.9303 94.20 96.61 97.58 0.9520 0.9420 0.9423
applications could revitalize this fading art, recognized by UNESCO in 2011 as an endangered intangible cultural heritage, underscoring the need W PUppet- 10 P , WipeResNer101_2 1269M ~93.36 95.81 9690 0.9423 09337 09332 9273 96.35 97.63 0.9337 0.9273 0.9267
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= We introduce HASPER (Hand Shadow Puppet Image Repository), a novel, curated dataset of 15,000 images sourced from 68 professional —argmin | \|[VI-B+LlL+ [Vul,+|Vol, )dzd
and 90 amateur clips, with precise labeling and categorization for robust image classification training. - %,U 0 - —t L7 ) o Table 2. Performance comparison of the vanilla and modified versions of the image classification models.
= We ensure diversity through variations in poses, orientations, background lighting, and silhouette motion via optical flow estimation. gty en L1 Rl zeiaion e Giow Lot o L
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= We conduct a detailed analysis of HASPER’s statistical characteristics to validate its quality. (5) Figure 7. ‘Deer’ samples with different artistic representations. | | i
= We evaluate state-of-the-art pretrained image classification models on HASPER to establish integrity baselines. We then take the element-wise maximum of the LK and TV-L! flow crab crab
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= We develop a lightweight Android app using Flutter for real-time classification of hand shadow puppets from camera feeds, showcasing trayed in Figure 4e. ] o tama 0] < o
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The series of steps involved in our data acquisition process is broadly divided into three tasks—(a) procuring the performance clips, (b) extraction L L \/ ij T Vi ReLU(2%) , jsoftmax, e
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of the frames, and (c) categorization of each sample frame with a proper label. Figure 2 portrays this workflow behind our dataset preparation. G (7) : ™81 S ; 5
We incorporate manual oversight at each step of the dataset creation in order to reconcile any exigencies pertaining to the quality of HASPER. _ MN ReLU(:2) ' E -
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Maps (for the best-performing vanilla ResNer34 model). [1] Syed Rifat Raiyan, Zibran Zarif Amio, and Sabbir Ahmed. HaSPeR: An image repository for hand shadow puppet recognition. ICCV

Table 1. Statistical summary of HASPER.
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Figure 3. Samples from each class of the dataset. Figure 10. Topological features for a hand shadow puppet silhouette.
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