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Abstract
In recent years, radiance field methods, and in particular 3D Gaussian Splatting (3DGS), have distinguished themselves in the
field of image-based rendering and scene reconstruction techniques, gaining significant success in academia and being cited in
numerous research papers. Like other methods, 3DGS requires a large and diverse dataset of images for network training as a
fundamental step to ensure effectiveness and high-quality results. Consequently, the acquisition phase is highly time-consuming,
especially considering that a portion of the acquired dataset is not actually used for training but is reserved for testing. This
is necessary because all commonly used metrics for evaluating the quality of 3D reconstructions, such as PSNR and SSIM,
are reference-based metrics; i.e., requiring a ground truth. In this work, we present NOVA, a study focused on no-reference
evaluation of 3DGS renders, based on key metrics in this field: PSNR and SSIM.

CCS Concepts
• General and reference → Metrics; • Computing methodologies → Rendering; • Computer systems organization → Neural
networks;

1. Introduction

3D Gaussian Splatting (3DGS) [KKLD23] has revolutionized
novel view synthesis by enabling explicit scene representation,
real-time high-quality rendering, and reduced training time. It is
widely used in many different applications. Validating reconstruc-
tion quality is crucial, typically relying on full-reference (FR) met-
rics like PSNR and SSIM. However, FR metrics have two main lim-
itations. First, they can only assess quality from viewpoints where
images were captured, as ground truth is required. A no-reference
(NR) metric would enable evaluation from any viewpoint. Second,
reserving images for testing lowers reconstruction quality. Using all
acquired images for optimization would yield better results with the
same resources while allowing NR evaluation from previously un-
seen viewpoints. To address these issues, we present NOVA, a study
on NR methods for validating 3DGS results. This work converts the
main FR metrics (PSNR and SSIM) into an NR metric specifically
tailored for 3DGS renderings, leveraging PSNR’s strong correla-
tion with human perception in neural view synthesis [LWH∗24].

2. Related Works

Recently, there has been growing interest in NR metrics; however,
to the best of our knowledge, none have attempted to convert a FR
metric into a NR metric. NeRF-NQA [QLC∗24] is a NR quality
assessment method specifically designed for neural view synthesis
techniques, such as NeRF and its variants. However, NeRF-NQA is

not tailored for 3DGS, which employs different scene representa-
tions and rendering strategies. Puzzle Similarity [HCD24] is a NR
metric designed to locate artifacts in novel views of 3D reconstruc-
tions. Their method exhibits a stronger correlation with human as-
sessments compared to traditional FR metrics. However, it remains
unclear whether the metric generalizes well to different datasets
used for 3DGS-based reconstructions.

3. Method Overview

In our approach, we want to infer the quality values that the FR
metrics compute using only the distorted image [BAM∗23]; see
Figure 1. We first applied the 3DGS method to all datasets to gen-
erate renderings. In this way each dataset was divided into a train-
ing set, used for 3D reconstruction optimization, and a testing set,
used for quality assessment. We used a total of three datasets: the
dataset from the 3DGS project [KKLD23] (13 scenes; training set:
302 images; testing set: 38 images), the fieldwork scenes dataset by
Liang et al. [LWH∗24] (9 scenes; training set: 899 images; testing
set: 1079 images), and the standard dynamic range (SDR) dataset
by Piras et al. [PBM∗24] (9 scenes; training set: 323 images; test-
ing set: 49 images). During the training phase, we used ground
truth and corresponding distorted (reconstruction) images from the
3DGS training set. The network was trained on two FR metrics
(PSNR and SSIM) for 128 epochs with three models (NorVDP-
Net++, ResNet-18, and a Transformer pretrained by Dosovitskiy
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Figure 1: An illustration of the training and inference phases. The truck
photo is sourced from the Tanks and Temples dataset [KPZK17].

et al. [DBK∗21]), three batch sizes (1, 4, 8), and with/without
a sigmoid activation. Furthermore, the trainings were performed
on random patches (512× 512 for NorVDPNet++ and ResNet-18,
224×224 for the Transformer) of input full-resolution images (13
scenes; average resolution 1315×854 pixels). For PSNR the mean
training time was 1h 35m 21s and never exceeded 1h 46m 38s,
while for SSIM the mean training time was 1h 46m e 17s and
never exceeded 1h 58m 40s. Trainings were performed on a single
NVIDIA RTX 3080 GPU equipped with 10GB of memory. Then,
during the inference phase we used both the training and testing
set of the 3DGS dataset [KKLD23], and we also performed cross-
dataset evaluation using the testing sets of Liang et al. [LWH∗24]
and Piras et al. [PBM∗24] datasets. To assess the quality of the
generated indices, we calculated the Pearson’s linear correlation
coefficient (PLCC), the Spearman’s rank order correlation coeffi-
cient (SROCC), and the root mean square error (RMSE) between
the generated quality values and those computed by the FR metrics
using the ground truth.

4. Results

Preliminary results have demonstrated the feasibility of the pro-
posed method concerning the FR metrics PSNR and SSIM. Table
1 shows that the Transformer architecture with sigmoid activation
achieves the best results on the training dataset and the lowest me-
dian RMSE value across all datasets. However, it can also be ob-
served that the best overall performance, both on familiar and en-
tirely unseen datasets, is obtained with the ResNet-18 architecture
using a batch size of 8 and sigmoid activation. This configuration
achieves the highest mean PLCC and SROCC values while main-
taining a low RMSE (ranking third in terms of best median value).

5. Conclusions and Future Work

With the presented study, NOVA, we assessed the feasibility of us-
ing neural networks to convert FR metrics into NR metrics for the
quality assessment of 3DGS renderings.

The preliminary results indicate that, for both PSNR and SSIM,
the best performance is achieved using the ResNet-18 architecture
with sigmoid activation and a batch size of 8. In this configura-
tion, the model performs consistently well, not only on the training
dataset but also on entirely new datasets, maintaining a low RMSE.
Future work includes exploring additional architectures, FR met-
rics, and datasets.
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8 ♦ 0.996 0.988 0.009 0.900 0.879 0.037 0.278 0.336 0.151 0.451 0.551 0.094

Table 1: Comparisons of NOVA’s predicted quality scores and ground
truth for PSNR and SSIM using PLCC, SROCC, and RMSE. Best and
second-best values are highlighted in red and blue, respectively. Mean in-
dices across the 4 datasets were computed for each training setting, with
⋆ marking the best (red) and second-best (blue) mean PLCC and SROCC
values, and ♦ for RMSE mean value.
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