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Abstract

Neural Light Field (NeLF) is an approach that learns the relationship between implicit representations and the color information
of light rays, using this knowledge to reconstruct real spaces or objects. NeLF has been actively researched recently due to its
impressive performance. However, the training performance of NeLF varies depending on the complexity of the target space or
object. In general, the training performance of NeLF for complex spaces is low, and for simple spaces it is high. Regardless of
this trend, it is difficult to predict the level of PSNR before training. This paper studies methods to predict the training
performance of NeLF based on the images used for training, and in particular studies image complexity metrics that are effective
in predicting NeLF training performance. This paper selects six evaluation metrics used to assess image complexity and analyzes
the relationship between the actual PSNR results and the corresponding complexity. The experiment is based on a total of 30
samples, including standard data samples commonly used in NeLF research as well as samples directly captured for this study, to
explore the most relevant image complexity metrics for NeLF performance. The experiment also predicts PSNR for five test
samples and analyzes the prediction errors.
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Fig. 1. Learning Performance for the Complex Space (PSNR: 17dB)
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T2 2. ZHEkE 27M0f ChEt BHAAS (PSNR: 28dB)
Fig. 2. Learning Performance for the Simple Space (PSNR: 28dB)
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Table 1. Fixed Parameters Used in the Experiment

Parameter Value
Resolution 960 x 540
Number of frames 40
Number of epochs 200
MLP Network size (Depth) 8
MLP Network size (Width) 256
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Fig. 3. Sample Image of nerf_liff_data (flower) Fig. 4. Sample of directly captured image data (stairs)
35+ 35}
30 . S 3 L, °
o .o ®e o ..~
S 25 cets ° T o5t >, .
o . o .
Z e ®e . ve z . ) .
2 20t Coo 0 & 200 e o .
15 c 15 *
0 001 002 003 004 005 006 007 0 1 2 3 4 5 6
Compressed Image Size [MB] Compressed Video Size [MB]

w
a
T
w
a
T

307 L] . ‘ 30_ L] ° ] ¢
a ... . a .. ° .
21257 °ee ° % . gzs» e %ee®™ .
=z 3 . . z o o o
£ 201 o ‘e e te, & 20} ° $ *e .
15} ©oe 15} ° ‘
7 8 9 10 1" 12 13 0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
Color Complexity Edge Ratio
35 © 3sf @
30 . ‘ L] ° 30-. .‘ °
) T . @ .t .
S 25¢ 0, ° . i R S
z . ® ° . % . e 4 . . )
£ 20 s . . & 20 L) .
15 : ‘ 15} . :
0 200 400 600 800 1000 1200 1400 1600 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07
Variance Of Laplacian Features Ratio

(e) )
72 5. 0|0|x| ZRE= LIIKIE O] PSNR J24= (a) Q%8 0[0|A| T 37| (b) EE HIC|2 T 37| (o) A4 2/E
(d) OlIX] HIZ (e) 2HEEIAIRH 24t (f) SAX HIE
Fig. 5. Image Complexity Measurement and NeLF Learning Performance(PSNR) Graph (a) Compressed Image Size
(b) Compressed Video Size (c) Color Complexity (d) Edge Ratio (e) Variance Of Laplacian (f) Features Ratio



]

A& 9 196 Neural Light Field 7+ 4 A%

o) A2 olrlx BRE WK B AT 697

(Yundong Kim et al.: Effective Image Complexity Measurement for Predicting View Synthesis Performance of Neural Light Field)

I9 55 T2 30719 AES A Z NeLFZ &%

& PSNR %55+ 2 B4% HIHAE Abole] ¥ o)z
g nlEh 28 5 @), b), ©, @, @, (hE 77 453

ERESERREE K ECEDIER I L
o) Hg, ehEebAlet BAL S v g U§ 1 xE
GERIT 2 TEelA AR g 7} B RS £
Juldith. 47t 245 24 WAAE /|FOE B}
Sold g elndt Teme AREE NelF SH44%

PSNRS Yepdth gho] 45 9
WSS 9u]siy, o]s AlFo]

671 TRl AHOE FEol ST 4T
S BT, o BAEI} FS4F NelF S45450] Dol

AL oulgt ol B AN 27] 7H9E usl ol
3 B0 A H AR NAF S )
2 7%

(1)

T2l 6. ¥ 0|0|X[2} XA O|0|X| H| (a) garlic(R2) (b) garlic(XHT4d) (c) items(H2) (d) items(XH7-4]) (e) orchids(& &)

() orchids(AiTAd)

Fig. 6. Comparison of Original Image) and Reconstructed Image (a) garlic(original) (b) garlic(reconstructed) (c) items(origi-
nal) (d) items(reconstructed) (e) orchids(original) (f) orchids(reconstructed)



698 W =EA #2998 A55, 20243 92 (JBE Vol.29, No.5, September 2024)
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Table 2. Image Complexity and NeLF Performance for garlic, items, and orchids Data Samples

Parameter garlic items orchids
Compressed Image Size [KB] 14.05 36.53 59.30
Color Complexity 8.81 9.19 12.39
Edge Ratio 0.053 0.084 0.147
Variance Of Laplacian 3014 1110.2 753.2
Compressed Video Size [MB] 1.07 3.09 5.12
Features Ratio 0.0097 0.0227 0.0387
PSNR [dB] 28.19 21.57 16.05
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Table 3. Linear Regression Analysis Results and R-squared
R-squared
Depth x Width 4 x128 | 6 x192 | 7 x224 | 8 x 256 | 10 x 320 | 12 x 384 | 14 x 448 | 16 x 512
Compressed Image Size 0.687 0.678 0.660 0.696 0.645 0.628 0.630 0.624
Color Complexity 0.545 0.526 0.508 0.522 0.469 0.445 0.453 0.433
Edge Ratio 0.587 0.539 0.515 0.536 0.475 0.468 0.454 0.470
Variance Of Laplacian 0.323 0.303 0.271 0.316 0.271 0.278 0.275 0.308
Compressed Video Size 0.634 0.604 0.582 0.606 0.557 0.557 0.547 0.560
Features Ratio 0.543 0.512 0.508 0.517 0.480 0.475 0.463 0.483
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Fig. 8. Image Samples for Test (a) nutrients (b) forklift (c) hedges (d) vanes (e) playground
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Table 4. Comparison of Predicted PSNR and actual PSNR of NeLF Learning according to Prediction Model

nutrients forklift hedges vanes playground Avg.
Pred. Actual A |Pred. Actual A |Pred. Actual A |Pred. Actual A |Pred. Actual A A

Compressed Image Size |27.86 3.52|18.86 1.15|20.30 5.23 |26.01 0.05|26.41 442 | 2.87

Compressed Video Size |27.32 4.06 | 20.46 5.89 | 20.92 5.85 | 26.01 0.05(26.75 4.08] 3.99

- 31.38 20.02 15.07 26.06 30.83
Compressed Image Size&. |, o7 3.52 [19.33 0.69 | 20.28 521 |25.99 0.07 | 26.35 448 2.79
Compressed Video Size

All 28.50 2.89 19.78 0.24120.10 5.03 | 26.16 0.10 | 26.63 4.20( 2.49
Average 3.50 1.99 5.33 0.07 4.30
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