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Saliency detection in virtual reality (VR) panoramic
dynamic scenes faces two major challenges: geometric
distortion caused by equirectangular projection (ERP)
and the high computational cost of modeling long-
term temporal dependencies. To address these issues,
we propose TAD-Net, a lightweight spatiotemporal
saliency detection framework that integrates cubemap
projection (CMP), temporal attention, knowledge
distillation, and adversarial training. CMP efficiently
reduces panoramic distortion while enabling standard
2D convolutional processing. A dual-stream network
extracts spatial appearance and temporal motion
features, and a temporal attention module enhanc-
es dynamic saliency discrimination. To reconcile the
accuracy—latency trade-off, a heavy teacher model
transfers long-range temporal knowledge to a light-
weight student model via distillation, while adversar-
ial training improves boundary sharpness. Extensive
experiments on Salient360-Dynamic and VR-EyeDy-
namic demonstrate that TAD-Net achieves state-of-
the-art performance, improving AUC-Judd by up to
5.2% while maintaining real-time inference at 35.1
FPS on an RTX 3080 GPU. Cross-dataset evaluation
confirms robust generalization under domain shifts.
The results indicate that the proposed projection—per-
ception—distillation pipeline effectively balances geo-
metric correction, temporal reasoning, and real-time
constraints in VR applications.
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— Image processing
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1. Introduction

Virtual reality (VR) panoramic content has
become an essential component of immersive
computing applications, including interactive
entertainment, cultural heritage visualization,
remote inspection, and simulation-based train-
ing [1]. In such systems, visual saliency de-
tection (SD) plays a critical role in enabling
adaptive rendering, gaze-guided compression,
bandwidth optimization, and user interaction
enhancement. Accurate identification of sa-
lient regions allows VR platforms to allocate
computational and display resources efficient-
ly, thereby improving perceptual quality while
maintaining low latency.

However, saliency detection in panoramic dy-
namic scenes presents two fundamental tech-
nical challenges. First, most VR content is en-
coded using equirectangular projection (ERP),
which maps spherical visual data onto a two-di-
mensional rectangular plane. This represen-
tation introduces severe geometric distortion,
particularly near polar regions, disrupting the
spatial invariance assumptions underlying con-
ventional 2D convolutional neural networks
(CNNs). Although spherical convolution and
tangent-based projections have been proposed
to address distortion, these approaches incur
high computational costs or complex boundary
management, limiting their applicability in re-
al-time VR systems [2].

Second, dynamic scene saliency depends not
only on spatial appearance but also on temporal
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motion patterns [3]. Conventional static salien-
cy models fail to capture motion-driven atten-
tion shifts, while video saliency models de-
signed for planar data do not explicitly account
for spherical deformation. Moreover, advanced
temporal modeling techniques such as long-
range attention or transformer-based architec-
tures often introduce significant computational
overhead, making them unsuitable for laten-
cy-sensitive VR applications where real-time
inference (typically > 30 FPS) is required.

Existing panoramic saliency approaches tend
to optimize either geometric correction or tem-
poral modeling, but rarely under strict com-
putational constraints. Projection-based meth-
ods mitigate distortion yet neglect dynamic
dependencies, whereas heavy spatiotemporal
networks improve accuracy at the cost of infer-
ence speed [4]. Therefore, a unified framework
capable of jointly addressing spherical distor-
tion, motion modeling, and real-time efficiency
remains an open research problem.

To address these limitations, this study propos-
es a lightweight spatiotemporal saliency detec-
tion framework termed TAD-Net (Temporal
Adversarial Distillation Network). The design
follows a projection—perception—distillation
paradigm. First, cubemap projection (CMP)
is employed to convert ERP images into six
low-distortion planar faces, preserving local
spatial structures while enabling efficient use
of standard 2D CNNSs. Second, a dual-stream
architecture decouples spatial appearance fea-
tures from temporal motion cues extracted via
optical flow [5]. A temporal attention module
models inter-frame dependencies to enhance
dynamic saliency discrimination. To reconcile
the accuracy—latency trade-oft, knowledge dis-
tillation transfers long-term temporal reasoning
from a computationally heavy teacher network
to a lightweight student network used during in-
ference. Additionally, adversarial training is in-
troduced to refine saliency boundary sharpness
without increasing inference complexity.

The main contributions of this work are sum-
marized as follows:

1. Projection-aware spatiotemporal mod-
eling: A cubemap-based preprocessing
strategy is integrated into the network ar-
chitecture to mitigate ERP distortion while
maintaining computational efficiency,

2. Lightweight dynamic saliency architec-
ture: A dual-stream network with temporal
attention effectively captures motion-de-
pendent saliency in panoramic scenes,

3. Distillation-driven efficiency optimiza-
tion: Knowledge distillation compresses
long-range temporal reasoning into a light-
weight inference model, enabling real-time
deployment,

4. Comprehensive evaluation and general-
ization validation: Experiments on Sa-
lient360-Dynamic and VR-Eye Dynamic
demonstrate state-of-the-art accuracy with
real-time performance, and cross-dataset
testing confirms robustness under domain
shifts.

By systematically integrating geometric cor-
rection, temporal modeling, and model com-
pression within a unified architecture, TAD-
Net provides a computationally efficient
solution for VR panoramic dynamic saliency
detection.

2. Literature Review

In related research fields, SD and related tech-
nologies have been applied and developed in
different scenarios. Li Q. et al. proposed a mi-
cro-oxidation salient object detection model
(MO-SOD) suitable for planar images to ad-
dress the problems regarding the fact that mi-
cro-oxidation of oxygen-free copper materials
is difficult to identify by the naked eye and that
manual detection is costly and subjective. This
model integrates small target feature extraction,
key target attention pyramid fusion and anchor
box-free decoupling detection modules while
combining complete intersection over union
(CIOU) loss and focus loss to optimize the loss
function, thus achieving efficient and accurate
detection [6]. Lin J ef al. constructed the red-
green-blue-depth (RGB-D) video salient object
detection (SOD) dataset ViDSOD-100 and pro-
posed the attentive triple-fusion network (ATF-
Net) model, providing an effective solution for
RGB-D video SOD [7]. Zhang Y et al. con-
structed the Panoramic Audio-Visual Saliency
10K dataset PAVS10K to advance the develop-
ment of SOD. PAVS10K outperformed all the
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comparison models, providing a foundation for
the study of panoramic image SOD [8].

In terms of processing new sensor data, Li D.
et al. focused on dynamic and active-pixel vi-
sion sensor (DAVS) cameras. In response to the
problem that it is difficult to effectively fuse
spatiotemporal cues between asynchronous
events and frame modes, they proposed the
Streaming Object Detection with Transformer
(SODFormer) model. This model mined spa-
tiotemporal cues through the spatiotemporal
Transformer module and integrated heteroge-
neous modalities using the asynchronous at-
tention fusion module, which performed well
in high-speed motion, low light and other sce-
narios [9]. In the specific application of VR
and panoramic images, Vasic | ef al. developed
a user behavior (UB) tracking algorithm that
combines the salient regions of panoramic im-
ages to explore the interaction mode between
users and virtual cultural heritage in order to
optimize the experience. They used the Ital-
ian virtual museum as input, extracted the re-
gion of interest (ROI) through the VR engine
and counted the visitor behavior. They found
that the ROI was mostly concentrated on the
artworks, which clarified the core interests
of users [10]. Liu Y. et al. combined Bézi-
er curves with 3D models to construct a new
model. Experiments showed that the average
recognition accuracy of the model under dif-
ferent lighting conditions was better than that
of traditional methods [11]. Wang J. ef al. used
multidimensional information analysis tech-
nology to construct an integrated VR system.
This system improved the naturalness and fi-
delity of human-computer interaction [12]. Liu
R. et al. explored the relationship between ur-
ban park landscape quality and visitor experi-
ence through eye-tracking experiments. Their
research results could provide a reference
for the design of landscape VR scenes [13].
Cammarasana S. ef al. analyzed the temporal
changes of geometric and kinematic character-
istics in continuous frames to classify actions.
This method provided a technical reference for
related detection optimization [14].

Existing panoramic approaches largely focus
on static distortion correction while neglecting
temporal continuity, whereas standard video
saliency models capture motion but fail to ad-
dress spherical geometric deformations. TAD-

Net distinguishes itself by bridging this gap
through a unified architecture that simultane-
ously resolves panoramic distortion via light-
weight projection and incorporates long-term
temporal dependencies through knowledge dis-
tillation, thereby overcoming the limitations of
single-domain baselines.

3. Methodology

The proposed architecture implements a "pro-
jection-perception-distillation' pipeline adapted
for resource-constrained VR environments. The
lightweight projection is structurally aligned
with the dual-stream network to minimize
computational redundancy associated with dis-
tortion correction. Furthermore, a knowledge
distillation strategy is employed to transfer
temporal reasoning capabilities from a teacher
network to a lightweight student model. This
optimization aims to balance the wide spatio-
temporal receptive fields required for analysis
with the low-latency constraints of VR interac-
tion.

3.1. Panoramic Image Preprocessing and
Feature Extraction

When processing dynamic panoramic images
for VR, the primary challenge comes from their
unique projection method. Standard equirect-
angular projection (ERP) formats induce severe
polar distortions that compromise the transla-
tion invariance of 2D CNN kernels. To mitigate
this without incurring the computational cost of
spherical convolutions, the proposed framework
utilizes cubemap projection (CMP) to remap
the spherical field into six low-distortion planar
faces, strictly preserving local spatial structures
for efficient feature extraction. [15-16]. To
solve this core problem and meet the require-
ments of VR applications for high real-time
performance, this study first introduced a light-
weight panoramic projection module. The core
function of this module is to efficiently remap
the input ERP format image into a two-dimen-
sional plane representation with less distortion.
The study adopts cubemap projection (CMP) as
the specific implementation of this lightweight
module, as shown in Figure 1.
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Figure 1. Lightweight panoramic projection module.

As shown in Figure 1, CMP projects a spheri-
cal image onto six cubic planes surrounding the
sphere, with each plane (front, back, left, right,
top, and bottom) corresponding to a 90° x 90°
field of view. Compared to spherical convolu-
tions that incur high computational overhead
and tangent representations that complicate
continuity handling, CMP provides the optimal
trade-off between geometric fidelity and infer-
ence efficiency. It minimizes local distortion
within faces while enabling the direct utilization
of highly optimized standard 2D CNNs, there-
by avoiding the latency penalties associated
with specialized spherical geometric operations.
After solving the spatial distortion problem of
static images, the second key step is to build a
feature extraction network that can effectively
handle "dynamic scenes". The salience of dy-
namic scenes depends not only on the appear-
ance of static objects, but more importantly on
capturing the motion information and temporal
context of objects. Therefore, a dual-stream spa-
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Projection
module
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Optical flow
—4 computation

Projection
module

tiotemporal network was constructed to extract
and process these two complementary pieces of
information separately, as shown in Figure 2.

The network in Figure 2 contains a spatial
stream and a temporal stream. The spatial
stream is responsible for extracting appearance
features, and its input is the six cubemap faces
of the current frame 7, after processing by the
lightweight projection module described above.
The backbone network of the spatial stream
adopts a lightweight CNN architecture (such as
MobileNetV3 or a lightweight version of Res-
Net) to ensure high inference speed of the mod-
el. This stream learns the static semantics of the
scene from high-resolution RGB information,
such as object category, texture, color, and con-
tour. Meanwhile, the temporal stream focuses
on capturing motion features. The input of the
temporal stream is the dense optical flow map
O, calculated between two frames /, and /,_;, as
shown in equation (1).

1 Spatial stream (A ppearance)

E spatial
(Multi-scale spatial features) R 2

Spatiotemporal
fusion gz
attention module

E—

Frempora
‘{ (Multi-sénall)%rmoﬁo
features)

| Temporal stream (Motion)

Figure 2. Feature extraction framework of dual-stream spatiotemporal network.
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Ot = f}’low ([t’ Itfl) (1)

In equation (1), /, and /,_, represent the current
frame and the previous frame, respectively.
F 0w Tepresents an efficient optical flow esti-
mation algorithm that estimates a two-dimen-
sional motion vector for each pixel. The gen-
erated optical flow map O, is also projected
through a cubemap (to match the input format
of the spatial flow) and then fed into a tempo-
ral backbone network with a similar structure
to the spatial flow but independent weights. To
enable the subsequent attention module to fuse
information of different granularities, both data
streams employ a multi-scale feature extraction
strategy, as shown in Figure 3.

As shown in Figure 3, feature maps are extract-
ed from different stages (e.g., shallow, middle,
and deep) of the two backbone networks to
obtain a set of hierarchical spatiotemporal fea-
tures. This process is shown in equation (2).

I:sfmtial = Nv];)atial ( {j;roj (I t )}1'6:1
Fk = '/\/'t]ecmpoml ( {Y;rqj (Ot )}:'5:1 )

temporal

2

In equation (2), 7, represents the cube map-
ping projection operation, and i = 1..6 rep-
resents the six faces of the cube. N kspmml and
N k,empoml represent the feature extraction sub-
networks (i.e., part of the backbone network)
at the k-th scale of the spatial flow and tempo-
ral flow, respectively. Fpuiq and F ktemporal are
the extracted appearance and motion feature
maps at the k-th scale. Through multi-scale spa-
tiotemporal feature extraction and fusion, the
model efficiently decouples the dynamic scene
into a rich set of multi-scale spatiotemporal fea-

Spatial stream backbone Temporal stream backbone

Fusion operations

ture representations while preserving the spatial
structure integrity of the panoramic image.

3.2. Optimization of the SD Model in
Dynamic Scenarios

After the constructed dual-stream spatiotem-
poral network provides rich but separate multi-
scale appearance features, the current core task
is to design an efficient optimization model to
achieve accurate and real-time saliency dis-
crimination of dynamic scenes [17-19]. Sim-
ply fusing spatiotemporal features is insuf-
ficient to cope with the complex dynamics in
VR scenes, such as the instantaneous appear-
ance of objects, occlusion, and global optical
flow interference caused by camera movement
[20]. To justify the architectural complexity, the
proposed pipeline employs a complementary
"Capture-Compress-Refine" strategy. While
standard temporal attention effectively models
dynamic dependencies on the low-distortion
CMP plane without requiring heavy spherical
geometric adaptations, its computational cost
inhibits real-time performance. Consequently,
knowledge distillation is strictly employed to
transfer this high-level temporal reasoning into
a lightweight student network, while adversar-
ial training is introduced specifically to coun-
teract the prediction blurring often caused by
distillation-based regression, ensuring that the
final saliency maps retain sharp boundaries.
The study first introduced a temporal attention
module to enhance the model's understanding
of dynamic evolution and its ability to discrim-
inate key temporal nodes, as shown in Figure 4.
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Figure 3. Multi-scale spatiotemporal feature extraction and fusion.
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Figure 4. Structure of the temporal attention module.

In Figure 4, operating on a sequence of N
consecutive spatiotemporal feature maps, the
module utilizes self-attention to dynamically
recalibrate feature importance along the tem-
poral dimension. By treating feature maps as
tokens, the mechanism explicitly models the
correlation between frames, enabling the net-
work to distinguish consistent motion patterns
from transient noise without relying on manu-
al feature engineering. This allows the module
to learn the fact whether an object becomes
salient because of its continuous motion or a
suddenly appearing object is more salient than
an object moving at a constant speed in the
background, thereby effectively strengthening

the discrimination ability of dynamic salient
regions and suppressing non-salient motion
interference. The output of the module is a
highly refined salient feature map after tempo-
ral context awareness and weighting. Howev-
er, although the complex attention mechanism
can improve accuracy, it usually brings huge
computational burden, which is contrary to the
35fps real-time inference speed required by
VR applications [21-22]. In order to solve this
inherent contradiction between accuracy and
speed, the study adopted two advanced train-
ing strategies to optimize a lightweight student
model. The first strategy is KD, as shown in
Figure 5.
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====== Joss
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Figure 5. KD training strategy.
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As shown in Figure 5, this model can have
deeper networks (such as ResNet-101), more
complex attention structures, and longer tem-
poral dependencies (such as N=10), with the
goal of achieving the highest accuracy without
considering speed. During training, a teacher
model T generates Sy,,..» and the lightweight
student model G not only learns to minimize
the significance loss Ly, of the true label
S, but is also forced to ensure that the logits
distribution Sg;,4.,, Of its output approximates
the distribution of Sy,,..,- This learning by im-
itation is achieved through a special distillation
loss Lgp, which forces the student model G to
learn the hidden knowledge and stronger gen-
eralization ability of the teacher model 7, as
shown in equation (3) [23].

LKD = KL(SStudent / T || STeacher / T) (3)

In equation (3), KL is the Kullback-Leibler di-
vergence, 7 is the "temperature" hyperparam-
eter of distillation used to smooth the output
distribution of the teacher model. Secondly, to
further improve model performance, especially
the edge sharpness and visual realism of the sa-
liency map, an adversarial training strategy was
introduced, as shown in Figure 6.

In Figure 6, the student model G is consid-
ered as a generator whose task is to generate
a salient map that is indistinguishable from the
real one. At the same time, a discriminator net-
work (Discriminator D) is introduced, which
is a binary classification CNN, whose task is

to distinguish between the G-generated salient
map Sg,q.n: and the real labeled map S For
the generator G, the goal is to minimize the fol-
lowing loss, that is, to maximize the probability
that the discriminator D classifies its generated
result as "real", as shown in equation (4).

Lol G) = = 10g(D(Ssudens)) “4)

In equation (4), D(Ss,4en) 15 the probability
that the discriminator D classifies Sg;, 4., as a
real image. Finally, the total loss function of
the model is a weighted sum that combines all
optimization objectives and is used to train the
student network G end-to-end. First, the basic
saliency 1088 Lyjjen, 18 defined, which consists
of pixel-level binary cross-entropy (BCE) loss
and region-level intersection over union (IoU)
loss, as shown in equation (5).

Lsaliency = LBCE + LIOU (5)

In equation (5), the BCE loss is the core of the
SD task, and its calculation method is shown in
equation (6).

1 n A
LBCE :_ﬁ;[yi 10g(yi)+(1_yi)log(l_yi)] (6)

In equation (6), N is the total number of pix-
els, y; is the true label (0 or 1) of the i-th pixel,
and y, is the probability that the model predicts
the pixel to be significant. The loss L;,;; 1s used
to optimize the overlap between the predicted
map and the true map on the region contour.
Combining all loss terms, the total loss Ly, 1s
shown in equation (7).

_Training
discriminator

Backprop (update generator)

Adversarial
Loss

Figure 6. Optimization strategy for adversarial training.
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LTotal = }“sal ) Lsaliency + /1kd ’ LKD (7)
+ j’adv ) LADV (G)

In equation (7), Ay, A4y and 4,4, are hyperpa-
rameters used to balance the importance of var-
ious tasks. Through this complete optimization
process that combines temporal attention, KD,
and adversarial training, the study can com-
prehensively improve the accuracy, speed, and
generalization of SD in dynamic VR scenes.
The proposed method is named temporal ad-
versarial distillation saliency network (TAD-
Net).

4. Results and Analysis

4.1. Performance Testing of VR
Panoramic Image SD Method

To conduct model training and performance
comparisons, all experiments were performed
in a unified hardware and software environ-

ment. The hardware configuration consisted of
an NVIDIA GeForce RTX 3080 (10GB) GPU,
an AMD Ryzen 7 5800X CPU, and 32GB of
RAM. The software environment used Ubuntu
20.04, with PyTorch 1.10 as the deep learning
framework and CUDA 11.3 for acceleration. To
verify the effectiveness of each model compo-
nent, ablation experiments were conducted on
the Salient360-Dynamic dataset. M1 served
as the baseline model, containing only spatial
flow. M2 added temporal flow to M1. M3 add-
ed a temporal attention module. M4 added ad-
versarial training (GAN). M5 added KD to M4.
In the metrics, 1 indicates higher performance
and | indicates lower performance. The results
of the model ablation experiments are shown in
Table 1.

As shown in Table 1, the comparison between
the spatial-only baseline (M1) and the du-
al-stream model (M2) reveals that removing
optical flow leads to a sharp performance drop
(approximately 3% in AUC-Judd), strictly val-
idating the necessity of motion cues despite the
computational overhead. To mitigate potential
flow unreliability in fast-motion or low-texture
scenarios, the temporal attention module (M3)

Table 1. Results of model ablation experiment.

AUC-Judd F-measure (Fbw) MAE NSS
Model C t
ode omponents 0 ™M () 0
MI Bascline (spatial | ) ¢517 1 (006 0.6133 + 0.007 0.1204 + 0.003 2.1039+0.016
stream only)
M2 Mi :trt:;‘goral 0.8509+0.005 | 0.6721+0.006 | 0.1033+0.002 | 245180013
M3 M2+ temporal 0.8711 % 0.003 0.7018 + 0.004 0.0917 + 0.002 2.6844 +0.010
attention
M4 M3 +adversarial | 504 1 0003 0.7153 + 0.004 0.0921 + 0.002 2.7103 +0.010
training (GAN)
M5 Ours (M4 +KD) | 0.8803 + 0.002 0.7296 + 0.003 0.0864 = 0.001 2.8022 + 0.008
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effectively functions as a reliability gate, dy-
namically down-weighting corrupted motion
features and shifting focus to spatial represen-
tations when optical flow estimation degrades.
Interestingly, after adding adversarial train-
ing, M4 showed a significant improvement in
F-measure (Fbw), consistent with the expecta-
tion that GANs could optimize edge contours.
However, the MAE metric showed a slight
deterioration of 0.0004, possibly due to the
slight sacrifice of pixel-level average accuracy
in adversarial game theory. Finally, M5 (TAD-
Net), after incorporating KD, comprehensively
improved all metrics, especially correcting the
deterioration of M4 in MAE, reaching an op-
timal value of 0.0864. This demonstrates the
comprehensive improvement of model gener-
alization and robustness brought about by the
KD strategy. For training parameter settings, all
models used the AdamW optimizer with an ini-
tial learning rate of 1™, using cosine annealing
for learning rate decay. The batch size was set
to 8. The input image resolution was uniformly
adjusted to 1024x512. To ensure statistical re-
liability and reproducibility, all quantitative ex-
periments were repeated five independent times
using fixed random seeds. Consequently, the
reported metrics represent the mean + standard
deviation (SD). Statistical significance was val-
idated using paired t-tests based on the results
of the five independent runs (N = 5). These tests

0.4 P
0.3 'u —— TAD-Net
s Baseline +M3
. [ Baseline (M 1)
g o02r |
—
a ||
0.1F h
‘;,:11 ,
0.0 i S S
0 50 100 150 200 250 300 350
Epoch
(a) Error.

were performed separately for each evaluation
metric, where p-values < 0.05 confirmed that
performance improvements over comparison
methods were statistically significant. Figure 7
shows the model's training convergence over
350 epochs.

Figure 7(a) shows the change in error with the
number of training epochs, and Figure 7(b)
shows the change in loss with the number of
training epochs. Both figures clearly show
that the proposed TAD-Net method signifi-
cantly outperformed the comparative methods
in both convergence speed and performance.
TAD-Net's curve showed a rapid descent,
with both error and loss converging to their
minimum points at approximately 60 epochs,
demonstrating marked training efficiency. Ta-
ble 2 shows a comparison of the accuracy of
TAD-Net and state-of-the-art (SOTA) methods
on the dynamic panopticon dataset.

As shown in Table 2, TAD-Net surpassed com-
parison methods in all accuracy metrics across
the two mainstream datasets. Method-A and
Method-B suffered from performance lim-
itations due to their lack of ability to handle
panoramic distortion and dynamic temporal
sequences. Method-C achieved an AUC-Judd
value of 0.8368 on the Salient360-Dynamic
dataset, while TAD-Net reached 0.8803. Ta-
ble 3 compares the complexity and inference
speed of TAD-Net with SOTA methods.

40T
il
3.0 'I'ﬁ, ———— TAD-Net
) Baseline +M3
1 Baseline (M 1)
« L
g20f |
= a
101 H
1 e e
0.0 1 1 1 lrr 1 1 1
0 50 100 150 200 250 300 350
Epoch
(b) Loss.

Figure 7. Comparison of model decoding performance.



74

D. Kong, H. Hao and B. Gao

Table 2. Accuracy comparison of TAD-Net and SOTA methods on dynamic panoramic datasets.

AUC-Judd |F-measure (Fbw) MAE CcC NSS
Dataset Method
arase e (M M 0 M )
Method-A
(CVPR22) 0.8316 £ 0.005 | 0.6508 =£0.006 | 0.1119+£0.002 | 0.7102 £0.007 | 2.2138 £ 0.015
2
g Method-B 0.8104 £0.004 | 0.6277 +£0.005 | 0.1253£0.003 | 0.6921 £ 0.006 | 2.0594 £ 0.012
5 (ECCV22) . . . . . . . . . .
=
3 Method-C
§ (ICCV'23) 0.8368 £ 0.003 | 0.6802 +0.004 | 0.0974+0.001 | 0.7419 £0.005 | 2.5011 £ 0.010
&3
Ours
+ + + + +
(TAD-Net) 0.8803 +£0.002 | 0.7296 +0.003 | 0.0864 = 0.001 | 0.7833 £ 0.004 | 2.8022 + 0.008
Method-A
(CVPR22) 0.8011 £0.006 | 0.5912+0.007 | 0.1403 +0.003 | 0.6517 £0.008 | 1.9813 +£0.014
2
g Method-B
+ + + + +
§ (ECCV22) 0.7933 £0.005 | 0.5839+0.006 | 0.1477 +0.004 | 0.6439 +£0.007 | 1.9127 £0.013
(@)
> Method-C
s} ethod-
g (ICCV'23) 0.8126 £0.004 | 0.6137+0.005 | 0.1296 +0.002 | 0.6808 +0.006 | 2.1051 £ 0.011
Ours
+ + + + +
(TAD-Net) 0.8549 +£0.003 | 0.6582+0.004 | 0.1171 £0.001 | 0.7246 £ 0.005 | 2.3416 + 0.009
Table 3. Comparison of complexity and inference speed between TAD-Net and SOTA methods.
Method Backbone | Params (M) () | GFLOPs (}) Mem"&‘g (MB) FPS (1)
Method-A
(CVPR22) ResNet-50 45.1 102.3 1152 18.2
Method-B .
(ECCV"22) Spherical-Net 38.2 151.8 1789 12.7
Method-C .
(ICCV'23) Swin-T 30.1 75.4 1024 26.8
Method-D (TPA- .
MI22) ViT-B/16 86.5 170.6 2156 9.9
Method-E .
(CVPR'23) MobileNetV3-L 7.5 359 641 30.5
Ours (TAD-Net) Custom-light 12.7 41.21 718 35.1
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Results presented in Table 3 illustrate signifi-
cant efficiency advantage of TAD-Net. Meth-
ods B and D had the lowest FPS. Methods
A and C failed to meet the standards for re-
al-time VR applications. Method E's FPS was
still slightly lower than the proposed method.
In contrast, TAD-Net, through its lightweight
backbone network and efficient optimization
strategies, achieved only 12.7M parameters
and maintained a low GFLOPs of 41.2. Most
importantly, TAD-Net achieved an inference
speed of 35.1 FPS on an RTX 3080, making it
the only method among the compared methods
to meet the real-time processing requirements.
TAD-Net achieved SOTA accuracy while
maintaining optimal inference efficiency, thus
achieving the best balance between accuracy
and speed. While the reported 35.1 FPS on an
RTX 3080 validates real-time capabilities for
high-performance workstations, deployment
on resource-constrained standalone VR head-
sets may exhibit lower frame rates. However,
given the model's low computational complex-
ity (41.2 GFLOPs), preliminary theoretical es-
timates suggest that mid-range mobile GPUs
(e.g., NVIDIA Jetson series) can sustain >15
FPS, which remains viable for non-competi-
tive VR interaction. Future work will focus on
INT8 quantization and TensorRT optimization
to fully bridge the gap for embedded deploy-
ment. Crucially, the apparent architectural com-
plexity is confined strictly to the offline training
phase, where heavy components like the teach-
er network and GAN discriminator are utilized
to transfer knowledge. During inference, these
modules are discarded, leaving only the light-
weight student model. Therefore, the 5.2% im-
provement in AUC-Judd represents a substan-
tial breakthrough within the strict constraints
of real-time processing, justifying the training
complexity by overcoming the performance
bottleneck that limits standard lightweight
baselines.

4.2. Simulation Validation of VR
Panoramic Image SD Method

The study selected scenes from the Sa-
lient360-Dynamic test dataset to evaluate the
robustness of the model in complex dynam-
ic environments. In Figure 8, Baseline 1 and
Baseline 2 correspond to two SOTA compari-

son methods with higher and lower overall per-
formance, respectively. All input images were
uniformly set to 1024x512 resolution.

Figure 8(a) shows the input frame, and Figure
8(b) shows the ground truth label. In the first
row, the "Fast Motion" scene, the input frame
contained a subject with significant motion
blur. The prediction result of Baseline 1 (Fig-
ure 8(d)) was significantly larger than the real
object and Baseline 2 (Figure 8(e)) failed to
capture the complete shape. In contrast, TAD-
Net (Figure 8(c)) effectively processed motion
information and generated a saliency map that
was almost identical to GT. In the second row,
the "Occlusion" scene, the subject was divided
into two parts by a foreground pillar (Occlud-
er). Baseline 1 (Figure 8(d)) incorrectly iden-
tified the occluder (pillar) as a saliency region
and Baseline 2 (Figure 8(e)) almost completely
lost the smaller occluded part. TAD-Net (Figure
8(c)) accurately identified the two visible sa-
lient parts and completely ignored insignificant
occlusions, demonstrating the model's power-
ful scene understanding and discrimination ca-
pabilities. Although CMP introduces boundary
discontinuities, the proposed framework miti-
gates seam artifacts through the expansive re-
ceptive fields of deep convolutional layers and
the consistency constraints of knowledge distil-
lation. By forcing the student network to mimic
the teacher's continuous probability distribu-
tion, the model learns to implicitly interpolate
features across cube faces. Qualitative evidence
in Figure 8 confirms this geometric consisten-
cy, where large dynamic objects spanning mul-
tiple faces are detected as coherent, non-frag-
mented regions. While CMP inherently creates
geometric discontinuities at cube edges, the
architecture ensures seam consistency through
the aggregation of deep features with wide re-
ceptive fields and the regularization effect of
knowledge distillation. The student model is
constrained to replicate the teacher's seamless
global attention, effectively bridging projection
gaps. As evidenced qualitatively in Figure 8,
salient regions spanning across adjacent cube
faces exhibit smooth continuity without frag-
mentation, demonstrating the model's robust-
ness against projection artifacts. A visualization
comparison of different methods in complex
backgrounds and small object scenes is shown
in Figure 9.
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Figure 8. Visual comparison of TAD-Net and two baseline methods in dynamic and occluded scenes.
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Figure 9. Visual comparison of different methods in scenes with complex backgrounds and small objects.

In Figure 9, in the first row, "Complex Back-
ground," both Baseline 1 and Baseline 2 were
severely affected by high-frequency noise, re-
sulting in numerous false positives (Figure 9(d)
and Figure 9(e)). TAD-Net (Figure 9(c)) suc-
cessfully suppressed all background noise and
accurately located the unique target. In the sec-
ond row, "Small Object" scene, both Baseline
methods (Figure 9(d) and (e)) failed to detect
the small target, leading to missed detections.
TAD-Net (Figure 9(c)) still successfully cap-
tured the target, demonstrating that TAD-Net
significantly outperformed the baseline models
in both noise robustness and detection sensitiv-

ity.

4.3. Cross-Dataset Generalization
Analysis

To evaluate the model's robustness against do-
main shifts and diverse VR content acquisition
conditions (e.g., varying lighting and capture
devices), cross-dataset validation was con-
ducted. Specifically, the model trained on the
Salient360-Dynamic dataset was directly eval-
uated on the VR-EyeDynamic dataset without
fine-tuning, and vice versa. The results are pre-
sented in Table 4.

As indicated in Table 4, although a minor per-
formance decline is observed in the cross-data-
set settings due to inherent distribution differ-
ences between datasets, TAD-Net maintains a
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Table 4. Cross-dataset generalization performance of TAD-Net.

Training Set Testing Set Condition AUC-Judd CC NSS
Salient360 Salient360 Within-Dataset 0.8803 0.7833 2.8022
Salient360 VR-Eye Cross-Dataset 0.8412 0.7015 2.2841

VR-Eye VR-Eye Within-Dataset 0.8549 0.7246 2.3416
VR-Eye Salient360 Cross-Dataset 0.8256 0.6988 2.4103

robust performance level (e.g., AUC > 0.82).
This confirms that the proposed architecture
learns generalized spatiotemporal saliency
representations rather than overfitting specific
dataset biases, demonstrating strong adaptabili-
ty to unseen real-world VR scenarios.

5. Conclusion

This study presented TAD-Net, a lightweight
spatiotemporal saliency detection framework
designed for VR panoramic dynamic scenes.
The framework addresses two primary chal-
lenges in panoramic saliency detection: geo-
metric distortion introduced by equirectangular
projection and the high computational cost asso-
ciated with long-range temporal modeling. By
integrating cubemap projection, a dual-stream
spatiotemporal architecture, temporal attention,
knowledge distillation, and adversarial refine-
ment within a unified pipeline, the proposed
approach achieves a balance between accuracy
and real-time efficiency.

Experimental results on Salient360-Dynam-
ic and VR-EyeDynamic datasets demonstrate
that TAD-Net consistently improves saliency
detection performance while maintaining re-
al-time inference capability. The ablation anal-
ysis confirms the complementary contributions
of motion modeling, attention refinement, and
distillation-based compression. Cross-dataset
evaluation further indicates that the learned

representations generalize across different ac-
quisition conditions and scene distributions,
suggesting robustness to domain shifts.

From a computational perspective, the pro-
posed projection—perception—distillation strate-
gy provides an effective solution to the inherent
trade-off between spherical distortion correc-
tion and temporal dependency modeling. By
confining heavy architectural components to
the offline training stage and deploying only the
lightweight student network during inference,
the framework maintains low computational
overhead without sacrificing discriminative ca-
pacity.

Despite these advances, several limitations re-
main. The current framework relies on pre-com-
puted optical flow for motion modeling, which
introduces additional preprocessing cost and
potential sensitivity to flow estimation errors.
Future work will investigate end-to-end motion
encoding strategies that reduce dependency on
explicit optical flow computation. In addition,
further optimization through model quantiza-
tion, pruning, or hardware-aware acceleration
(e.g., TensorRT or edge deployment strategies)
may improve adaptability to resource-con-
strained VR devices. Finally, expanding evalua-
tion to larger and more diverse panoramic data-
sets will help assess scalability and robustness
in more complex real-world VR environments.

Overall, this work demonstrates that distor-
tion-aware projection combined with distil-
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lation-driven model compression is a viable
direction for efficient panoramic dynamic sa-
liency detection in immersive computing sys-
tems.
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