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Abstract

Existing inverse tone mapping methods heavily rely on prior knowledge of degradation pro-
cesses, which limits their generalization across diverse scenarios. To address this issue, this pa-
per proposes a degradation-type adaptive video inverse tone mapping network to improve per-
formance under complex degradation conditions. Specifically, the proposed method constructs
training data covering multiple tone mapping operators, employs a classifier to identify degra-
dation characteristics of input videos, and embeds the predicted category information into the
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mapping process via an embedding encoding mechanism. Within the mapping pipeline, a global
color transformation module is designed to perform initial dynamic range expansion, while an
exposure-guided spatial attention mechanism is introduced to restore over-exposed and under-
exposed regions. In addition, a spatio-temporal feature collaborative alignment strategy is adopted
to aggregate multi-frame contextual information. Experimental results demonstrate that, on the
proposed video dataset containing 11 degradation types, the proposed method outperforms ex-
isting state-of-the-art approaches in terms of peak signal-to-noise ratio (PSNR), structural simi-
larity (SSIM), and chrominance difference.
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Figure 1. Visual examples of various degradation types in the HDRTV4K dataset [1]
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Figure 2. Architecture of the degradation-adaptive video inverse tone mapping network (DAVITMNet)
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Figure 3. Structure of the global color transformation module (GCTM)
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Figure 4. Structure of the exposure-guided spatial attention module (EGSA)
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Figure 5. Structure of the spatio-temporal alignment module (STAM)
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Figure 6. Visual examples of the proposed dataset
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TR FELERRE b, MWEEARVERERE , ASCJTVELE PSNRL SSIM. SR-SIM. AE,, L& HDR-VDP3 %44
b LIS B BRI, RUIHAEE KL . A OREr. BT R L R R 4577 T A & 5

Table 1. Quantitative comparison results of different methods on the proposed dataset
= 1. EMRRHBIREE EARG AN ESLLRER

Method PSNRT SSIM? SR-SIM{ AEmre| HDR-VDP31  Params(K)  Time (s)
HDCFM 2535 09397  0.9348 51.30 5.924 101 2.313
HDRTVNet++ 2519 09251  0.9915 54.04 8.120 591 0.018
HDRTVNet++ w/o train ~ 14.94 07448 09334  140.25 5.780 591 0.018
LCATNet w/o train 19.88  0.8586  0.9890 82.94 7611 759 0.869
LCATNet 2791 09578  0.9949 36.25 8.495 759 0.869
HDRTVDM w/o train ~ 19.12  0.8633 09876  101.01 7.549 402 0.026
HDRTVDM 2815 09562  0.9940 34.74 8.338 402 0.026
DFT 2643 09465  0.9924 42.50 7771 135 0.044
our 2870 09607  0.9948 35.64 8.672 227 0.041
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Figure 7. Qualitative comparison results on the proposed dataset
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Table 2. Quantitative results of the ablation study
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Figure 8. Results of the ablation experiment
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