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Abstract

Evaluating the perceptual quality of 360° stitched panora-
mas is challenging because no pristine reference exists and
the distortions are localized along stitching seams rather
than global. Conventional full-reference and no-reference
IQA methods are mainly designed for compression or pro-
Jjection artifacts and thus fail to address stitching-specific
degradations such as luminance inconsistency and de-
tail loss. We propose GC360IQ, a perception-referenced
framework that assesses stitching quality based on the hu-
man visual expectation of luminance continuity and struc-
tural fidelity. A dedicated stitched-image database is con-
structed to isolate blending-induced luminance inconsis-
tency and detail loss while minimizing geometric misalign-
ment. These two perceptual dimensions are modeled us-
ing dual CNN branches inspired by gradient and structural
features, whose fused representation predicts overall per-
ceptual quality. Subjective experiments using an HMD with
30 participants show that GC360IQ achieves significantly
higher correlation with mean opinion scores than existing
FR and NR IQA methods. The framework offers an inter-
pretable, stitching-aware solution and provides guidance
for perceptually optimized blending.

1. Introduction

In virtual reality (VR), 360° stitched panoramas are widely
used to create immersive visual experiences. They are
generated by stitching multiple camera views into a single
spherical image, where alignment and blending determine
the overall perceptual consistency. The perceptual qual-
ity of such panoramas directly affects visual experience,
while reliable assessment remains difficult because no pris-
tine reference image exists. The stitching process, which
involves geometric alignment, color correction, and multi-
view blending, inevitably introduces spatially localized dis-
tortions that differ from the global degradations considered
in conventional full-reference (FR) and no-reference (NR)
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image quality assessment (IQA) methods.

Recent perceptual psychology research shows that im-
mersive visual experience depends not only on sensory fi-
delity but also on observers’ expectations of realism and
motion coherence [10]. This supports the perceptual-
referenced view that human judgments of image qual-
ity are guided by expectations of luminance and struc-
tural consistency rather than pixel-level fidelity. Previous
studies [7, 21] have shown that among various stitching-
induced artifacts, luminance inconsistency and detail loss
are two types of distortions that have a strong influence on
subjective quality. Luminance inconsistency often occurs
when exposure differences between adjacent views are not
smoothly compensated across the seam, while detail loss
results from over-smoothing during blending. To address
these perceptual issues, we propose a model that directly re-
flects their influence on perceived image quality rather than
treating them as general degradations.

In this work, we present GC360IQ, a perception-
referenced framework for assessing the quality of stitched
360° panoramas. Our main contributions are as follows: 1)
We introduce a perceptual reference paradigm that evalu-
ates stitching quality based on perceived visual consistency
rather than pixel fidelity, aligning the task with human per-
ceptual mechanisms. 2) We build the first stitched 360° im-
age database that isolates blending distortions: luminance
inconsistency and detail loss, while minimizing geometric
misalignment. 3) We design an interpretable feature fu-
sion model that combines gradient-based [5] and structure-
based [17] features to predict perceptual quality. 4) We con-
duct extensive subjective tests and comparisons with state-
of-the-art FR and NR methods, showing that GC360IQ
achieves the highest correlation with human opinion and
supports perceptually optimized blending in future work.

2. Literature Review

Traditional IQA methods fall into two classes: full-
reference (FR) and no-reference (NR). FR metrics such
as SSIM [17] and GMSD [20] measure structural or gra-



dient similarity to a reference, while NR metrics such as
BRISQUE [8] and NIQE [9] estimate quality from natural-
scene statistics or learned perceptual features.

For 360° images, FR models like WS-PSNR [18] and
WS-SSIM [23] adapt pixel-level measures to the equirect-
angular projection. Recent NR models like VGCN [19]
and ST360IQ [16] use deep networks to predict perceptual
quality directly from distorted panoramas. These methods
correlate well with human opinion but depend on large la-
beled datasets and saliency cues, and mainly address global
distortions such as compression or projection rather than
stitching-induced local artifacts.

Existing panoramic IQA datasets, including CVIQD [12]
and OIQA [3], focus on global degradations. In con-
trast, Yang er al. [21] and Madhusudana et al. [7] in-
troduced stitched-image datasets capturing four artifact
types—luminance inconsistency, texture detail loss, geo-
metric misalignment, and structural discontinuity. The first
two dominate perceptual judgments and stem from blending
operations. However, these studies lack perception-based
modeling and dimension-wise annotations. GC360IQ fills
this gap with an interpretable, perception-referenced frame-
work for stitched 360° image quality assessment.

3. Proposed Method

GC360IQ evaluates stitched 360° image quality through
three perceptual dimensions: luminance inconsistency, de-
tail loss, and overall quality.

3.1. Preprocessing

For each scenario, unblended input images and the stitched
panorama are processed. Each panorama is divided into
seven directional subregions following the equirectangular
FOV extraction strategy [6]. Perspective views are cropped
from these directions and resized to 256 x 256 pixels. A
corresponding seam-boundary mask is generated using the
same projection to define valid seam regions.

Each sample yields (x,y,p), where x and y are the
stitched and unblended patches, and p is the binary mask
restricting feature computation to valid seam areas, elimi-
nating bias from non-overlapping regions.

3.2. Luminance Inconsistency Prediction

Luminance inconsistency between the stitched and un-
blended patches is estimated from spatial gradients. The
patches are convolved with the 11 x11 horizontal and verti-
cal derivative filters h = uguy " and v = ujug ' following
the Farid—Simoncelli design [5]. The resulting gradient ma-
tricesare S = [x*h, x*v]and O = [y xh, y * V],
where * denotes 2D convolution with symmetric padding to
preserve boundary continuity [17]. A binary mask p filters
seam-relevant pixels.

Luminance inconsistency is characterized by the gradi-
ent magnitude and directional differences:
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where s,, , and o,,, are local gradient vectors at pixel
(m,n). Seven pairs of A = {am,} and B =
{bm,n} maps from different FOVs are concatenated as
[A1,...,A7,Bq,...,B7] to form a 14-channel tensor 7 €
R14%256x256 which is input to a CNN fcenn for luminance
inconsistency prediction. The CNN comprises five convo-
lutional and two fully connected layers, with feature depth
expanding from 14 to 64 channels via alternating 5 x 5 and
3 x 3 kernels (strides {2, 1, 2,1, 2}), each followed by ReLU
activation and 2 x 2 max pooling, except for the final linear
output layer.

3.3. Detail Loss Prediction

Detail loss is reflected by luminance, contrast, and structural
variations between stitched and unblended images. Fol-
lowing SSIM [17], local statistics are computed within an
11 x 11 window with symmetric padding:
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where 1 and o denote the local means and standard de-
viations of the stitched and unblended patches. The corre-
sponding SSIM quality map d,, ,, is also obtained to capture
structural fidelity. A binary mask P is applied afterward
to retain only seam-relevant pixels. For each of the seven
FOVs, the luminance, contrast, and SSIM maps are con-
catenated to form a 21-channel tensor ¢ € R?1%256%256 jp
the same manner as in Sec. 3.2, which is fed into genn. The
architecture mirrors fcn, differing only in input channels.

3.4. 360-degree Image Quality Assessment

The final quality score is obtained by fusing intermedi-
ate features from the two branches above. Feature vectors
from the first fully connected layers, f.; and g, are con-
catenated as [ff1, gg1] to form a 128-dimensional feature
® c R'28, A three-layer fully connected network tgcy With
hidden dimensions 128 and 256 and ReL.U activations pro-
duces the final perceptual quality score: Q) = tpen(P).

4. Experiments

We evaluate the proposed 360° image quality assessment
framework through image capture, subjective testing, CNN
training, and performance analysis.

4.1. Image Capture

A seven-camera GoPro Hero4 Black rig (Fig. 1) is used to
capture multi-view fisheye images for panoramic stitching.



Figure 1. Seven-camera rig setup with GoPro Hero4 Black units.
Six cameras capture equatorial views and one captures the zenith.

Six cameras are evenly spaced along the equatorial plane
® = 90°, ¢ € {0°,60°,...,300°}), and one is oriented
upward (0 = 0°) to cover the zenith. Automatic expo-
sure is enabled for each camera so that every view uses
its direction-specific optimal exposure level. All cameras
are triggered simultaneously via a wireless remote, ensur-
ing precise temporal synchronization and sufficient overlap
for stitching.

Twenty panoramic scenarios (10 outdoor daytime, 4
nighttime, and 6 indoor) are captured under diverse illu-
mination conditions. Each scenario is processed using five
blending algorithms: Naive Blending, Feather Blending
(FB) [14], Multi-Band Blending (MBB) [24], Mean-Value
Coordinates Blending (MVCB) [4], and Modified Poisson
Blending (MPB) [15], to generate the test images.

To isolate blending-induced distortions, state-of-the-art
feature detection, matching, and alignment methods are em-
ployed to minimize geometric errors, effectively removing
spatial misalignments and allowing the analysis to focus on
the perceptual impact of blending on luminance inconsis-
tency and detail loss across seams.

4.2. Subjective Test

A controlled subjective test is conducted using a head-
mounted display (HMD), allowing observers to freely ex-
plore each panorama in a full 360° environment while
seated on a swivel chair. Thirty subjects (17 males and 13
females, aged 18-35) evaluate 100 stitched panoramas (20
scenarios x 5 blending algorithms). The order of scenarios
and blending results is randomized to avoid ordering and
fatigue bias.

Each image is rated on three perceptual dimen-
sions—Iuminance inconsistency, detail loss, and overall
quality—using a five-point discrete scale (1=Bad, 5=Ex-
cellent) following the Single-Stimulus ACR protocol [1].
Before scoring, subjects view two contextual visualizations
inside the HMD: (1) a combined 2D FOV layout showing
seven directional views extracted from the unblended in-
puts, and (2) a 360° seam visualization highlighting visible
boundaries. Afterward, the five stitched results of each sce-
nario are presented sequentially for rating relative to the in-
ternal visual expectation formed from the unblended views.

Higher scores indicate smoother brightness across seams,
better texture detail preservation, and higher overall per-
ceptual quality. A short training session precedes the for-
mal test. The obtained three scores per image are used as
ground-truth labels for model training (Section 4.3).

All subjective scores s; are Z-score normalized per par-
ticipant as z; = (s; — u;)/0; to remove rating bias, where
p; and o; are the mean and standard deviation of scores
from subject j. Normalized scores are then rescaled to the
original five-point range and outliers are removed following
ITU-R BT.500. The final mean opinion score (MOS) is ob-
tained by averaging across subjects: MOS = % Z;V:1 2j,
where NNV is the number of valid participants.

4.3. CNN Training Details

All CNN models are trained and tested using a scenario-
wise split of the 20 panoramic scenes, with 10 scenarios
for training and 10 for testing across different environment
types. Each network predicts its corresponding subjective
score (luminance inconsistency, detail loss, or overall qual-
ity) obtained from the subjective test. fonn and genn are
trained independently with their respective MOS labels, and
tren 1s trained on the fused features extracted from the first
fully connected layers of the two trained branches. All input
tensors are normalized before training, and network weights
are initialized using standard PyTorch settings. The Adam
optimizer with an initial learning rate of 1 x 10~% is em-
ployed, and training is stopped early if the validation loss
does not improve for 10 consecutive epochs. Performance
metrics and comparative results are reported in Section 4.4.

4.4. Experimental Results

The proposed method is evaluated on the constructed 360°
stitched image database and compared with the state-of-the-
art IQA algorithms. Three standard criteria are used: the
Pearson Linear Correlation Coefficient (PLCC), the Spear-
man Rank-Order Correlation Coefficient (SRCC), and the
Root Mean Square Error (RMSE). Following the common
practice [3], a five-parameter logistic function maps the
predicted scores to MOS values before PLCC and RMSE
computation using a 50/50 database split for parameter fit-
ting and correlation evaluation to ensure fair comparison.
For non-learning models, the random split is repeated 50
times, and the average result is reported. Learning-based
models, including GC360IQ, VGCN, and ST360IQ, follow
the scenario-wise split in Section 4.3, and each is trained
and tested five times with averaged performance reported.
When model outputs are inversely correlated with MOS, the
absolute SRCC value is used for consistency.

Table | presents the quantitative results on our database.
GC360IQ attains the highest PLCC and SRCC and the low-
est RMSE, showing the best alignment with human per-
ceptual judgments of blending-induced luminance inconsis-



(b)

Figure 2. Examples of stitched panoramas with predicted quality scores. (a) DISTS: 3.53, ST360IQ: 3.78, GC3601Q (ours): 2.79. (b)
DISTS: 3.45, ST3601Q: 3.06, GC360IQ (ours): 4.17. Red box marks luminance inconsistency and the blue box highlights detail loss.
These artifacts are fairly visible in the above figures but become disturbing when viewed in a VR environment.

Table 1. Quantitative comparison of GC360IQ with existing IQA
methods on our database. The best results are highlighted in bold.

Type  Methods PLCC SRCC RMSE
NIQE [9] 0.0853  0.1065  0.8851

NR BRISQUE [8] 0.0364  0.0406  0.8940
VGCN [19] 0.4208  0.4282  0.8721
ST360IQ [16] 0.6192  0.5889  0.7174

PSNR 0.0325  0.1167  0.8870

SSIM [17] 0.3375  0.0962  0.8161
WS-PSNR [13] 0.0307  0.1023  0.8838

FR WS-SSIM [23] 0.3208  0.0818  0.8310
FSIM [22] 0.2807  0.2207  0.8277
VIF[11] 0.6628  0.6734  0.6633

GMSD [20] 0.3238  0.3544  0.8433

DISTS [2] 0.6689  0.6801 0.6494

- GC360IQ (Ours)  0.8555  0.8319  0.4378

tency and detail loss. As shown in Fig. 2, image (a) exhibits
slight luminance inconsistency in the red box and noticeable
detail loss in the blue box, but DISTS and ST360IQ fail to
assign low scores. Image (b) is well stitched with smooth
luminance and clear details, but the competing methods still
underestimated its quality. GC360IQ produces more per-
ceptually consistent predictions in both cases, confirming
its effectiveness in modeling stitching-related distortions.
We assess the contribution of each component through
three ablation experiments, including removing the feature,
the structure branch, and the gradient branch. The results
in Table 2 show consistent performance degradation when
any component is excluded. This confirms that each percep-

Table 2. Ablation study evaluating the effect of input features and
branch fusion on model performance.

Method PLCC SRCC RMSE

w/o Feature (Image X Mask only) 0.3586 0.4192 0.9264
w/o Structure Branch (Gradient only) 0.7727 0.7418 0.5394
w/o Gradient Branch (Structure only) 0.8044 0.8027 0.4940
Proposed Model (GC360IQ) 0.8555 0.8319  0.4378

tual feature and the fusion stage are integral to the model’s
overall effectiveness.

5. Conclusion

In this paper, we presented GC360IQ, a perception-
referenced framework for assessing the quality of 360°
stitched panoramas following a perceptual reference
paradigm, where image quality is evaluated relative to the
observer’s expected visual consistency rather than a pristine
reference. By decomposing perceptual quality into two in-
terpretable dimensions: luminance consistency and detail
fidelity, the model captures key perceptual cues characteriz-
ing blending-related degradations in stitched images. Built
upon the first stitched-image database focusing solely on
blending distortions and validated through subjective ex-
periments, GC360IQ shows strong agreement with human
opinion and outperforms existing FR and NR IQA methods.
The results show that modeling luminance inconsistency
and detail loss effectively describes the perceptual impact of
blending, offering a practical direction for developing per-
ceptually optimized blending algorithms as future work.
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