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Figure 1. Examples of scenes that motivate the need for manual
data preparation: (a) visible white reference patches, (b) geometric
distortions during acquisition, (c) incorrect reflectance calibration,
and (d) severe overexposure.

We provide additional material that complements our
main submission. The supplementary document includes:

A. Further details on the proposed dataset, including hyper-
spectral scenes, illuminants, camera sensors, and the ap-
plied geometric misalignments.

B. Computational cost analysis of the proposed models.

C. Qualitative results for the worst-case scenes.

D. Per-camera quantitative results for both the aligned and
misaligned versions of the dataset.

E. Additional qualitative results for each camera.

A. Dataset Details
A.1. Hyperspectral Scenes

Our dataset is constructed from 1,144 hyperspectral re-
flectance scenes sourced from the KAUST [9] and BJTU-
UVA [4] datasets. Both collections were acquired with
a Specim IQ hyperspectral camera [12], which captures
512x512 spatial resolution data in the 400—1000 nm range
with 3 nm spectral sampling. The KAUST dataset provides
400 scenes already resampled to the 400—700 nm range with

Figure 2. Distribution of the 102 considered illuminants from the
dataset of Barnard et al. [2] in terms of CIE xy chromaticity.

10 nm intervals. The BJTU-UVA dataset instead preserves
the original 3 nm sampling, which we resample to the same
400-700 nm and 10 nm intervals' for consistency.
Reflectance computation requires a white reference
patch to be present in each scene. This reference must be
removed from the final images to avoid introducing arti-
ficial cues to illuminant estimation methods. BJTU-UVA
authors solve this by capturing two images per scene, one
with and one without the reference, which allows a clean
reflectance image to be obtained. Instead, KAUST authors
perform a single capture and recommend cropping the cen-
tral 256 X256 region to remove the reference. This approach
sometimes leaves the reference visible (see Figure 1a), and
it also discards large portions of valid content. For this rea-
son, we manually annotated and masked the location of the
reference patch, thereby preserving the full scene content.
A number of scenes exhibit issues that prevent reli-
able rendering. These issues include geometric distortions
caused by long exposures and scene motion, violations of
the assumed global illuminant model that lead to incor-
rect calibration, and severe saturation or overexposure. All

! All resampling operations are performed in accordance to CIE guide-
lines [11].
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Figure 3. Spectral sensitivity functions for the RGB cameras (a—g) and the multispectral sensor (h) used in our dataset.
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Figure 4. Top: Example image pair from the Zurich dataset [8]. A
homography W is estimated to map View 1 onto View 2. Bottom:
The same homography is applied to one of our scenes in order to
simulate comparable misalignment. For illustration, the warped
result is shown on an RGB rendering of the scene, although the
transformation is applied to the multispectral images in the actual

dataset.

problematic cases were manually removed. After this qual-
ity control stage, 1,144 high-quality reflectance scenes re-

main.

Figures 1b to 1d present examples of discarded

scenes.

A.2. Illuminants Set

Each reflectance scene is re-illuminated using 102 spectral
power distributions (SPDs) from the dataset of Barnard et
al. [2]. The set includes 81 measured indoor and outdoor
illuminants spanning diverse times of day and weather con-
ditions. It also includes 21 additional SPDs corresponding
to common artificial light sources such as tungsten bulbs,
fluorescent lights, and daylight simulators. The SPDs are
originally sampled from 380 to 780 nm with 4 nm spacing.
For consistency with the reflectance data, all illuminants are
resampled to the 400-700 nm range with 10 nm steps'. Fig-
ure 2 illustrates how the illuminants are distributed in the
CIE zy chromaticity diagram, covering temperatures from
2500°K to over 10000°K.

A.3. Camera Spectral Sensitivities

RGB and multispectral renderings are synthesized from the
hyperspectral reflectance images using representative cam-
era spectral sensitivity functions (SSFs) from both mobile
and mirrorless devices. Specifically, RGB images are gen-
erated using the SSFs of four mobile cameras (Google
Pixel 3, iPhone Xs Max, Huawei Mate 20 Pro, Samsung
Galaxy Note 9), and three mirrorless cameras (Canon RS,
Sony a9 III, Nikon Zf). Multispectral images are rendered
using the 15-band SSFs of the Spectricity S1 sensor [13].
All SSFs are resampled to the 400-700 nm and 10 nm steps'



used by the reflectance data and illuminants. Figure 3 shows
the spectral sensitivity profiles for both RGB and multispec-
tral sensors.

A 4. Generation of Misaligned Data

To simulate realistic misregistration in dual-sensor imaging
systems, we construct a misaligned version of the dataset.
Misalignment parameters are obtained from the Zurich
dataset [8], which includes 168 real image pairs captured si-
multaneously with a Huawei P20 and a Canon 5D Mark IV.
For each pair, we estimate a homography using SIFT fea-
tures [10] combined with RANSAC [5], obtaininig a pool
of realistic transformations. All homographies are manu-
ally verified to guarantee that no errors are made during the
keypoints matching step.

For each scene in our dataset, we randomly sample one
of the 168 homographies and apply it to the multispectral
rendering. The resulting misalignments are moderate but
introduce visible structural inconsistencies such as content
lost near the image borders and shifted edges, thus mimick-
ing realistic scenarios. These effects significantly increase
the difficulty of the image-to-image mapping task. Figure 4
illustrates the process by showing an example Zurich pair
and the corresponding misalignment applied to one of our
scenes.

B. Computational Cost Report

We report in Table 1 the computational cost of the proposed
models in terms of frames per second (FPS), GFLOPs,
number of parameters, and memory requirements. Mea-
surements were carried out on an NVIDIA RTX 3090 24GB
GPU. The results, particularly GFLOPs, which are indepen-
dent of the hardware, highlight the lightweight nature of the
models and suggest that they could be deployed on mobile
devices [1].

Table 1. Computational cost of our proposed methods in terms of
FPS, GFLOPs, number of parameters, and memory requirements

Method FPS1 GFLOPs| Parameters | Memory |
LPIENet 84 5.15 220K 0.02 GB
LPIENet-small 86 1.57 60K 0.08 GB
cmKAN-light 50 1.11 18K 0.56 GB

C. Worst-case scenes

In Figure 5, we present qualitative results from the worst-
performing quartile of the test set, as measured by A FEy.
We observe that the most challenging scenarios occur when
semantic cues are insufficient to disentangle illuminant and
reflectance. In these cases, although the models often
produce plausible predictions, they can differ substantially
from the ground-truth.

AE=10.71

(b) LPIENet

AE =14.16

(c) LPIENet-small

Figure 5. Examples of outputs from the proposed approaches, se-
lected from the worst quartile.

D. Per-camera Results

Due to space constraints, the main submission reports re-
sults aggregated by camera type. Here, we provide full per-
camera quantitative results for the aligned and misaligned
versions of the dataset. The aligned per-camera results are
reported in Tables 2 and 3. These results confirm the trends
observed in the main manuscript: our proposed methods
consistently achieve the best performance across all cam-
eras.

We also report the corresponding per-camera results for
the misaligned dataset in Tables 4 and 5. Although the ad-
ditional geometric misalignment leads to a minor perfor-
mance drop, our models remain clearly superior and retain
a substantial margin over the baselines.

E. Additional Qualitative Results

We also include extended qualitative comparisons for
each camera. Figure 6 presents results for the mirror-



Table 2. Results on the aligned version of the proposed dataset, for three mirrorless cameras (Canon RS, Nikon Zf, Sony a9 III). We

highlight best, second best and third best results for each metric.

AEq | Reproduction Error |
Camera Method Mean Med. Tri. B-25  W-25  95-P  99-P Max  Mean Med. Tri. B-25  W-25 95-P 99-P Max
GW [14] 795 734 744 285 1389 1589 2241 2637 977 839 855 282 1970 2502 3399 4276
WP [14] 512 425 459 183 981 1114 1468 2361 611 460 503 142 1320 1603 2039  39.05
GGW [14] 621 561 572 199 1180 1442 1965 2403 764 596 608 178 1645 2173 30.66  40.79
SoG [14] 601 539 551 200 1132 1389 1749 2208 736 580 589 168 1591 2055 2743 4078
GEI [14] 561 483 496 188 1081 13.07 1928 2435 668 485 522 147 1487 1908 2394 4024
GE2[14] 555 501 506 198 1021 1225 1526 2368 661 505 545 148 1436 1802 2241 4091
Squeezenet-FC* [7] 318 275 286 139 570 664 932 2132 440 284 320 092 1052 1413 1839  37.76
CanonR5  ConyMean [6] 343 286 297 139 646 7.63 1207 1877 468 298 338 097 1131 1424 2066 4027
QU 3] 650 586 594 228 1201 1436 1916 2698 824 611 656 203 1806 2271 3029 4177
QUAH [3] 550 488 498 195 1029 1257 1620 2364 699 541 566 173 1493 1894 2728  40.04
SpectralFC* [7] 316 272 280 135 573 671 1009 1808 432 271 309 085 1058 1329 1883  36.93
SpectralConvMean [6]  3.09 275 275 132 562 641 1016 2371 412 271 303 086 979 1213 1840 4131
LPIENet (Ours) 198 177 181 LI13 317 358 512 1685 342 168 215 076 905 1160 17.53  39.79
LPIENet-small (Ours) 149 132 135 083 247 281 432 1991 304 143 185 060 825 1000 1633 [36.71
cmKAN-light (Ours) ~ 1.51 (122 [127 064 290 347 557 2256 287 117 [1.65 038 (821 1027 1684 3843
GW [14] 769 700 716 278 1346 1596 21.69 2562 923 789 807 272 1847 2338 3262 4265
WP [14] 507 421 456 194 953 1109 1458 2258 586 442 485 145 1252 1542 2122 39.06
GGW [14] 607 534 553 210 1137 1311 1954 2333 7.5 587 595 182 1501 1881 2845 40.83
SoG [14] 580 523 536 213 1094 1297 1793 2272 691 565 572 174 1456 1829 2549 4082
GEI [14] 549 495 491 184 1041 1257 1858 2546 627 478 503 148 1361 1690 2201 4034
GE2[14] 547 507 502 201 989 1215 1465 2602 623 497 522 152 1328 1577 2256  40.99
Squeezenet-FC* [7] 338 295 306 149 597 674 1060 17.19 437 266 310 092 1077 1371 1861 3819
Sony a9 Il ConvMean [6] 384 322 335 153 725 869 1273 2176 477 303 351 101 1142 1407 1894  39.96
QU 3] 629 562 569 233 1151 1363 1879 2635 769 575 625 204 1648 2067 2896 41.73
QUAHt [3] 521 455 465 194 977 1189 1648 2408 645 498 525 174 1355 1644 2703  39.81
SpectralFC* [7] 348 294 306 145 645 739 1176 1978 436 282 324 097 1040 1293 1846 3695
SpectralConvMean [6] 326 276 288 136 599 683 1111 28.17 435 269 309 088 1063 13.66 1898  40.90
LPIENet (Ours) 170 150 155 098 273 (311 429 1325 317 142 191 064 870 1060 18.14 378
LPIENet-small (Ours) 198 178 182 120 313 355 522 2308 342 180 225 085 881 1095 1700 3882
cmKAN-light Ours) 157 127 133 (070 299 351 579 2047 (288 (119 168 [041 (819 1027 1646 37.42
GW [14] 775 7.0 724 280 1354 1590 2158 2645 926 792 810 271 1855 2328 3259 4266
WP [14] 507 422 456 191 954 1103 1454 2160 582 439 481 142 1246 1546 2073 3886
GGW [14] 609 545 558 207 1141 1342 1928 2674 7.5 583 591 178 1505 1892 2875 4091
SoG [14] 591 534 543 209 1097 13.18 17.83 4707 690 564 571 169 1459 1818 2564  53.74
GEI [14] 548 494 491 181 1042 1253 1850 2488 624 474 499 145 1361 1697 2186 4044
GE2[14] 545 507 504 197 989 1211 1457 2538 622 497 520 148 1332 1596 2215 8885
Squeezenet-FC* [7] 329 288 298 147 580 678 977 1741 437 285 322 094 1044 1321 1810 3723
Nikon Zf  ConvMean [6] 338 287 296 137 630 734 1223 2122 439 272 317 087 1067 1339 1914 4348
QU 3] 632 570 573 231 1159 1371 1858 2621 771 579 627 200 1657 2087 2903 4174
QU [3] 518 453 464 195 961 1126 1717 2553 634 498 514 171 1349 1716 2682  39.46
SpectralFC* [7] 313 272 278 126 575 661 1015 2340 424 267 308 082 1038 1280 1893 3687
SpectralConvMean [6]  3.16 278 286 131 569 645 1025 1832 426 269 302 086 1040 1329 1804  40.10
LPIENet (Ours) 154 139 142 085 251 285 421 1220 311 150 197 061 (834 1013 1621 3839
LPIENet-small (Ours) 279 255  2.60 174 428 482 669 2032 423 249 296 119 1022 1276 1934 3860
cmKAN-light Ours) 172 143 148 [078 316 368 586 2055 (300 129 179 [047 839 1043 1668 3879
less devices (Canon RS5, Nikon Zf, and Sony a9 III), [3] Simone Bianco and Claudio Cusano. Quasi-unsupervised
while Figure 7 reports results for the mobile devices color constancy. In CVPR, 2019. 4,5
(Google Pixel 3, iPhone Xs Max, Huawei Mate 20 Pro, [4] Zhuoran Du, Shaodi You, Cheng Cheng, and Shikui Wei.
and Samsung Galaxy Note 9). These visual examples sup- Automatic spectral calibration of hyperspectral images:
port the quantitative findings reported in the tables and show Meth.od, dat.aset and benchmark. In CVPR, 2025. |
that our methods provide consistently better color accuracy [5] Martin A FISChle(ri and fROber; (ljﬁB(?lleS' ) }I?and(l’,m sample
consensus: a paradigm for model fitting with applications to
across all camera models. ; P g g PP T
image analysis and automated cartography. Communications
of the ACM, 24(6):381-395, 1981. 3
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qualcomm-snapdragon-8-elite—2. [Accessed 4,5,6,7,8
24-01-2026]. 3 [7]1 Yuanming Hu, Baoyuan Wang, and Stephen Lin. Fc4: Fully
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Table 3. Results on the aligned version of the proposed dataset, for four mobile cameras (Google Pixel 3, Huawei Mate 20 Pro,
iPhone Xs Max, Samsung Galaxy Note). We highlight best , second best and third best results for each metric.

AEg | Reproduction Error |
Camera Method Mean  Med. Tri. B-25  W-25 95-P 99-P Max Mean  Med. Tri. B-25  W-25 95-P 99-P Max
GW [14] 778 716 729 281 1359 16.12 21.56 2643  9.55 824 8.4l 2.84 1895 2377 3374 4291
WP [14] 505 418 449 1.94 949 1091 1490 1892 6.1l 4.68 503 1.54 1296 1564 2029  40.10
GGW [14] 6.19 552 567 209 1157 1356 18.89 2483 7.60 6.03 6.16 1.90 1597 2075 2946  41.77
SoG [14] 6.01 537 552 211 11.14 1340 1740 2314 734 597 6.01 1.80 1550 19.44 2741 41.76
GEl [14] 552 490 493 1.86 1050 1271 17.92  21.61 6.57 490 521 1.51 1442  18.03 2356  42.18
GE2 [14] 547 496 500 2.00 994 1232 1490 2224 649 499 529 1.50 13.88 1672 2215  42.38
Squeezenet-FC* [7] 299 258 267 130 538 651 9.11 1548 427 255 302 085 1063 13.31 18.19  38.08
Google Pixel 3 ConvMean [6] 3.57 2.99 3.10 1.51 6.64 7.80 13.08 23.33 4.58 2.87 3.33 0.97 11.07 13.90 19.34 41.11
QU [3] 6.42 5.85 5.92 2.31 11.76 1441 1942 21.72 8.15 6.33 6.70 2.05 17.38  21.74 30.37 42.11
QU+t [3] 557 493 502 208 1024 1158 17.76 21.10 7.17 578 599 1.99 14.80 18.88 2895  40.62
SpectralFC* [7] 319 272 279 1.31 592 665 1150 2264 437 274 312 0.88 1061 13.32 19.03  36.71
SpectralConvMean [6]  3.12  2.68  2.77 136 5.61 635 1056  22.01 423 282 315 090 998 12.16 18.38 4050
LPIENet (Ours) 1.86 1.67 1.71 1.06 298 339 487 1268  3.36 173 215 071 8.83 10.85 17.19 3854

LPIENet-small (Ours) ~ 1.85 1.64 1.68 099 3.07 351 4.95 20.53 3.17 1.52 197  0.67 8.51 10.52 16.59  37.59
cmKAN:-light (Ours) 129 1.02 1.06  0.55 253 3.03 529 21.83 2.67 095 146 033 7.92 9.93 16.02  37.09

GW [14] 780 7.18 730 275  13.67 1587 21.67 2585 970 844 858 287 1923 2417 33.87 4297
WP [14] 503 418 448 1.81 9.58 1097 1490 1984 6.18 476 5.12 152 13.17 1570 2041 40.04
GGW [14] 6.18 554 565 1.98 11.64 13.79 1941 2426 7.71 6.11 6.19 186 1627 21.16  30.17  41.49
SoG [14] 5.99 538 549 2.00 1120 1355 17.80 2262 744  6.05 6.06 1.77 1580  20.57 2747 4149
GEl [14] 550 481 4.89 1.79 1059 1274 1849 21.72  6.67 496 529 148 1472 1859 2392 4184
GE2 [14] 546 488 497 192 1005 1225 1501 2212 659 507 5.39 146 1418 1749 2237 4205
Squeezenet-FC* [7] 3.08 2.65 2.74 128 564 662 987 19.09  4.41 275 3.14 084 1083 13.89 19.15 39.82
Huawei Mate 20 Pro ConvMean [6] 350 292 3.04 1.35 6.69 8.04 11.78 1932  4.69 3.04 346 097 1124 14.09 18.79  39.44
QU [3] 6.44 585 594 222 1186 1447 19.53 2207 829 642 679 204 1774 2223 3047 4210
QU+t [3] 536 478 482 1.82  10.14 1222 1728  20.55 7.05 5.65 5.85 1.66 1485 19.02  29.15 4053
SpectralFC? [7] 295 252 261 129 538 6.33 9.95 18.80 420 257 297 083 1029 1331 1776 37.72
SpectralConvMean [6]  3.06  2.61 2.70 1.31 5.61 645 1059 2464 415 2.71 3.04 087 9.90 1231 18.54  41.04
LPIENet (Ours) 1.78 1.60 1.63 1.03 282 320 470 1331 3.30 1.69 214 077 8.56 10.67 16.56  38.35

LPIENet-small (Ours) ~ 1.90 1.71 1.74 1.15 3.00 338 512 21.10 337 1.81 224 082 8.63 10.53 17.00  37.85
cmKAN:-light (Ours) 1.48 1.19 125 064 281 B2 572 21.10  2.80 112 1.60 038 8.10 10.13 16.18  39.00

GW [14] 754 681 6.96 278 1323 1577 21.17 25.63 9.07  7.68 790 275 18.07 21.67 3271 42.56
WP [14] 495 411 442 205 9.17 1088 1463 1876 597 448 486 1.57 1274 1532 21.72  39.66
GGW [14] 6.00 523 545 217 1118 1295 19.16 2382  7.18 5.8l 5.95 194 1497 1838 27.74  41.02
SoG [14] 5.83 508 530 219 1077 1287 1717  21.97 696 557 5.71 186 1455 18.08 26.04  41.02
GEl [14] 540 489 484 190 1020 1241 17.63 22.78 629 483 5.09 1.57 1363 16.63 2219 4108
GE2 [14] 534 494 490 2.04 963 1230 1474 2400 622 488 5.20 1.60 1321 1528 22,14 4135
Squeezenet-FC* [7] 320 276 285 146 570 671 10.15 1868 458 296 335 1.05  10.88  13.62 18.92 3829
iPhone Xs Max ConvMean [6] 352 294 3.07 1.41 6.65 7.89 11.72 23.03 480 297 3.46 1.01 11.61 14.16 19.13 39.96
QU [3] 620 558 5.6l 234 11.35 1408 19.03 22.08 7.65 590 637 208 1623 2029 29.04  41.80
QU+t [3] 510 449 459 1.98 938 1092 1685 2032 652 499 525 1.81 13.65 1625 26.86  40.68
SpectralFC? [7] 340 297  3.06 146  6.09 7.11  10.09 2037 447 274 325 .01 1075  13.61 19.89 3731
SpectralConvMean [6] ~ 3.25 282 291 139 585 6.59 1056 2099 454 282 320 099 11.06 1450 19.19 4039
LPIENet (Ours) 1.44 1.29 1s2) (079 ESS 272 382 12.10 2.85 1.21 170 0.5 7.96 9.56 16.06  36.50

LPIENet-small (Ours)  1.90 1.73 1.75 1.13 2.98 334 500 2946  3.38 1.79 224 081 8.66 10.67 16.65 37.84
cmKAN:-light (Ours) 1.62 1.33 1.38 075 2.99 352 578 19.95 2.99 127 176 049 840 10.67 16.82 3738

GW [14] 773 7.09 721 2.85 1346 1594 2141 2556 959 8.3l 8.51 298 1879 23.62 3357 4295
WP [14] 514 433 461 2.01 9.59 11.09 1491 1748 640 5.1 5.37 173 1322 16.06  20.89  40.66
GGW [14] 622 557 568 214 1152 1344 18.64 2395 780 642 655 207 1611 2069 29.79  41.88
SoG [14] 6.04 544 555 216 11.12 1332 1725 2227 757 615 627 200 1569 1970 2790  41.87
GEl [14] 556 486 494 195 1056 1296 17.76 21.87 6.82 524 553 1.73 1469 1799 2469 4228
GE2 [14] 549 487 499 206 1000 1253 1499 2077 670 523 555 1.67 1406 1698 2250 4246
Squeezenet-FC? [7] 337  3.00 3.07 1.57 581 6.77 876 2578 476 323 3.64 1.17  10.86  13.68 18.57  37.38
Samsung Galaxy Note 9 ConvMean [6] 3.57 2.95 3.07 1.50 6.73 8.18 12.56  18.95 4.98 3.31 3.71 1.16  11.70  14.50 20.87 40.31
QU [3] 6.44 592 602 238 1164 14.19 19.16 2188 830 670 699 218 1733 2131 30.81 4229
QU+t [3] 560 498  5.06 1.99 1039 12.77 1742 2153 739 579  6.08 1.93 1551 1995 2937 4091
SpectralFC* [7] 324 287 293 150 565 6.62 9.62 1740 450 299 334 1.12 1044 1328 19.53  39.06
SpectralConvMean [6] ~ 3.22 2.80 2.89 1.51 5.63 6.32 10.10  21.86 4.49 3.09 3.44 1.14 10.19 12.13 18.95 40.88
LPIENet (Ours) 1.59 1.40 145 089 259 295 414 1282 3.02 1.44 186  0.62 8.17 9.87 1632 37.39

LPIENet-small (Ours) ~ 1.70 1.48 1.52 1.00 279 324 493 I8y 3.19 1.52 198 069 854 10.68 1649 3643
cmKAN:-light (Ours) 1.51 1.23 128 068 284 335 564 2024 287 1.18 1.64 041 8.18 10.27 16.37  36.77

ing mobile camera isp with a single deep learning model. In [11] International Commission on Illumination (CIE). Rec-
CVPR Workshops, 2020. 2, 3 ommended practice for tabulating spectral data for
[9] Yuqi Li, Qiang Fu, and Wolfgang Heidrich. Multispectral use in colour computations. https://cie.co.
illumination estimation using deep unrolling network. In at / publications / recommended — practice -
ICCV, 2021. 1 tabulating — spectral — data — use - colour —

[10] David G Lowe. Distinctive image features from scale- computations, 2005. 1

invariant keypoints. IJCV, 60(2):91-110, 2004. 3 [12] Specim — Hyperspectral Imaging Cameras and Systems.
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Table 4. Results on the misaligned version of the proposed dataset, for three mirrorless cameras (Canon RS, Nikon Zf, Sony a9 III). We
highlight best, second best and third best results for each metric.

AEqg | Reproduction Error |

Camera Method Mean Med. Tri. B-25  W-25  95-P  99-P Max Mean  Med. Tri. B-25 W-25 95-P 99-P Max
SpectralFC* [7] 3.07 2,66 274 132 554 641 989 2579 414 263 297 085 9.99 12.72 17.93  40.24
SpectralConvMean [6]  3.09  2.68  2.76 1.33 557 644 964 21.12 408 266 298 086 9.72 12.31 18.06  41.13

C RS oo C -~ T T T T T T T T T e T T s T mammmms . pewmm  mmem  REmE o o a1 o
anon LPIENet (Ours) 1.97 1.77 1.81 1.14 315 3.65 49 1522 351 187 233 084 9.06 11.02 17.03 39.71
LPIENet-small (Ours)  1.91 1.72 1.75 1.05 3.1 356  5.06 16.09  3.51 1.91 236  0.82 8.97 10.96 17 40.18
cmKAN-light (Ours) 1.81 1.47 154 079 343 408 629 2203 3.17 1.50 1.94 049 8.67 10.86 16.86  41.73
SpectralFC* [7] 339 291 3.01 1.38 6.23 721 1105 21.76 446 278 322 095 10.71 13.92 18.99  39.84
SpectralConvMean [6]  3.21 280 2.88 134 579 669 1036 19.06 439 274 312 092 10.71 13.80 1829  40.71

S QI - -~ = T T T T T T T e g | e e pmwmey T Dybmes mhmmems pawval | wmew | e pmemms | pawmm  Gmewmes - -~ mmwmen
ony o LPIENet (Ours) 1.81 1.63 1.67 1.00 292 336 453 1090  3.40 172 219 073 9.01 10.93 17.74  38.85
LPIENet-small (Ours) ~ 2.37 2.16 220 144 368 420 586 1774 387 219 266 1.04 9.59 11.84 1752 39.16
cmKAN-light (Ours) 1.81 1.47 155 081 339 397 628 20.08 3.16 1.45 193 050 8.71 10.83 17.25 38.76
SpectralFC* [7] 3.28 2.81 2.90 1.37 6.01 7.12 1046 2195 441 279 319 090 10.70 13.94 1892  38.63
SpectralConvMean [6]  3.25 286 294 1.35 5.81 6.69 999 2020 430 274 3.06 0.88 10.46 13.52 1835  40.44

Nikon Zf - -~ - - =~ - - T T T T o o o T o T T o o o o T s T - s T o o S oo oo oo o
ton LPIENet (Ours) 1.74 1.55 159 091 290 336 456 14.11 3.26 1.64 213  0.66 8.69 10.49 16.35 38.27

LPIENet-small (Ours)  2.75 2.53 2.57 1.69 420 473 641 26.02 421 252 299 1.21 10.12 12.40 17.90  38.93
cmKAN-light (Ours) 1.91 1.60 1.66  0.85 352 415 622 2070 3.27 155 202 053 8.88 11.62 16.88  38.16

Table 5. Results on the misaligned version of the proposed dataset, for four mobile cameras (Google Pixel 3, Huawei Mate 20 Pro,
iPhone Xs Max, Samsung Galaxy Note). We highlight ‘best , second best and third best results for each metric.

AEg | Reproduction Error |
Camera Method Mean Med. Tri. B-25 W-25 95-P  99-P Max Mean Med. Tri. B-25  W-25 95-p 99-p Max
SpectralFC* [7] 3.23 276 284 140 590 7.00 10.14 2442 444 284 321 092 10.65 13.94 19.30 8.56
SpectralConvMean [6]  3.06  2.63 2.72 1.33 5.53 6.42 1007 1998  4.13 2.68 3.00 0.88 9.88 12.42 18.11 40.76
Google Pixel 3 CLPIENet(Ours) 191 173 176 112 303 348 [480 1425 343 179 227 084 887 1104 1708 3864

LPIENet-small (Ours) ~ 2.21 1.98 2.02 1.26 3.57 4.13 5.84 1.81 3.71 2.05 2.51 0.95 9.29 1.54 7.26 38.04
cmKAN-light (Ours) 1.64 131 137 0.70 3.16 3.81 6.18 23.65 3.02 1.32 180 043 8.48 10.60 16.82 37.51

SpectralFC* [7] 300 259 268 131 575 686 1052 2152 444 290 3.8 092 10690 1435 1932 8.6l
SpectralConvMean [6]  3.00  2.56  2.66 129 547 631 987 2644 419 279 309 088 993 1263 1821  40.55

Huawei Mate 20 Pro == - — = ————————— == - - —— - - - _____________.
uawet Mate 20 Pro LPIENet (Ours) 189 171 174 108 (302 345 482 1338 346 186 232 081 887 1075 1686 3940
LPIENet-small Ours) 228 207 211 131 360 412 58 1832 376 213 258 098 935 134 762 3820
cmKAN-light (Ours) | 1.68 [135 [141 074 321 378 614 122 [307 (131 (179 (045 (862 1130 [1660 37.97
SpectralFC* [7] 319 271 279 145 580 671 1107 2225 456 277 322 104 1110 1379 2172 897
SpectralConvMean [6] 320 279 2.8 138 570 652 1001 1798 450 281 319 099 1096 1449 1887  40.49

iPhone Xs Max "o o - mmm o m D Do oo ___-____-
frhone A Max LPIENet (Ours) 170 149 154 089 287 337 448 998 323 158 207 067 865 1037 1656 376l

LPIENet-small (Ours) ~ 2.35 2.13 2.17 .39 3.69 421 597 2670 3.93 228 274 1.08 9.63 2.01 7.42 38.73
cmKAN:-light (Ours) 1.93 1.62 1.68 090 351 4.11 6.61 0.45 3.31 156 206 061 8.93 11.38 1726 39.00

SpectralFC* [7] 336 288 298 156 600 697 1090 954 480 335 363 126 1092 1335 1925  40.57
SpectralConvMean [6]  3.19 275 285 149 563 643 968 2101 453 313 345 118 1026 1264 1837 4116
Samsung Galaxy Note 9 ™y prpNer (Ours) 175 156 160 097 287 330 459 (1139 328 162 212 072 872 1050 1670 38.01

LPIENet-small (Ours)  2.16 1.94 1.98 1.27 344 394  5.60 1498  3.69 204 251 0.96  9.30 1.52 7.24 8.66
cmKAN:-light (Ours) 11777 1.46 152 080 327 383 630 2047 315 1.45 192 051 8.65 11.28 16.86  37.08
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Figure 6. Qualitative results on mirrorless cameras for the best performing methods: FC* [7], SpectralConvMean [6], and our three
proposed models. We show two visual results for each mirrorless camera, with AEqo map reported in the bottom-right corner and average
AEqo reported in the bottom-left one. For visualization purposes, we gamma correct the RAW visualization and convert the results
(columns two to six) to SRGB.
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Figure 7. Qualitative results on mobile cameras for the best performing methods: FC* [7], SpectralConvMean [6], and our three proposed
models. We show two visual results for each mobile camera, with AEgy map reported in the bottom-right corner and average AEqo
reported in the bottom-left one. For visualization purposes, we gamma correct the RAW visualization and convert the results (columns two
to six) to SRGB.
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