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Abstract: The rapid evolution of large-scale text-to-image generation models has fundamentally transformed the landscape
of visual content creation. Driven by advances in diffusion models, large multimodal pretraining, and scalable inference
pipelines, modern generative systems have demonstrated unprecedented capabilities in synthesizing visually compelling
images across a wide range of styles, scenes, and semantic conditions. Commercial models such as Nano Banana Pro have
attracted significant attention due to their strong zero-shot generation ability, robust semantic understanding, and impres-
sive perceptual quality. However, despite their success in creative image synthesis, a critical and largely underexplored
question remains: Can such foundation generative models serve as general-purpose solvers for traditional low-level vision

tasks? Low-level vision tasks—including dehazing, deblurring, super-resolution and so on—have historically been domi-
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nated by task-specific, regression-based models. These models are typically trained under strong supervision with paired
data and optimized using pixel-aligned objectives such as PSNR (peak signal-to-noise ratio) and SSIM (structural similarity
index measure). While highly effective within their target domains, such specialist models lack flexibility, often require
costly retraining for new tasks, and struggle to generalize beyond their training distributions. In contrast, foundation gen=
erative models promise a unified alternative: a single pretrained model capable of addressing diverse vision tasks through
natural language prompts, without task-specific fine-tuning. In this work, we present the first large-scale, systematic zero-
shot evaluation of Nano Banana Pro across a broad spectrum of low-level vision tasks. Specifically, we investigate whether
Nano Banana Pro can function as a low-level vision all-rounder—a generalist model capable of producing high-quality
results across heterogeneous restoration, enhancement, and fusion tasks. To this end, we conduct an extensive evaluation
covering 14 distinct low-level vision tasks across 40 datasets, encompassing both synthetic and real-world degradations.
The evaluated tasks include deblurring (motion, defocus) -, super-resolution, image denoising, deraining, shadow
removal, reflection temoval, flare removal, low-light image enhancement, underwater image enhancement, HDR (high
dynamic range) reconstruction, multi-focus image fusion, and infrared —visible image fusion, among others. All experi-
ments are conducted under a standard zero-shot protocol. Nano Banana Pro is queried exclusively through simple, task-
oriented natural language prompts, without any model fine-tuning, parameter adaptation, or task-specific post-processing.
This setting is deliberately chosen to reflect realistic deployment scenarios and to assess the intrinsic capability of the model
as a foundation visual system. For each task, we compare Nano Banana Pro against state-of-the-art specialist methods spe-
cifically designed for the corresponding task. Our comprehensive evaluation reveals a consistent and striking performance
dichotomy. On one hand, Nano Banana Pro frequently produces results with superior perceptual quality, characterized by
enhanced clarity, vivid textures, improved contrast, and visually pleasing color distributions. In many challenging sce-
narios—such as severe noise, extreme low-light conditions, heavy underwater color distortion, or strong atmospheric degra-
dation—the model is able to hallucinate plausible high-frequency details and recover semantically coherent structures that
rival or even surpass those generated by domain-specific methods. Across multiple tasks, Nano Banana Pro achieves com-
petitive or leading performance on no-reference perceptual metrics and consistently receives favorable qualitative assess-
ments. On the other hand, when evaluated using traditional full-reference, pixel-aligned quantitative metrics, Nano
Banana Pro systematically underperforms compared to specialist models. Metrics such as PSNR, SSIM, SCD(sum of corre-
lations of differences ), and VIF (visual information fidelity) consistently reveal notable gaps particularly in tasks requiring
strict structural alignment or physical signal fidelity. This discrepancy is especially pronounced in tasks like denoising,
HDR reconstruction, and image fusion, where pixel-level consistency with the reference image is heavily rewarded. We
attribute this behavior to the inherent stochastic and generative nature of diffusion-based models, which prioritize semantic
plausibility and perceptual realism over deterministic pixel correspondence. As a result, even visually improved outputs
may be penalized for global color shifts, localized texture synthesis, or subtle geometric deviations. Importantly, our analy-
sis shows that these quantitative penalties do not necessarily indicate failure. In many datasets, the provided “ground-
truth” images themselves contain residual noise, blur, or imperfect color balance. In such cases, Nano Banana Pro often
generates cleaner, more visually appealing results that deviate from the reference but align better with human perception.
This observation highlights a fundamental tension between regression-based evaluation paradigms and generative recon-
struction behaviors, and suggests that current benchmarks may be insufficient for assessing foundation generative models.
Beyond aggregate metrics, we conduct detailed task-wise and dataset-wise analyses to characterize the operational scope
and limitations of Nano Banana Pro. The model excels in scenarios involving severe degradation, ambiguous structure, or
incomplete information, where its strong semantic priors can compensate for missing signal. Conversely, it struggles in
applications demanding strict physical accuracy, such as forensic analysis, scientific imaging, or safety-critical percep-
tion, where hallucinated details or slight structural inconsistencies may be unacceptable.: Collectively, our findings posi-
tion Nano Banana Pro as a powerful zero-shot contender for low-level vision, capable of delivering high perceptual quality
across a remarkably diverse set of tasks without retraining. At the same time, achieving the pixel-level fidelity of domain
specialists remains a significant challenge. Rather than framing this as a binary competition between generative and regres-

sion paradigms, our results suggest a more promising direction: strategic integration. Future robust vision systems may

© [ KR KL AR AU



EREk, BRME, EHEE, AREF, RFKD, KR, KSH, ki, BIE, FEHR, BkHE, &5, KE, |K, 58S

Nano Banana Pro & F 14TE 5 5 40 M HRENE ST

combine the semantic imagination of foundation generative models with the physical constraints and precision of task-

specific networks, leveraging the strengths of both. In summary, this study provides the first comprehensive empirical

answer to the question: Is Nano Banana Pro a low-level vision all-rounder? Our answer is nuanced. Nano Banana Pro sub-

stantially raises the upper bound of perceptual quality in zero-shot low-level vision, but has yet to establish a stable lower

bound suitable for high-fidelity, safety-critical applications. By systematically documenting these strengths and limitations

across 14 tasks and 40 datasets, this report offers a detailed reference point for future research on foundation models in low-

level vision, and calls for the development of new evaluation frameworks that better reflect perceptual realism, semantic

consistency, and downstream utility.
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Fig. 1 Exemplary zero-shot results of Nano
Banana Pro across 14 low-level vision tasks.
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Table 1 Quantitative comparison of dehazing methods on multiple datasets

RTTS Fattal's
7k
FADE | BRISQUE | NIMA 1 FADE | BRISQUE | NIMA 1
MBSDN (Dong%,2014) 1.363 27.67 4.53 0.579 14.15 5.43
Dehamer (Guo %5,2022) 1.895 33.24 4.52 0.698 15.53 5.16
DAD(Shao4%,2020) 1.130 32.24 4.31 0.484 29.64 5.46
PSD(Chen %,2021) 0.920 27.71 4.60 0.416 23.61 4.99
D4(Yang%%,2022) 1.358 33.21 4.48 0.411 20.33 5.44
RIDCP(Wu%,2023) 0.944 17.29 4.97 0.408 20.05 5.43
CORUN(Fang%,2024) 0.824 11.96 5.34 0.338 14.82 5.39
NB Pro 0.986 27.21 4.95 0.683 22.16 5.44
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Fig. 3 Anamorphic example images of Nano Pro
in dehazing on the RTTS dataset
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IRk, A L S A SR ) B R Rk e L
GAN (generative adversarial network ) J7 7 U BSRGAN
(blind super-resolution generative adversarial network )
F1 Real-ESRGAN (real-enhanced super-resolution gen-
erative adversarial network ) i 15 127 B iR £k 22 4% 42 Tt
TR R (Goodfellow 25,2014 ; Ledig 25, 2017) ; Fifi
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R2 EEMHIES (DIV2K-Val) SR X7 R #E % (RealSR \DRealSR) EHEEXTELER
Table 2 Quantitative comparison on synthetic (DIV2K-Val) and real-world (RealSR, DRealSR) benchmarks.

Full-Reference Metrics

No—Reference Metrics

IRRRVEI0E S Tk

PSNRT  SSIM T LPIPS| NIQE] MUSIQT  CLIPIQA 1
BSRGAN(Zhang %5 ,2021) 24.58 0.6269 0.3351 4.75 61.20 0.5071
Real-ESRGAN (Wang %%,2021) 24.29 0.6371 0.3112 4.68 61.06 0.5501
StableSR (Wang 25,2024 ) 23.26 0.5726 0.3113 4.76 65.92 0.6192
DIV2K-Val
DiffBIR (Lin%5,2023) 23.64 0.5647 0.3524 4.70 65.81 0.6210
SinSR (Wang%5,2024) 24.41 0.6018 0.3240 6.02 62.82 0.5386
Nano Banana Pro 20.29 0.4720 0.3645 3.52 65.40 0.5257
BSRGAN 26.39 0.7654 0.2670 5.66 63.21 0.5001
Real-ESRGAN 25.69 0.7616 0.2727 5.83 60.18 0.4449
StableSR 24.70 0.7085 0.3018 5.91 65.78 0.6221
RealSR
DiffBIR 24.75 0.6567 0.3636 5.53 64.98 0.6246
SinSR 26.28 0.7347 0.3188 6.29 60.80 0.5385
Nano Banana Pro 23.56 0.6649 0.2978 4.39 60.18 0.5199
BSRGAN 28.75 0.8031 0.2883 6.52 57.14 0.4915
Real-ESRGAN 28.64 0.8053 0.2847 6.69 54.18 0.4422
StableSR 28.03 0.7536 0.3284 6.52 58.51 0.5601
DRealSR
DiffBIR 26.71 0.6571 0.4557 6.31 61.07 0.5930
SinSR 28.36 0.7515 0.3665 6.99 55.33 0.4884
Nano Banana Pro 23.97 0.6323 0.3809 5.03 59.00 0.5145
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Fig. 4 Visualization of unintended image boundary extension cases in Real-ISR tasks using Nano Banana Pro
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Fig. 5 Visualization of text reconstruction results
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Table 3 Quantitative comparison results on three representative benchmarks
Rain200L Rain200H SPA-Data
Ttk
PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR T SSIM 1
DSC (Luo%,2015) 27.16 0.8663 14.73 0.3815 34.95 0.9416
GMM (Blau%,2018) 28.66 0.8652 14.50 0.4164 34.30 0.9428
DDN (Fu%§,2017) 34.68 0.9671 26.05 0.8056 36.16 0.9457
RESCAN (Li%,2018) 36.09 0.9697 26.75 0.8353 38.11 0.9707
PReNet (Ren%,2019) 37.80 0.9814 29.04 0.8991 40.16 0.9816
MSPFN (Jiang 5,2021) 38.58 0.9827 29.36 0.9034 43.43 0.9843
RCDNet (Wang55,2020) 39.17 0.9885 30.24 0.9048 43.36 0.9831
MPRNet (Zamir%§,2021) 39.47 0.9825 30.67 0.9110 43.64 0.9844
DualGCN (Fu%§,2017) 40.73 0.9886 31.15 0.9125 44.18 0.9902
SPDNet (Yi%,2021) 40.50 0.9875 31.28 0.9207 43.20 0.9871
Uformer (Wang % ,2022) 40.20 0.9860 30.80 0.9105 46.13 0.9913
Restormer (Zamir %,2021) 40.99 0.9890 32.00 0.9329 47.98 0.9921
IDT (Xiao%¥,2022) 40.74 0.9884 32.10 0.9344 47.35 0.9930
DRSformer (Chen %,2023) 41.23 0.9894 32.17 0.9326 48.54 0.9924
NeRD-Rain (Chen 55,2024 ) 41.71 0.9903 32.40 0.9373 49.58 0.9940
Nano Banana Pro 26.05 0.7954 21.10 0.6659 32.25 0.9142

Nano Banana Pro

Input{Heavy and Low) GT

K6 7F Rain200H 5G4 [ @ MEX] 4%

Fig. 6 Qualitative comparison on the Rain200H dataset

FE 25 R B (UL 3) , NB Pro 7E — 84 4
FRrERE Y B TR e AR, TR
Rain200L |-, H:HUA5 T 26. 05 dB ) PSNR £l 0. 7954
() SSIM, LIk T2 T W B 2 2] W s TE A 4
9 KA 2 L EL Bk ik M A9 Rain200H I, B 3515 T
21. 10 dB A% PSNR #1 0. 6659 Y SSIM., /R4 & 1k T
T SE 3 T 50 1 5 ik AH 5 3 TR 2= ST W ik
FHEE AP SR AFAEA G KB PR RE 2SR . 78 FL S T 8K
P SPA-Data, ik F) 32. 25 dB /Y PSNR #10. 9142 1
SSIM , A/58R b AR T S B R R AP 7 1 o

input GT DualGCN Uformer NeRD-Rain Nano Banana

PET AT AR 568 B AT B PR PE &5 2

Fig. 7 Qualitative comparison under different rain intensities

IR SR bR YR B S A A5 AR (K 7) — 2
R 2 B 1 G TR ™ S 7T S N A, S BB R
i 25 55 40775 B iR Bl BT S e T A8 4. BT
NB Pro JAE% T R UG L WAT 55 I 25, Jm 3 45 byl
B TR AR B 4]0 AR R AR R R B L
PSNR 1 SSIM 5 | i [ 5200 . LAWK E 4 )R 2544 )7
T, ‘2 JR IR b B R T i A

BEAN AR BB X W 2 45 R SRR < KRN A% 1
T A RS AR LU B DRI £ R R4 1R
SR REOXH A T 38 o T 7 oA ) 7™ o8 4 AR ASEAS D) o
S5l REEmE SR, BORE RS A
SRS TEREA 22 P IR R PR B 45, (A
LSS R A F B E R s T EA
Wi,
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ARk, BRIL, EHEE, AEF, fF00, KHRE, KEH, MK, BIE, KER, BkHE, &F, KE, RK, 88F

Nano Banana Pro £ F 14 & 5 40 MR E N & &1

Input GT

B J2 BRET SO R, T BR T PEBEAF R RS 5, )
FETH T EUGE M RE (L i T AR S GTAATE N B , S BUE T
UIEEE N

K8 Nano Banana Pro [1 2 I Z 4]

Fig. 8 Failure case of Nano Banana Pro

Nano Banana Pro

FE P IE FR A I T PR 1A 1 2 LS A R
RUTEFE 28006 EAFERBR . RO HE 7R B A, 75 52
FAT R A A AE WAL . HR R 2 — 2R 2R 5
PR S IR, 7 W A B R 2, B
YA BT SCRRAR Y AT W 25 (81 8) o A AR I Fh 4 21
FE B H S 5 B s R R R R 22, A
74K PSNR 2553645 .

4 BEGBEHEZ

4.1 BF=

152 2565 B TR BRI 152 A2 B b 5%
X5 AEBIRE X A OE IR — B (Guo %, 2012) . T
B 23t R BN e 2 (R Rk LSRNy 22K
JE S A 5 43 045 R WA 55, e e — T E
HEA PRI Z AT 55

FUIH T2 (Qu s, 2017) 2406 T T e s fge it
FHE, BAES A IR SO SRR MBI i 5
Iz ALRE AR, w2 e . B BT CNN
HOWRE D7 12 B 0 BT T PR RE L AEATI AR & S bR i
HAER S Sh A e G XK . A REETEAE
Nano Banana Pro 75 5. i EUE B 52 25 BR AT 55 rh g &
B, IE oM HAE LI T A3 S R PR
4.2 EEEEHER

€ 9 it 78 NB Pro 7£ SRD (shadow removal data-
set) {UIE 4R F R R AP T8 LBRAS A, kg A
MERIRIFmERBRAIGR ., K490 THY
SOTA (state of the art) J5 ¥ i & = %F Lt , {# FH PSNR
I SSIMAE A T ZPAFE bR

N 4 o, W0 B 5 A o B e i 5 2
5+ o ShadowDiffusion (Guo % , 2023 ) 1 HomoFormer

(Xiao 5 , 2024) 55 0 56 J7 3% 4K 15 T 8 F 34dB 1Y
PSNR #10. 97 X | 1 SSIMAE , 1fii NB Pro (1) PSNR 1X
}20. 67 dB, SSIM AL A 0. 682, X Fh 22 i n] L) )4
TR TR AR 4P - NB Pro 1026 2% 1B RH SR B 1T
AR FR GO 55, i 1] A A8 W) 0 1E e 25
FAR ZAE RN, S BUR B TR bR AT o I

Shadow Result GT

E9 7FSRD i I, NB ProfE S LR 45 i T3
PR A R AR Ak 16

Fig. 9 Some well-performing visual examples of NB Pro on the

SRD dataset for the shadow removal task

10 525 T NB Pro B WIS ML 0 IR =G, 3xX
SR 7N T VR AR A o SR A O HLU B
H PR A JRy R A+ ask B AR g B 1) 00X A0 £ R 5 1

“1—‘5_—:'2:”0

R4 TESRDEUREE LHIEEILLER

Table 4 Quantitative comparisons on the SRD dataset

WIRFS PSNR 1 SSIM 1
DSC(Hu%:,2018) 27.76 0.903
DHAN(Cun%,2020) 30.51 0.949
BMNet(Zhu %% ,2022) 31.69 0.956
ShadowFormer( Guo %, 2023) 32.90 0.958
ShadowDiffusion (Guo % ,2023) 34.73 0.970
HomoFormer (Xiao%5,2024) 35.37 0.972
Nano Banana Pro 20.67 0.682

S — T R MR R TR [ A 9 A U 25 . A
A RALSE 1SS BT R KB 1 R NB Pro AR
Je FEL) e N A AR R ELEE . A 10
FAE L BRIAR IR 0 5 OR T LA e 28 1 4 5
TR SRR TR SR Z SRR
[ A8 I
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S PR MR AR B 1R R T B A I SRR
IR H 2 AR FEEE AR B . X R
R s e Ak H b T REFF L fi 22 , 5 ECHXT 2 ik
JEIRAE A R A A o e Ah BB (R (R EORE
AP R, 3 B (8 5 1A (i £% o ik 2e4h
FPEZTSE AR 2% 0 S R (i A% 3 [R]85 T Hoii Ak
RIAE,

Shadow Result GT

110 NB Pro 7£ SRD $¥a4E L B R BT 55 Hh 8+ rl A0
AT 7 1)

Fig. 10 Some visual failure examples of NB Pro on the SRD

dataset for the shadow removal task

5 EHEMER

5.1 &=

FABLE S S AR RS 35 R 112 S BOR] 2
i () RGBS o 2 25 41 TR EE 2 2T Wi el AR
T B A YR AR UL : I CNN (40 DeepDeblur
(Nah%:,2017) 5 DeblurGAN (Kupyn % ,2018) ) J &
7 A 5 T A, T B Transformer £ Y (41
Uformer (Wang %5 , 2022) 5 Restormer (Zamir 55 ,
2022) ) W) 338 5 < AR AR AU T A R Y PSNR )
B SYE T RS . SR, 3K SE BT R B ik
PR MSE 032K TS 32l SR o B3, o T e/
AR R R 2T T e IS

FR AT WS AR S 1a) T GAN (Wang 45,
2026) FI 4 HUEE AL (Chen %, 2023) o 3 277 16 F
5K 1Y A2 B S A BRECEE, R T TR
i, (H AL R TR - ELASUAET (18 PR R TESE SR AL
TR WA 2 I, A5 T R 25 L R L, P A DR Bl
BLINE

Az & X} Nano Banana Pro #47 | & TH VA ,

IR TR AR T R B R AN R R . /R4 NB Pro
RIS IR RO S & BRI SO, (B4
e H ) 1 UAFREE S
5.2 EMER

NB Pro 75 & UECHE AR 1IN T H (o L ATHA e
D1, JE ARSI o i 11 s B
AN T GoPro 5 HIDE (human-aware image deblur-
ring ) HH KBRS , DA R BE EE A T A SR A ST T K
MNATIEGCH . AN BRI SCA R B R 4 40,
“SEPHORA” 17 M i et of o 1 3 W LA Ak LR
Y1z ) A 2548 300 2% 40 B TGS 3 5 1 4 i) i
Pt

11 Nano Banana Pro 7EA UM 54 % (GoPro &5 HIDE)
AT A R
Fig. 11  Visual results of Nano Banana Pro on synthetic blur

datasets (GoPro and HIDE)

SR, A B T A IO 2017 37 5 RS2
BRI . AR DA e 4 T B B R 102 BB L
A Bk T BB T . [ BT 4]
SR AN Y L 5 LU LSO (L 12 ) SR
VSR — 8, FEAT A B0 5 TR, B
AR e I

RealBlur-R

&l 12 Nano Banana Pro 7F ELS2 3 5o O B4 42 (Real Blur-J
5 RealBlur-R) I i ] AL45
Fig. 12 Visual results of Nano Banana Pro on real-world blur

dataset (RealBlur-J and RealBlur-R)

TE B SRR A NB Pro WHIOE K B 5 i i
PR R e E . A&l 12 7R, #E Real Blur-) B4 42
BRI AR T TR S SO B R .
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Nano Banana Pro & F 14 T{E 5% 5 40 MR EMN E &1

A RO B X L R BE . {H 7E RealBlur-R 25 — %7
rhv, LA Bt S 0 2 g 2 L ¢ R Y A (H o
JI W RO BR SRR e AS IR T 37 5 SR 1 45U
H TR AR e B P A T LS O =2 ]
AR 2 . Real Blur-J W4 61, 7 2 G
5 546 1% AT s RealBlur-J 25 %1 5 RealBlur-R 25
AN SO TR BT O 2 L Y A R R
WA, HOm 54 R 0 R O B Al R 25 32 40,
RealBlur-R 55 — 1 BT A9 Bk (20 09 (6 - i 4%
XSG 0, BLOR NB ProdB K77 28 4 A 6D () 46
L E R AVRRE T R AR IE LAY SR
5.3 EEHR

5 7R T NB Pro 5 i o it B Iy i &
LA, 155 T Transformer £ 51 M A4 #RC AL . 3
£ GoPro (Nah 45, 2017) \HIDE (Shen %5 , 2019) Al
RealBlur(Rim %%, 2020) 3 =AM brifE 56k F kAT, &2
ZLIEHR ) PSNR 1 SSIM

N 5 Frs A5 AU A0 T T 5 B R L 2
8] £7 78 o 3% 22 5 . ID-CDM (image deblurring with
consistency distillation models ) 1 HI-Diff ( hierarchical
integration diffusion model) %5 3 8 &% 4 () J5 & F
GoPro L U/t 33dB 1) PSNR 434 . Real Blur-R [ Ht
3 7 # 36dB 1) PSNR 7344, Ifii NBPro ) PSNR %1IX,
£ GoPro -4 21. 41 dB,7EHIDE |24 21.35 dB. [d]
F,NB Pro ) SSIM 73 XTAL 0. 645 £.0. 778 Z [H] ,
HAR T2 7151 0. 90 L b 3XRh e & 22 BEJE
RREADE 5 A 1S 96 0 AR, BIVOE 56 7% 18 5 B
ME5 B AE A MR R PR 5

BARBIHE IR 0 EUESE 15 143 B v 08 R BR e o
PSNR X 15 R 9 fiw 22 i J& BURK, 105 NB Pro {51 [m] 38
b LT AR R AR T (AN s AR B 0y 548 Bl
A5 RAL TR o K26 2R R AE R 9E 3% B L (H
FXF T2 2% UG UL, Ut — R TR 22, & 35
M LU R R R Bk Ah AR A e B P A SO —
Bk, R AR S8 shBR R i 5 R H 78
N, T E IR T A A SR S5 R AR ALPE , 5 3 SSIM
TR XD UER 1AL A B N AR EAE D 5
FERESES

6 HIERMIERR

6.1 5%

AR ORI R T A BR S0 R 5 G P e 2 — b it
IR S 2GR . T S R R K s B SR
JEAAL S GRS B AR S Rk,
(IR SO R B A P A 305 [ R

UTAERE , RN (R HOAR SO IS T 3 E e,
DG 38 5 XS 3% Wi (Abuolaim %5 ,2020) (£ 4L
U8 % 5 4% B (Lee 4 , 20215 Son 4 , 2021) | Trans-
former B (Zamir % , 2021 ; Mehri % , 2021) A &%
K 40 B9 4% AR TR I (Quan 55, 2024) A W2 7+ &2 )R
PERE .

FF I, AT PEAL Nano Banana Pro 7E U2 225
W AE: 55 ) 3R B, JF 78 DPDD (dual-pixel defocus
deblurring) (Abuolaim 4§, 2022) #1I RealDOF (real
depth of field) (Ruan45,2021) Bl 4 b ik Hode ok
2O T AL B ) A v L I R H
IEWRIZ 55 B i 2 TR T 1Y 8
6.2 EEHR

% 6 /R T HRIAE DPDD Hl Real DOF ¥4 45 -
HITEAE 45 R . 45 3200, Nano Banana Pro 5 B E4
AR LB 7 1 22 0.2 . 72 DPDD L, H PSNR A
SSIM 7 J& SOTA #& &1 GGKMNet (grouped gaussian
kernel mixture network) 6dB Lk I ; 25U 9 AN & AF
RealDOF [ & 1M 5 UL, #& % #h T DPDNet (dual-
pixel defocus deblurring network ) 25 1] B4k . jx L&
BARFE bR 5 FATT Y E P WL — 2 IR PSNR Sk T
PEER GO TR A BRI, TR SSIM WIIESE T 254 K58
L FRBOR A
6.3 TEMHER

A5 %5 DPDD 1 Real DOF E{47 45 (4L 5 43 H7 45
RFH,NB Pro 15 ™ H LA K 52 s 5 240 5 Y E
D175 HAFTE SRy B, L 6 00 SE EAT 42 JRyx LU B g o
AR SRR

7EDPDD I, NB Pro 8% 1% P40 s g 5, ik
LT LB LS . 401813 Fros , BER6H A &
BB UOR 2 R G s BRI LU, mARES R T A
ROR ARRBER AR AR AL . BRI, 2240 2 /™
T SRR, S0 18 S SR E
IAEY BB EWE AR/ o A BB RYAE 55 ) o
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Nano Banana Pro & F 14TE 5 5 40 M HRENE ST

05 T B AR M 0 3 WoR B PR AR T L)
B, R TR TR | (2 H1H “GE CANADA”
WRIKE A “OF CANADA” ; 1] 4 v, ij 55 i A2 45 2]
FeATHAL AR REEE TR, B0 S 4
L S8

7E RealDOF I+, H: ey B 5 0 &, J MO AR A
P H AR 2 SR 2 BRI S EUEE R A A0
B BOMI X BRI S ATC R . BRI
(B0 A T A HZ LS ARSI T i Ak 1t
O . AR S Z R TR, AR R
B AR Sk Y i T S0 1 S AT SR AL T RUERAS,
VLI NB Pro ik = &% 1) B B0 E
6.4 51

i 5 45 A 22 5 R W], NB Pro fEHLAE 5
REOR v SO T ST B0 A A Y TR A s
FEI R, R 7E D R o R R PEA BR

— 71, FELS PR R R AR 4 5
Ff BRI B 2230 g 4R X L R 5 R (H X T AN
FOERE BT B M st G5 B i, B e i
AT, H AR 5 5 I A RS K w25 . 5 — 5
AT, AR B 2 30T 1E SRR T, NB Pro 7 £ fiil 7]
TR B SR AU R &

BRORE  TERHEAR LB Z ARG KT,
NB Pro 87 42 3t R A BB A, 17 Al ™48 2 X 1Y
LHRUEE R T B, X e R B (R Y B2

WL BE - T B 2 B BB 2 B (Bai 45, 20255 Liu
4 ,2023; Lu 45, 2025) bRl B YE AL , B
BAERNG 2B S 2SN R (515
TR Y2, L Nano Banana Pro UK Ry EL R B,
i 3 IR IR 2 B 5 A i B, T LATOR BT % BE
IR THESAT: 55 1z AL RE

TEAFE RS B, AT R G W AS T Nano
Banana Pro 75 H.N G 100 22 PR BE . McMaster
(Zhang 2 2011) . Kodak24 (Rich Franzen, 1999) .
Urban100(Huang 55, 2015) , DL A i [] B 52 A% Jlkgs Mt
75 1) PolyU (Xu %, 2018) fil SIDD-small (Abdelhamed
4,2018).

%6 7£ DPDD 7 RealDOF #{#E&% FEEX LLER
Table 6 Quantitative comparison on DPDD and RealDOF

DPDD RealDOF
Tk PSNR SSIM PSNR SSIM
1 1 1 1

DPDNet (Abuolaim %,2020) 24.348 0.747 22.870 0.670
AIFNet (Ruan’§,2021)  24.213 0.742 23.093 0.680
IFANet (Lee %45,2021) 25.366 0.789 24.712 0.748
KPAC (Son%,2021) 25221 0.774 23.975 0.762
GKMNet (Quan%§,2021) 25468 0.789 24.254 0.732

MDP (Abuolaim%,2022) 25347 0.763 23.500 0.681
DRBNet (Ruan’,2022) 25485 0.792 24.884 0.751
MPRNet (Mehri%,2021) 25730 0.792 24.541 0.736
Restormer (Zamir,2022) 25.980 0.811 25.091 0.762
INIKNet (Quan%§,2021)  26.055 0.803 25.231 0.765
NRKNet (Quan%§,2023) < 26.109 0.810 25.148 0.768
GGKMNet (Quan%,2024)  26.272 0.810 25.355 0.770

NB Pro 20.180 0.635 20.821 0.641

TE B AESE R LUB A IRLAR

Case 3 a1 Result Case 4 a1

13 Nano Banana Pro 7E DPDD %4l 4E I i35 10 Rtk
PESS
Fig. 13 Some representative qualitative results of Nano

Banana Pro on the DPDD dataset

7.2 XWIRE

A58 2k 17] Nano Banana Pro iy A 7 i K115 K
FARTE 5 48 2 R IEAE FL L MR PR RE , T 5 AR
ML FIBLH DnCNN | Restormer , MaskDenoising
HAT (hybrid adversarial training) 1 DIL (distortion
invariant representation learning ) #E17 HL 45 .

B A - FA T A R 22 ke b
Nano Banana Pro, B i & Ji M 7 5 EL S i 5L P 37
S, DU BB AE S-S0 L SR s L R R 2 25k
R R ST o X T A M A R 4 McMaster
Kodak24 1 Urban100, 75 i M [ {5 - 75 fit (8] 7 16 7
K 0=50 BN g 30 R RS X T L S R R Al
4E PolyU (polyu real-world noisy images dataset) I

13

© [ R L AR



14

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

SIDD-val (smartphone image denoising dataset valida-
tion set ) , ELHE ol FH R AR F40 45 I8R5 DT 11 45 0T, ANt
HPFIAE RS, DL BRI S TR e M P 26 A

3R W 22 5] b BE : Nano Banana Pro i
BRI 1K, BAR NG R AL . AR
KU A AFEL A i ) 99 R 225 50 17 L (L PR 4R — B
P IFTE LAY EIH RPN SR bR . TEVPAG IR,
PR R A 5 i AT SOANAT Bl 25 M R KR 235 2R
Xf i, BT E A B S AR [l i A 42 7s B APL B 24K
PHA R o R PR UE E B 45 R S WU T A J T
AR OL T P RE TR IR % OB G2 0 48— 2B
BRI S J5UAE 55 TP R BR

WAL 46 b : R A PSNR i 5 2 R B
SSIM PFAL SR , & 478 RGB 25 Al T4
7.3 EELERMEMER

132 7 fir 7~ , Nano Banana Pro 78 JiF A R 1Y
W VEE TR (RS RS B, PSNR
AHHE DILAG 5. 04~7. 42 dB, SSIM T [# 0. 075~0. 219,
HX— 22 A AN [F) SO IR B SRR . fEE
S W S 5h vk fiE U — 22 % AR« £E SIDD Val b
PSNR 7% J& DIL 8.00dB, 7 PolyU I 22 #i ¥ K &
14. 83dB, it MaskDenoising, X 3 B Nano Banana
Pro 75 i A5 1 25 B 52 A% L 52 MR P 5 A AR W]
A

R7T EABRESERAREHESE LHMREEXILER

Table 7 Quantitative results of performance comparison on synthetic and natural noise datasets

DnCNN  Restormer MaskDenoising ]()ﬁ
N S A UG/ S (Zhang%s, (Zamir%:,  (Chen%§,  HAT (Yan%,2022) é% NB pro
2017) 2022) 2023) 2093)
McMaster (Zhang %5 ,2011) 20.18/0.312 20.47/0.312  20.63/0.379  20.79/0.364  26.61/0.669 21.57/0.594
?_’%E)ﬂiﬁ Kodak24 (Rich Franzen,1999)  19.78/0.301 20.12/0.321  20.72/0.368  21.04/0.390 27.46/0.736 20.04/0.517
Urban100 (Huang % ,2025) 19.62/0.420 19.36/0.437  20.51/0.485  20.80/0.492 25.89/0.768 19.22/0.607
- SIDD Val (Abdelhamed 4£,2018)  —/- 33.14/0.913  28.58/0.570 34.76/0.848 26.76/0.681
PolyU (Xu%,2018) -/~ 24.78/0.812  37.25/0.948 37.65/0.950 22.82/0.806
T EN ISR A PSNR T SSIM , BIqH bl = 2 /R P BE AR
K] 14 %5 1, T Nano Banana Pro 5 J¢ k3L £k ik = = & > ® °
[ 52 P LG 38 7% T A BB R 7 R i 5 (R R lp,a 5{9 f !jp; !;b;,fpj !pj
SIDD ol MuskDoncisiog_HAT DI NewBumbr o1

TRECRE Z [ AT o AEAL & SO I R b B AL e
g LS A R I TR A SR . AR, TESCEE RN
3Ry T, R I AN A2 < A 15 v s AL A
IR BT W BB LT A ) SRR, O — S
o) i) b BB 6 DR o SR T, IS 4 Nano
Banana Pro B84 BB W2 51 A G, (HE DL
JE R BE R AT 55 X AR DR LS 1K
7.4 oYM

24 S g5 L 5 MRV |, Nano Banana Pro 25
M P BB AN A2 T YR T P e IS T 1]
R BSR4 A AR R R R AL 55
Bt Rk = e ] 22 MBI B2 A 45 44 D

AT T ARG A AR,
TR A I SCA LR 5 LG BT AR A R R A
L X Ty BT R BT ITTEE B4 b -

Bad
Casc

Polyl MaskDenoising HAT DIL NanoBananaPro GT
i g ]
¥ ] s 3 ¥ col
¥ = F “olor
Vg R B R 2 Q:., Distrotion
3 A ’ b )
MeM MaskDenoising HAT DIL NanoBananaPro GT

14 KMREERAY T ALt

Fig. 14  Visual comparison of denoising results
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Fig. 15 Qualitative comparison of reflection removal results

8.2 EEHER

PEAL 6 FH = A~ 32 7 8008 48 : Real20 (Zhang 55,
2018) . Nature (Li % , 2020) UL X SIR* (Wang 55 ,
2017) (Objects . Postcard F1 Wild F4£ ) , 35 15 Ff i

. = e — - . S 97 e 1 4T 5 2 2% e 4T R
A TR BRSO O e E sk O IR IR ARSI BROR T PSNR A
. N \ N Vs s A& g
LR 2 5 FOBIRAN R LA L Bl g SSIML SR E 6 8, BT 201 SSIM
N = #
B 2 5 A0 (e STt A g ity LPIPS, I 5 AR SOTA Iy ik b ATt , ke
I Nano Banana Pro, 38 i1 7 #5211 43 Afr HAE 52 Iz
*8 HIEEGESFSERFEMESITLER
Table 8 Quantitative Comparison of Single-Image Reflection Removal Methods
Real20 (20)  Nature (20)  Objects (200)  Postcard (199) Wild(55) SIR? (454) SIR*(500)
URES PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
1 1 1 1 1 1 1 1 1 1 1 1 1 1

E .
kRRNet (Wei 22.89 0.803 - - 24.87 0.896 -22.04 0.876 24.25 0.853 23.55 0.882 - -
%,2019)
IBCLN (Li% .
20(2:0;\1( e 21.86 0.762 23.57 0378 24.87 0.893 2339 0.875 24.71 0.886 24.20 0.884 - -
YTMT  (Hu
. 23.26 0.806 - - 24.87 0.896 2291 0.884 2548 0.890 24.08 0.890 - -
4:,2021)
Dong et al. ¥ 0.80
(Dong % 23.34 0.812 2345 .8 2436 0.898 23.72 0903 25.73 0902 24.25 0.901 - -
2021)
DSRNet  (w/o
extra) (Hu %, 2423 0.820 - - 26.28 0914 24.56 0908 25.68 0.896 2545 0.909 -
2023)
DSRNet (w.
extra) (Hu%%, 2391 0.818 - - 26.74 0920 24.83 0911 26.11 0906 25.83 00914 -
2023)
RAGNet  (Li

22. . - - 26.1 . 23. . 25.52 . 4. . - -
4 2023) 95 0.793 6.15 0.903 3.67 0.879 25.5 0.880 24.99 0.890
RRW (Zhu 0.84

23.82 817 25. - - - - - - 254 91 - N
4 2004) 3.82 0.817 25.96 3 5.45 0.910
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sk
Real20 (20) Nature (20)  Objects (200) Postcard (199) Wild(55) SIR? (454) SIR*(500)
Tk PSNR SSIM PSNR SSIM PSNR SSIM° PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
1 ? 1 1 1 1 1 1 1 1 1 1 1 I
DSIT(data 1)
. 2506 0.836 - - 2681 0919 2563 0924 27.06 0910 2632 0920 - -
(Hu % ,2024)
DSIT (data 1II)
. 2522 0836 - - 2727 0932 2558 0922 2740 0918 2654 0926 - -
(Hu % ,2024)
DN
RDNet (W 51 43 0835 - - 2576 0905 2595 0920 2720 0910 2602 0912 - -
nature)
RDNet (w.
nature) (Zhao 25.58 0.846 - - 2678 0921 2633 0922 2770 09152669 0921 - -
4% 2025)
F2T2-HiT 0.83

- 21.64 0.766 26.08 - - - - - - 2572 0903 - -
(Cai %% ,2025) 7
Huang et al. 0.85
(Huang % . 2512 0828 27.03 .7 27.07 0930 2643 0931 2796 0922 2690 0929 - -
2025)

L-DiffER* 0.83 001

(Hong % . 2377 0821 2395 = - - - - - - - - 2518

2024)

DAI* (Hu %, 0.84 0.93
2524 0.840 27. - - - - - - - - 2132

2025) > 0-840 05 6 3 1

Lu et al.* (Lu 0.91

. - - - - - - - - - - - - 2841

45 2025) 2

WindowSeat*

s 0.84 0.94
(Zakarin %, 2628 0856 27.12 "7 2881 0944 29.17 0934 2897 0935 2899 0939 2875
2025)

1 otk
WindowSeat™ 0 0864 2757 0% 2885 0938 2870 0933 2944 0936 28.84 0936 28.60 22
(Qwen-1IE) 5 7
Nano Banana 0.72 0.73
2026 0.655 21.48 2195 0751 1929 0.675 23.58 0.798 2098 0.724 21.11

Pro

0

T ARSI S R0 0 AR DA R R RAr it o+ FoR IR A1 75 Nature U8 4R s % FoR I T A G0 AT Y T7 1%
SIR> %35 %40 & Objects \ Postcard Fl Wild =>4 ; SIR? (454) /R FHT4E , 1 SIR? (500) F/R 52 A TP 48

qfaslﬂ‘ o ;@‘ qr-.;@‘ ---
hv|yu| Nano Banana Pro aT Tnput Nano Banana Pro aT

& 16

TEIBUREAS By il SRAL RS L2

Fig. 16 Visual comparison of selected samples
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“EUR B BRI AR R Y I SO s (0 4y
A7, A 5 ELAE ) BN

MAASK B 09 LPIPS FIYR A Ay SSIM 134 B 18
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8.3 TEMER

A5 X} Nano Banana Pro 47 5 PEVEAL . FRAT]
T ETE RN 15 e A RS S ik kAT L, B
Je i i 16 BARRMEREAS 30 Ho A I g

& 15 Fr 7~ , Nano Banana Pro [ 3% 38 % 36 4%
Ko DRIFEA LGS T 5 2 00 TR 7k,
AT E PRI AN o ARORUAE A4 45 (% B 1

SCARFINE SO E R, S 2O R R

K16 s 1A R AL 1) 50 . Y RO6)E
&2 el 2% 5B B, Nano Banana
Pro BEA G OGRS S e 2, Wos G 1Y
PERE BFR . X —R8 U T R R A AR e, fH
T = X SOG4 B0 MR X S e AT RE B R
S BRI s 5 | AR LT 58, DT A AR
iR,

17

B, W IR AR B s SO RO D

®9 ERBEE LHBRAMFTEST L E R (MS-SSIM 5 LPIPS)
Table 9  Perceptual Quality Comparison (MS—-SSIM and LPIPS) on Mainstream Datasets

Real20 (20) Nature (20) Objects (200)  Postcard (199) Wild (55)
Fri MS- MS- MS- MS- MS-
SSIM LPIPS SSIM LPIPS SSIM LPIPS SSIM LPIPS SSIM LPIPS
N RS R B A BRI BN B AN RN B

DSRNet (Hu%,2023) 0.8737 0.1831 0.9144 0.1478 0.9564 0.0847 0.9263 0.1260 0.9338 0.1096

DAI (Hu%§,2025) 0.9045 0.1790 0.9309 0.2161 0.9638 0.0689 0.9567 0.1029 0.9423 0.0941
RDNet (Zhao %,2025) 0.9081 0.1442 0.9231 0.1361 0.9609 0.0836 0.9361 0.1121 0.9406 0.0992
DSIT (Hu %F,2024) 0.8934 0.1618 0.9223 0.1598 0.9586 0.0939 0.9441 0.1242 0.9447 0.0967

WindowSeat (Zakarin % ,2025) 0.9296 0.1131 0.9435 0.1368 0.9759 0.0470 0.9693 0.0504 0.9625 0.0632

WindowSeat (Qwen—IE) (Zakarin %%,2025) 0.9396 0.1074 0.9494 0.1355 0.9661 0.0550 0.9664 0.0549 0.9655 0.0682

0.8013 0.2411 0.8580 0.1851 0.8861 0.1552 0.8373 0.2513 0.8874 0.1578
T 1 FoRBE M e TR, | FOREUEMARTERE AL . A R A OES SR 20 3 AR GIHLRD R RIZebR i o BEZ 7 1545

Nano Banana Pro

5] H WindowSeat

9 EGEEZA

9.1 B=

e Sk 2 R i AT Sk 22 50 P RO RN S
A IR B RZ RN S RO, SRR RS
J i I TS ARV AL G AR RIS S5 45l
1155, %t A 28 B Anzs vh b B 55 42 4 S5 N
R XU (Hullin %5, 20115 Li 45, 2021; Wu 4,
2021) . UTAER, KR IEE BRGNS m & J
USRI 4 (TR 2 ST HESE . Flare7TK++
(Dai 55,2024 ) J2&1Z 8 1) 81 25 ME , 05 7,000 4~
B IEEA TN 962 5K LS RE I RME , B 55 2 R A %R
L% .

I T, A SCHE Flare7K++ (Dai %5, 2024) F
FlareReal600 (Dai %5 , 2024 ) P 4> B #b 3 | 3F £
Nano Banana Pro 1 25 BZGHE 71, ® 45 43 M1 FLAE AN [A]

Or BRI BRI RO IR R SO
—H R R,
9.2 TEZRETMER

N4 Nano Banana Pro FZHZGREE ST, %
MITIAE 12 5 7 PR A 7 T AT 204

E VA . AT E SCAE Flare TK++ 8035 4E L, L)
29 1K i 1 3 BEA DA AL B , R ] PSNR 1 SSIM
Y& 48 F5 , H 5 Restormer , Uformer £ DeflareMamba
St 5 AT oA (2 10) 6

Wi J5 , 7F FlareReal 600 £85I, AU 43 B2
Az 72K FT 4K 85251, JF 75 PSNR, SSIM il 5] A
LPIPS PPAG BT B, 45 3 55 MIPT 2024 ki 58 568 42
MiAlgo AL FF G IESE LS dE A7 X% HE (58 11) . 52
0 A B W s R A L — B i 1 o PR R, TR RE
FEARHE AR B ; 2L, 7F FlareReal600 H1 %5 /& 52 Ji2
Yt o it — D RLREE bR | T 3X — IR AEAR S BER 1
Flare7K++ P AR &
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% 10 Nano Banana Pro SR & 4% AT Flare7K++ HEE FMEEXT LG R

Table 10 Quantitative comparisons of Nano Banana Pro and representative specialists on the Flare7K++ dataset

Flare—level

~ Restormer(Zamir ~ Uformer (Wang DeflareMamba( Huang
g i) ° Deng %5, NB P
i A 4 2022) ,2022) (Deng % 4 2025) >
2024)
PSNR 1 22.56 27.60 27.63 27.05 26.06 24.92
SSIM 1 0.857 0.897 0.894 0.901 0.898 0.844

%11 Nano Banana Pro 5X & 4% F 7757 Flare-
Real600 #1756 FHIEENT LLER
Table 11 Quantitative comparisons of Nano Banana Pro

and representative specialists on the FlareReal600 dataset

LTS Pg?go(;j?i NB Pro(2K)  NB Pro(4K)
LPIPS | 0.143 0.287 0.361
PSNR 1 22.15 19.07 18.32
SSIM 1 0.708 0.496 0.424

LR REARTE S LR ERANB A N B T
TESEE s @7 -5 B S B BB ATAE—E i 22 , e i
AR AT B

Fig. 17 Qualitative comparison of flare removal results on the

Flare7K++ dataset

EME AT . 1T X HE 45 R 48 R T Nano
Banana Pro [ RUEE FEPE . R BAR M T AR B A%
SR B2 GRS A0S, 0 3 AR AS 7 2R Jo
2T LI

SR, 7 WO BY Y BEAL A Ok T B AT ETE,
Dy T LA 58 QA T NS A R ] LS00
TR A ETRIR A . $E7min] TRE HBEHE /- G2 fif X —
IR, Xk LA A X A MEEOR B m W 5 . 5
BE RIS, Gn &l 18 s , s f 4 bn 5 32 LR 2Z (] £
TE—EFEL , BRI AR AS AL 58 B AT DR A8 13 o
i, YR 3R AR AR AE DL 5E 4 S e A= 485 SR 1) S R
e,

BEANE , Nano Banana Pro 23 H “& IR A
TR AR AR AR IR B R TE L

18 Nano Banana Pro 7E Flare7K++ #4305
R FEA R 7 1
Fig. 18 Examples of some high-scoring and low-scoring

samples from Nano Banana Pro on the Flare7K++ dataset
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10.1 B

55 6 R 3 3% (Cai 55,2018 ; Wei 55,2018 ; Yang
85,2021) BTEMOGIEA R 1Y IR ik 52 0o ot it R
G 2R (RT3 32 8 ( Cai 45, 2023) (7
i (Hou 55, 2023 ) FIA 82 52 )5 55 22 S PR A, IR IR
FRaS a0 516 L —8Bot: . L5 07 Mol T 1.5
50, B i O A AEROG/AE B O CEE AT B IR

TEA T, JATT VAL 48 — 2 A 25 BB Nano
Banana Pro 7E 55 ) B Q8 8 AT 55 v 1) R B, 76 55
LOL1 (low-light dataset version 1) (Wei 55 , 2018) .
LOLv2-real (low-light dataset version 2, real subset)
(Yang % , 2021) Fl SICE (single image contrast
enhancer) (Cai 55, 2018) =™ FIJEME , IR HUR AL
A G5 R 5 2 R e dE R MRS TE R O sk AT
HeAs .
10.2 XWiRE

Bt o FRNAE = SR s A Bk
Y285, LOLvl(Wei %5 ,2018) 1 ELICHAE A O6/E
GG A ; LOLv2-real ( Yang 45,2021 ) D] 75 57

FH M= NS5 SICE(Cai 5, 2018) IS EE K, Hy
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G

PEAGFEAR « SR I (B 5 L (PSNR ) FN45 K4 AH
PETR B (SSIM)AE N 2225 Fabr , ZUE B i 2 s A 0
TR R OGEAE Y A A

X EE T3 5 s FEZFEA B E T PEAl Nano Banana
Pro, 3 %% H 5 ZeroDCE (zero-reference deep curve
estimation) (Guo % , 2020) . RUAS (retinex—inspired
unrolling with architecture search) (Liu %% , 2021) .
LLFlow (low-light image enhancement with normalizing
flow) (Wang &E 0 2022) . LLFormer (low-light trans-
former) (Wang 5% , 2019) | GSAD (global structure-
aware diffusion process) (Hou %, 2023) f Quadprior
(Wang 5,2024) J7 7k 047 Hu3s

K119  Nano Banana Pro 5 Z F UM L JH 7 i 1 nT AL XS
N
Fig. 19 Visual comparison examples of Nano Banana Pro and

several representative specialists.

10.3 TEEERMEMLER

R T E L H . 18 LOLv1 Fl LOLv2-
real I, Nano Banana Pro I ZFEASPERE B V% 5 T
I e R W T vk, HAE LOLv2-real b 220000 I8
% , JLPSNR I SSIM ME LA 5 HAES E XS 57 . X £ W]
TE R Z AT 55 40 N GRAI B0 T, AU LA fe X 2
FMER G R EOR . LT E T B 2R AP AL
P SICE 2035 4E |-, Nano Banana Pro PSR & = T
BRI HEIT IR s th— B FREAR TS )

& 19 FEBH , Nano Banana Pro 18 % BE A% & =5 5 X
Wy 5N AHSE RN AT E A
FETERT B SO SR AN R IR, 3X AT R -5 AR 3 T
o S g A e O BB OG0 (EA T B, B
R DTGB L DG s MR 554 WA
AR SO RR RO B, U WA AR S PR A —
FaEME

EAKSkEE , Nano Banana Pro £F 55 G B AT 45
JRE I —E B FAEATE Sy L SATE T i A 4R
SR B FPARDG OR S B 1S 5 SRS BRI T PSNR

FISSIM AFfabRR . SRS L T L, AR
PEREA A 251, T 252 R T it = B OB
X i s BRI B AU , DA KM AT AN [m] i v v 1 LR
E Lo

11 KT E &GS

1.1 BF

KT PG A 2 T8 PR 58 v A S B A o R)
M TOGTEIK B R I 52 B M I | 22 BRI
S REE B sE A PG L B O T LGRS T RN
USR], N T2 00 H AR U e S AT o o i
SE RS (Pl AEE  IF X B IR S Sk s e
T TE TR A T L A0 P G 18 it 4 7 S5 1 Y ke X
W o 15807 Z OSSR 3R UL 2] (Ancuti 45, 2012;
Ancuti 25,2018 Gao %, 2019 ; Ghani %5, 2015; Igbal
45 ,2010) 29 BB (Drews %, 20163 Galdran 55,
2015;He 5%,2010; Li 5%, 20163 Li 55,2016 ; Zhang 4%,
2022) BAE 5 Iz ALRE I A IR . 4Rk IR
JE 2 2 YR AE R R A WK T IS T
PR, Hor B T RO R ) 5 1 3 v 2 R A
UF M T 4R (B S SR R

AR A FEUEFEAT PEAL : UTEB (underwater
image enhancement benchmark ) (Li £ ,2019) #k 1%
A T 5 2% 3 53l 1 MEPE Al 5 LSUL (large-scale
underwater image dataset) (Peng 55 , 2023) % WF-Diff
(wavelet-based fourier information interaction with fre-
quency diffusion adjustment) (Zhao 55 , 2024 ) ) ] i
J1 53 e 1 400 5K B LIS 362 AL BE J1 5 U45 (He 55
2020) IS FLK T EIGE , 6 56 2% 0 0 K
i A1 55 AL IR A, BN S PR T o R T ik S g
B AR LA GEITAL Nano Banana Pro 17K BRI 58
B, R BB H AR E SRR DL S g 50 L
Al B — B R R R I

AT H S 4 HE #2924 1K A9 Nano Banana
Pro 1E =AM EUEAE B AT S5, IR S E 1645
XF KT G SE 5i R RE EAT PP AL o 45 SRR, Nano
Banana Pro 7£ UIQM (underwater image quality mea-
sure ) fIl UCIQE (underwater color image quality evalua-
tion)F8AR FAREAA B 5 W A SR SE g 1. TR
UIEB #tdla 4k b, R I 5 S 75 12 22 R A/ s 1R
LB 2R 1 LSULE i 4 I, Nano Banana Pro 7 P2l
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%12 7 LOL 0 SICE ##E&E L WEEX LR
Table 12 Quantitative comparisons on the LOL and SICE datasets. The best results are highlighted by black bold

LOLv2-Real (Yang%f,

LOLvI(Wei%,2018) SICE (Cai%,2021)

2021)
Tk R i

PSNR T SSIM 1 LPF)S PSNR T SSIM 1 LP?DS PSNR T SSIM. T LP?)S
RetinexNet (Wei%,2018) Retinex 18.915 0427 0470 16.097 0401 0.543 12424 0.613 -
KinD (Zhang%,2019) Retinex 23.018 0.843 0.156 17.544 0.669 0.375 - - -
ZeroDCE (Guo%,2020) RGB 21.880 0.640 0.335 16.059 0.580 0.313 12452 0.639 -
RUAS (Liu%s,2021) Retinex 18.654 0.518 0270 15326 0488 0310 8.656 0494 -
LLFlow (Wang%,2022) RGB 24998 0.871 0.117 17.433 0.831 . 0.176 12737 0.617 -
EnlightenGAN (Jiang 55 ,2021) RGB 20.003 0.691 0317 18.230 0.617 0.309 - - -
SNR-AW (Xu%,2022) SNR+RGB  26.716 0.851 0.152 21.480 0.849 0.163 - - -
Bread (Guo%#,2023) YChCr 25299 0.847 0.155 20.830 0.847 0.174 - - -
PairLIE (Fu%,2023) Retinex 23.526 0.755 0.248 19.085 0.778 0.317 - - -
LLFormer (Wang%%,2023) RGB 25278 0.823 0.167 20.856 0.792 0.211 - - -
RetinexFormer ( Cai % ,2023) Retinex 27.140 0.850 0.129 22.794 0.840. 0.171 - - -
GSAD (Hou%,2023) Retinex 27.605 0.876 0.092 20.153 0.846 0.113 - - -

QuadPrior (Wang%5,2024)  Kubelka—Munk 22.849 0.800 0.201 20.592 0.811 0.202 - - -

18.496 0.684 0481 15.661 0.537 0.465 14.081 0.493

Nano Banana Pro =

TE R AESS R LUR IR Hh

5 2
; £y o
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Input B Pro &7 Input NB Pro

.25 R EU T SHEG(E20) . B 6B Y e
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Pkt 45 5L i A2 5B ARG L B A A (R

Fig. 20 Visualization examples for underwater image enhance-

ment using NB Pro on the UIEB and LSUI datasets
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11.3 EHLER

b EH W PE A Nano Banana Pro [ 7K T B4 3 5%
RO FRATTAE UTEB \LSUT A U45 B0d 45 45 1]
MALZE SR S REE LI T . B 20 B T
HAF UIEB 1 LSUT I i 7 s D 2461, (61 21 458 T
FARL A RN, AERIAE U4S BR S b B 25 SR ATE
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s B TR AT R

SRR NB Pro 7E /K T I o i B ¢
51 2 2R ALK E e ) (AR B R AL AR A T
MR RO SR AR e AT RN 2 .
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12.1 &S
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ERk, BRI, EHEE,

%13 7 UIEB.LUSI 1 U45 #iR&E FMEEX AR
Table 13 Quantitative comparisons on UIEB, LUSI and U45 datasets

UIEB LUSI U4s
7k

UIQM 1 UCIQE 1 UIQM 1 UCIQE 1 UIQM 1 UCIQE 1
UWCNN(Li%,2019) 3.8325 0.5552 4.1699 0.5453 4387 0.5622
UIEC2-Net (Wang%§,2021) 3.327 0.609 3.9833 0.5888 4.4293 0.6104
U-Shape (Peng%,2023) 3.332 0.5751 4.0334 0.574 43524 0.5856
PUGAN(Cong % ,2023) 3.2163 0.6176 4.0417 0.5834 43377 0.6117

DM-Water(Tang % ,2023) 3.8925 0.5994 4.0595 0.5883 4.1986 0.586
WF-Diff (Zhao % ,2024) 3.7388 0.5867 4.0308 0.5688 42193 0.5813
NB Pro 3.634 0.5899 4.2993 0.5961 4.3907 0.5899

TE  BAESS R LUR @ AIRLAR

S --
E ¥

B 25 TR i 2 ) 9 2 8 , HDR T 2 3 I 1 L R s
Bl 5 SR HORK &, Hoh MIT FiveK (Bych-
kovsky 5% ,2011) fil HDR+( Vinker 25,2021 ) 4351 $2 {1t
TR B S RIUR S H IR R T R
B

LT PRI ES TR RN |

121 NB Pro 7£ UIEB Al LSUI $t#i4E b /K RIS AR 55K Nano Banana Pro 15 22 Ffi {5 48 J IR i
Fig. 21 Visualization of failed cases in underwater image F TR T R R . AR A E S

enhancement for NB Pro on the UITEB and LSUI datasets é}ﬁ—‘ T }Té ﬁg = 480p #%Fﬁ PSNR . SSIM . LPIPS #l

AE PUITUESR , 0 PR AR R IR AR B &
R AL (5 22 2 R, 5 R DL 14,

PrAS I 37 57 BRAR AR BEAS T45 T U AR 55 A ml St

%14 7 HDR+ 0 MIT-FiveK ##55& FHEET L& R
Table 14 Quantitative comparison on HDR+ and MIT-FiveK datasets

) HDR+(480p) MIT-FiveK(480p)
i PSNRT SSIMT  LPIPS/! AE | PSNRT SSIMT  LPIPS| AE |
UPE(Wang%%,2019) 23.33 0.852 0.150 7.68 21.82 0.839 0.136 9.16
HDRNet(Gharbi %5,2017) 24.15 0.845 0.110 7.15 2331 0.881 0.075 7.73
CSRNet (He4%,2020) 23.72 0.862 0.104 6.67 25.31 0.909 0.052 6.17
DeepLPF(Moran %5 ,2020) 25.73 0.904 0.073 6.05 24.97 0.897 0.061 6.22
LUT(Zeng % ,2020) 23.29 0.855 0.117 7.16 25.10 0.902 0.059 6.10
sLUT(Wang %5 ,2021) 26.13 0.901 0.069 5.34 24.67 0.896 0.059 6.39
CLUT (Zhang%%,2022) 26.05 0.892 0.088 5.57 24.94 0.898 0.058 6.71
LLF-LUT++(Zhang %% ,2025) 28.43 0.924 0.056 4.54 26.06 0.912 0.054 4.93
Nano Banana Pro 14.24 0.467 0.221 19.82 19.20 0.639 0.133 11.14
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Fig. 22 Visualization of texture detail loss and artificial addi-

tion cases in HDR Imaging using NB Pro
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R X AE Lytro (Nejati 45, 2015) . MFFW (multi-
focus image fusion in the wild) (Xu % , 2020) . MFI-
WHU (multi-focus image dataset of wuhan university )
(Zhang 4§ ,2021) A1 SIMIF (Tsai 45 , 2025) PU 43 1
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4% ,2015) . SF (spatial frequency) (Zheng 55 , 2007) .
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# 15 7E Lytro #1 MFFW #iR& FRIEEX L ER
Table 15 Quantitative comparison on the Lytro and MFFW datasets

Lytro MFFW

NMI EN AG SF QY QCB NMI EN AG SF QY QCB

IFCNN (Zhang%%,2020) 0.9388 7.5318 8.1473 19.3992 0.9518 0.7294 0.8206 7.1688 9.6849 22.0173 0.8715 0.6423

SESF (Ma%,2021) 1.6808 7.5322 8.1530 19.4251 0.9879 0.8064 1.0876 7.1850 9.8678 22.9291 0.9588 0.7418

GACN (Ma%,2022) 1.1723 7.5311 8.1245 19.3247 0.9878 0.8062 1.0820 7.1923 9.7328 22.2842 0.9273 0.7192

GRFusion(Li%%,2023) 1.1879 7.5329 8.1823 19.4539 0.9863 0.8071 1.1426 7.1711  9.8826 22.6520 0.9334 0.7223

ZMFF(Hu%$,2023) 0.8795 7.5223 7.7771 18.8184 0.9321 0.6731 0.7711 7.1546 9.2144 21.3405 0.8474 0.6722

MUFusion(Cheng%5,2023) 0.8088 7.6093 8.1578 18.9240 0.8997 0.6819 0.7551 7.2026 8.9247 19.9974 0.8167. 0.6205
DB-MFIF(Zhang %,2024) 1.0573 7.5386 8.2415 19.5290 0.9637 0.7770 0.8699 7.1935 10.1346 23.0305 0.8663 0.6647

MFFT(Zhai 55,2024)  1.1533 7.5620 8.6089 21.3759 0.9523 0.7511 1.1310 7.2281 10.1971 24.5709 0.9336 0.6865
DMANet(Quan%%,2025) 1.1897 7.5319 8.2059 19.5129 0.9853 0.8054 1.1513 7.1846 10.0948 23.2370 0.9506 0.7276
MCCSR (Zheng%§,2025) 1.1920 7.5329 8.1757 19.4392 0.9890 0.8084 1.1800 7.1688 9.7407 22.2989 0.9813 0.7517
NB Pro 0.7476 7.5267 8.2977 20.1044 0.7755 0.6603 0.6319 7.1823 10.2879 23.0223 0.5537 0.5638

T A R DR AR i

#16 7 MFI-WHU # SIMIF #{#E% FHEE3S LR
Table 16 Quantitative comparison on the MFI-WHU and SIMIF datasets

MFI-WHU SIMIF

Jrik

NMI  EN  AG SF QY QCB NMI EN AG SF QY QCB

IFCNN (Zhang%%,2020) 0.8993 7.3285 11.3564 26.1798 0.9404 0.7367 1.0505 7.3897 6.9289 19.1344 0.9211 0.7364
SESF (Ma%§,2021) 1.1878 7.3183 11.5399 26.5894 0.9855 0.8166 1.2995 7.3868 6.9931 19.4672 0.9807 0.8306
GACN (Ma%,2022) 1.2084 7.3127 11.4633 26.5089 0.9889 0.8241 1.3068 7.3802 6.9750 19.4241 0.9845 0.8328
GRFusion(Li %F,2023) 0.7028 7.2763 10.6727 24.7632 0.8387 0.6512 0.8302 7.3942 7.0007 19.2939 0.8325 0.6259
ZMFF(Hu%$,2023) 1.2134 7.3216 11.6609 26.8362 0.9848 0.8212 1.2898 7.3917 7.0215 19.4954 0.9771 0.8267
MUFusion(Cheng%%,2023) 0.7449 7.3744 9.6015 21.4447 0.8608 0.6480 0.8876 7.3566 6.0633 16.3885 0.8387 0.6321
DB-MFIF(Zhang %5,2024) 1.0693°7.3250 11.6956 26.8336 0.9466 0.7818 1.1510 7.4073 7.1849 19.7543 0.9157 0.7612

MFFT(Zhai 55,2024) 1.1974 7.3358 11.7636 27.5736 0.9614 0.7648 1.2751 7.3866 7.1754 20.5918 0.9492 0.7724
DMANet(Quan %5,2025) 1.2220 7.3158 11.6003 26.8034 0.9878 0.8222 1.3130 7.3834 7.0634 19.5735 0.9780 0.8270
MCCSR (Zheng 55,2025) 1.2246 7.3120 11.4162 26.4025 0.9891 0.8227 1.3151 7.3782 6.9240 19.3575 0.9835 0.8298

NB Pro 0.5923 7.2986 10.5142 24.1274 0.5610 0.5745 0.8042 7.4925 7.3561 19.5545 0.5112 0.5775
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Fig. 23 Visualization of the fusion images of ‘lock’ sample

from the Lytro dataset
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2019) X LAFEBE H bp 2 151 S e R 1, H
Sl AR o ITAEAK , FE T CNN(Ma %5, 2020 ; Tang
8§ ,2022; Zhao %5 ,2021) . GAN (Li %, 2020; Ma 55,
2019;Ma &5 2020) F Transformer (Li 25,2022 ; Vs o
2022; Wang 45, 2022) B9 535 AR 0 J& |, (HAE 51
XSS R T AT A AL o
A SCE o 2 5 % 2 A, PF Al NanoBanana
5 IVIF AE55 A Rl o i M 7 42 o R PR AR
14.2 EEZR
2 B SCHK (Zhao 55, 2024) , A SCHE MSRS (multi-
spectral road scenarios) (Tang &5 2022) . RoadScene
(Xu %&£ ,2020) Fil M3FD (multi-scenario multi-modality
benchmark to fuse infrared and visible for object detec-
tion) (Liu 5% , 2022) = ¥4 £ L 37 4l T Nano
Banana Pro B9 IVIF P£RE , K F EN .SD(standard devia-
tion) \SF\AG % T ZH 15 b5 LA K SCD \VIF S %
fabr, I 5 10 AR I B AT I8 . S5 R
(£ 17) ,NB Pro fi I WA £ AN SCELAN T 1 LS %
Febr LRI, JUHAE MSRS 1 RoadScene I {5 3¢
WL, 0 G2 45 2R LA A e ) ¥ T 32 AR B JE
REAE A s S UL AR R . ML 2T HAE
SCD \VIF S5 H 8 bn A0 B, B e i A pl A
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Fig. 24 Visualization examples of image fusion results by Nano

Banana Pro in the RoadScene and M3FD datasets
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Quantitative comparison on the MSRS, RoadScene, and M3FD datasets

Table 17

EXER

MSRS

RoadScene M’FD

EN SD

SFAG SCD VIF EN SD

SF AG SCD VIF EN SD SF AG SCD VIF

SDN(Zhang %:,2021) 5.25 17.35 8.67 2.67 0.99

TarD(Liu%§,2022) 528 25.22 5.98 1.83 0.71

DeF (Liang5%,2022) 6.46 37.63 8.60 2.80 1.35

Meta(Zhao %§,2023)  5.65 24.97 9.99 3.40

CDDF (Zhao%,2023) 6.70 43.38 11.56 3.73

LRR (Li%,2023) 6.19.31.78 8.46 2.63 0.79

MURF (Xu%,2023) 5.04 16.37 8.31

DDFM(Zhao%%,2023)  6.19 29.26 7.44 2.51 1.45

SegM(Liu%¥,2023)  5.95 37.28 11.10 3.47 1.57

EMMA (Zhao %,2024) 6.71 44.13 11.56 3.76 1.63

NB Pro 6.85 44.95 14.39 4.56 1.15

0.50 7.30 44.06 14.58 5.80
0.42 7.26 47.44
0.77 7.36 47.03
1.14 0.31 6.88 31.97
1.62 1.05 7.52 54.42
0.54 7.12 39.16
2.67 0.86 0.40 6.91 33.34
0.73 7.24 42.43
0.88 7.29 46.14
0.97 7.52 54.81

0.58 7.39 56.98

1.37 0.61 6.87 36.22 15.32 5.61 1.41 0.55

11.11 4.14 1.40 0.56 6.80 41.77 8.65 3.17 1.35 0.51

10.99 4.38 1.62 0.63 6.90 36.81 9.85 3.65 1.42 0.58

14.38 5.57 0.92 0.55 6.73 30.56 16.48 6.02 1.31 0.65

14.97 5.81 1.65 0.66 7.04 42.02 16.56 5.84 1.41 0.65

11.41 4.37 1.46 0.45 6.58 30.28 11.83 4.21 1.34 0.54

13.88 5.37 1.04 0.52 6.59 28.89 11.82 4.81 1.21 0.39

10.68 4.15 1.64 0.62 6.82 32.68 10.07 3.71 1.35 0.60

14.47 5.57 1.61 0.65 6.88 36.20 16.19 5.83 1.38 0.75

15.21 5.83 1.69 0.66 7.12 44.01 16.92 6.23 1.48 0.66

21.81 7.07 0.83 0.51 6.98 43.44 15.68 5.06 0.75 0.38
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Table 18 Human perceptual evaluation results of Nano Banana Pro on five benchmark tasks.
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A 2.40 3.89 3.35 4.41 4.46 3.70
) 4.17 4.52 456 432 4.10 433
FOGIG R 4.26 4.47 4.33 435 3.99 4.28
EZ 3.76 4.18 4.25 4.17 3.74 4.02

PR 3.02 2.90 3.25 3.38 3.08 3.13
FEbRF-455 3.52 3.99 3.95 4.13 3.87 3.89
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