HASPeR: An Image Repository for Hand Shadow Puppet Recognition
Sabbir Ahmed

Department of Computer Science and Engineering, Islamic University of Technology, Board Bazar, Gazipur, Dhaka-1704, Bangladesh

ISLAMIC UNIVERSITY

Syed Rifat Raiyan Zibran Zarif Amio
0CT19-23, 2025

OF TECHNOLOGY

Introduction Optical Flow Estimation for Sample Extraction g - Candle Light Results and Findings
/ (1900 K) 750 nm
Ombromanie, the ancient art of hand shadow puppetry, is a form of art that involves the mesmerizing interplay of light and shadow through the S- ! The ResNET34 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 ;' 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
alias “cinema in silhouette”is sometimes used to refer to this proto-cinematic medium of entertainment. S- fncandescent B ! connections in ResNets help preserve low-level edge and contour information through identity mappings, ensuring that crucial silhouette bound-
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A s el A e : 4 5 aries aren’t lost as the network deepens, making them better at capturing subtle variations.
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Figure 4. Optical flow estimation of contiguous candidate frames from the “Horse’ S o Vanilla w/ Classifier Block
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We retain the frame pairs with an average flow magnitude surpassing = : = * Y & 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 9.10 0.8995 0.8873 0.8853
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Light flow estimation methOd?- ﬂf}e Lucas Iianade (LK) method and the To Al it 8 * & LM ALexNET 61.1M 8701 93.61 9546 0.8840 08702 0.8708 85.18 92.58 94.80 0.8887 0.8818 0.8809
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7 . Iy-u+ly-v+ 1 =0 (1) 2 R B S SwinB 878M 90.50 9538 9740 09128 09050 0.9042 90.20 95.40 97.08 0.9097 0.9020 0.9006
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Figure 1. Ombromanie in a nutshell. Z 72 Z o Z .1, S- v VGG16 1384M 91.61 9508 96.65 09248 09162 0.9168 91.00 95.21 96.45 0.9235 0.9100 0.9119
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Its working principle is very straightforward—the puppeteer adeptly positions their hands between a radiant light source and a translucent i eW U.JEW 1.} EW S| Cooler 52511’59NTNETV25 1241?;5%/[ Zg'gé ggﬁ ggzg 8'3??2 8'332? 8'3312 g‘l"'gg gg'gg gg";’g 8’3‘21‘32 g'g‘i‘gg 8'3‘1122
screen, consequently Con]urmg shadows and sﬂhouettes that emulate dlfferent creatures, as ShOWIl n Flgure 1. As evident fI‘OIIl Figure 4C, the 1K method can track the edge move- . . | o MoBiLENETV?2 3.5M 9238 9498 96.05 0.9303 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 b4 bo'the penumbral region of the shadow, However, as it is lim RecNFX2CE IPSM o286 9571 9693 09Ms 09287 o0s29  9291 957 s6ss 0o 09w 0928
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datasets could enable detailed analysis of silhouette movements, shapes, and storytelling, fostering Al systems for recognition, classification, and ited by local window constraints. it fails to capture the elobal moti DinseNer121 SOM 9203 9575 0688 09367 09293 0928 92.05 95 51 96.56 0.9360 0.9205 0.9285
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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 pubbet. To ameliorate this issue. we resort to the TV-7 ! ResNEexT101_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
for enhanced preservation and research efforts method, which is a variational method that minimizes the total varia- INCEPTIONV3 272M 9350 9648 9735  0.9401 09350 0.9338 93.71 96.36 97.06 0.9446 0.9372 0.9371
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In this paper [1] , our contributions are: v — arg min £ (u, U) <4> ResNET34 w/ Silhouette Polygonization 21.8M  92.72 96.41 97.51 0.9328 0.9272  0.9257  92.95 (+1.05%) 95.75 96.61 0.9352 (+0.93%) 0.9295 (+1.05%) 0.9283 (+1.02%)
TV-L! 0 ResNEr34 w/ Topological Features 21.8M 9372 9643 9778 09432  0.9372 0.9359  94.05 (+225%) 9645 (r052%) 97.53 (+031%) 0.9476 (+221%) 0.9405 (+225%) 0.9401 (+231%)
= 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. B %,U 0 - —tr 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 Zeaion e N\ Giow Lot o Lo
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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. ‘. ) A | s | S
= 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
= We thoroughly assess REsNET34’s feature representations, feature fusions, interpretability, explainability, and classification errors. fields’ L2 norms to obtain a more hoilistic optical flow field, as por- Methodology for Benchm arking HASPER (\ ke e
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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. -~ 0] o tama 01 < o
potential for digitized ombromanie learning tools. 1 y y A series of pretrained models are used as feature extractors to develop v ot i
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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 Vij ReLU(2%) ; b , L ‘ s
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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. _ = = (7) : >a 5 o | w, N 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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Figure 2. A flowchart depicting the dataset construction process. Dog / 6 600 400 1000 k 4 — - R R R R R R RN '
Elephant 5 6 600 400 1000 S 1104 0 o 1|o]o]o]o0 30 2 0|1
Horse 8 6 600 400 1000 F.lgure 9. Comparison of polygonal approximations for a hand shadow puppet (20| 3 [10]o0]o 3 oo loli|1loll oo
Llama 2 6 600 400 1000 silhouette. 1 E 0 0 0 0 0 0 0 0 0 0 0 0 0 399 1
Moose 3 6 600 400 1000 ‘ I & i
1 1 1 1 1 | 0 0 0 1 0 2 0 0 0 0 0 0 0 0 [397
Panther 7 6 600 400 1000 We also integrate ResNer34 with topological descriptors derived - Aol 1°
. from Skele tonize d Silhoue t tes j_nC1u dj_n branCh /en d_ Oj_n t Coun tS and | X I Bird Chicken Cow Crab Deer Dog Elephan.t Horse Llama Moose Panther Rabbit Snail Snake Swan
Rabbit 4 6 600 400 1000 ’ & P |  Predicted Labels
(a) Bird (b) Chicken (c) Cow ) Crab (e) Deer (f) Dog g) Elephant ) Horse Snail 4 6 600 400 1000 skeleton-to-area ratios. N ‘Q.' Figure 13. Confusion Matrix of vanilla ResNEr34. S ABEIT
Snake 3 6 600 400 1000 _}_g_c_al Extrema - Euler Characteristic: [2, 2, 2] (thresholds [0.3, 0.5, 0.7]) Gradient Magnitude Contours (n=2) h W mmm
Swan 10 6 600 400 1000 (b) ¢) LIME (d) Salienc
(c) (d) y . s
GradCAM Map MosBIiLENETV2, with only 3.5 million parameters, managed to Fi 15. Android lication for shad .
68 90 H surpass many of the other models in terms of performance. lgure Lo. ANAIOld applcation 1ot sShadow puppe
' Total 9000 6000 15000 . - catmap f | | £ / £ recognition.
igure 11. The juxtaposition of original image samples
158 5 : P . 5 &€ Sap References
from the HASPER dataset with their corresponding

n) Snake

) Rabbit (o) Swan

(k) Panther (m) Snail

(i) Llama ) Moose

GradCAM Heatmaps, LIME Visualizations, and Saliency

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.
2025 Workshop on Cultural Continuity of Artists, 2025.

Figure 3. Samples from each class of the dataset. Figure 10. Topological features for a hand shadow puppet silhouette.

IEEE/CVF International Conference on Computer Vision (ICCV) 2025 Workshop on Cultural Continuity of Artists W @realRifatRaiyan & rifatraiyan@iut-dhaka.edu

Made with

by Raiyan et al.



