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Abstract

Panoramic object detection is constrained at three levels of the detection pipeline: equirect-
angular projection deforms the input representation, crowded scenes weaken feature
discrimination and complicate overlapping predictions, and high-resolution imagery in-
creases the computational cost. We organized these challenges in a constraint-oriented
framework comprising representation-, detection-, and computation-level branches around
a common YOLOV7 reference architecture. The branches were independently configured
and evaluated rather than cumulatively optimized as a single detector. At the represen-
tation level, spherical rotation augmentation, adaptive sampling, routed attention, and
detail-preserving transformation yielded an 86.9% mAPs5; and a 62.7% mAP5(.95 on full
PanoWe, increases of 1.8 and 0.9 percentage points over the branch-specific YOLOV? refer-
ence, while the recall increased by 3.0 points and the precision decreased by 1.1 points. At
the detection level, strengthened cross-scale interaction, overlap-aware post-processing,
and a normalized Wasserstein distance (NWD) localization term yielded an 86.2% mAPs,
a 64.1% mAP5(.95, and a 91.1% recall on a manually curated 1264-image crowded-scene
subset, with a 1.1-point precision decrease relative to its reference. At the computation
level, partial convolution and layer-adaptive magnitude pruning retained an 83.8% mAPsg
with 19.4 million parameters and 43.0 theoretical GFLOPs, reductions of 47.4% and 58.9%
at a cost of 1.3 mAPs5, points. These preserved single-run results support a stage-aligned
analysis of the accuracy, recall, and model-complexity trade-offs; they do not establish
additive gains across branches or statistically significant superiority. The throughput
measured on the recorded hardware platform and an external evaluation on the public
360-Indoor benchmark are additionally reported to characterize the deployment behavior
and generalization beyond the in-house collection.

Keywords: panoramic image; object detection; geometric distortion; crowded-scene detection;
model compression; network pruning

1. Introduction

Panoramic images capture an approximately 360° horizontal and 180° vertical field
of view and therefore provide substantially more scene context than perspective images.
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This coverage is useful in autonomous driving, aerial monitoring, and panoramic scene
understanding [1-4]. Applying a conventional detector directly to panoramic imagery,
however, exposes constraints at three levels of its pipeline: nonuniform geometric dis-
tortion affects representation, small and overlapping objects challenge feature interaction
and prediction, and high-resolution inputs increase the computational cost. These levels
provide the organizing structure of this study. Figure 1 illustrates the representation-level
mismatch between a fixed convolutional grid and a learned deformable pattern on the

same ERP scene.

(b)

Figure 1. Sampling locations on the same ERP panoramic scene. The regular grid remains spatially

uniform, whereas the deformable pattern moves sampling points toward the distorted object support.
(a) Regular convolution with a fixed 3 x 3 sampling grid. (b) Deformable convolution with learned
sampling offsets.

The first problem arises from equirectangular projection (ERP), the most common
format for storing and processing panoramic images. Mapping a sphere onto a plane causes
latitude-dependent stretching, especially near the poles [3,5,6]. This spatial deformation
conflicts with the translation-invariance assumption of standard convolutional neural
networks (CNNS), so kernels with fixed sampling positions may not follow the contours of
distorted objects.

The second problem is the loss of information about small objects. Because panoramic
images cover a large field of view at a high resolution, many objects occupy only a small
fraction of the image and frequently overlap. Geometric distortion and repeated network
downsampling can suppress their fine textures and high-frequency boundary cues [7].
Once these signals have decayed during cross-level propagation, conventional feature
fusion may not recover enough information for reliable classification and localization [8,9].

The third problem concerns the computational complexity. High-resolution panoramic
inputs require considerable computational and memory resources. Increasing the network
depth or adding attention modules may improve the accuracy, but they also increase
the model size and arithmetic cost. Reducing parameters and theoretical floating-point
operations (FLOPs) without a disproportionate loss of detection accuracy is therefore an
important model-compression objective. The latency obtained on a deployment platform
additionally depends on the execution library and on whether the induced sparsity is sup-
ported by the target hardware, so model-complexity reduction and throughput measured
on the recorded platform are reported separately in this study.

Previous studies usually concentrated on one constraint level. Spherical CNNs and
projection-specific operators address representation through geometry-specific sampling,
conversion, or reprojection [5,10,11]; crowded-object methods strengthen multiscale interac-
tions or prediction processing; and efficient detectors reduce operator or parameter redun-
dancy. Treating these directions only as a list of modules obscures where each intervention
acts and which trade-off it is intended to control. We therefore ask: How should a detector
be adapted at each of the representation, detection, and computation levels to address the principal
constraints of panoramic object detection, and what level-specific benefits and costs are supported by
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the available experiments? The corresponding questions test (i) whether projection-oriented
transformations improve aggregate detection, (ii) whether stronger interaction and overlap-
aware post-processing favor recall in crowded scenes, and (iii) whether partial convolution
and pruning reduce the complexity with limited accuracy loss. The three levels are orga-
nized by a common constraint-to-stage design logic; the corresponding configurations are
trained and evaluated independently, and their gains are not assumed to be additive.

As illustrated in Figure 2, the study organizes distortion-oriented representation,
crowded-scene detection, and model compression as three levels organized by one
constraint-oriented design logic. The main contributions are as follows:

*  We formulated a stage-aligned mapping from panoramic-detection constraints to
representation-, detection-, and computation-level interventions. This mapping sup-
plies a common rationale and comparison vocabulary; the three configurations are
evaluated independently and their gains are not assumed to be additive.

e At the representation level, we adapted published spherical augmentation, de-
formable sampling, routed attention, and detail-preserving downsampling to an
ERP-preserving YOLOvV7 configuration and analyzed its aggregate accuracy, recall,
precision, and feature-computation trade-off on full PanoWe.

. At the detection level, we combined Star-based interactions, gather-and-distribute
fusion, and soft-NMS and quantified the resulting recall-precision trade-off on a
manually curated 1264-image crowded-scene subset. The evidence is explicitly limited
to aggregate subset metrics rather than size-specific AP.

¢ At the computation level, we combined partial convolution and layer-adaptive magni-
tude pruning (LAMP), recovering both cumulative and pruning-sensitivity evidence
to characterize the accuracy—parameter—FLOP trade-off on full PanoWe rather than
inferring the unmeasured device latency.

[ Constraint-Oriented Panoramic Object Detection around a Common YOLOvV7 Reference ]
Representation-Level Constraint Detection-Level Constraint Computation-Level Constraint
ERP Geometric Deformation Crowding and Occlusion High-Resolution Cost

I J l

3D rotation-field augmentation Star block / GD fusion PTConv / ELAN-P
ELAN-D / BiFormer / SPD Soft-NMS post-processing LAMP pruning

I l l

[ Full PanoWe evaluation ] [ Occlusion-focused subset ] [Accuracy—complexity trade-Off]

Figure 2. Constraint-oriented framework for panoramic object detection. The common research logic
maps representation-, detection-, and computation-level constraints to stage-aligned interventions
and outcomes. The three configurations were evaluated independently; arrows do not denote
cumulative training across branches.

2. Related Work
2.1. Panoramic Object Detection and Geometry-Aware Representation

ERP is widely used for panoramic imagery, but its nonlinear spherical-to-planar map-
ping produces nonuniform geometric distortion. Geometry-aware approaches perform
feature learning with spherical sampling or alternative spherical and polyhedral represen-
tations [3,5,10]. ERP-based architectures instead retain the native projection and explicitly
account for its boundary discontinuity and latitude-dependent deformation [4,6].

Data-driven geometry modeling provides another approach. Deformable convolution
adjusts sampling locations to match local shape changes [12,13], while distortion-aware
filters modify receptive fields according to the panoramic projection [6]. Transformer-based
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models use long-range self-attention to connect spatially separated regions [4,14,15]. These
studies provide complementary solutions, but optimize different parts of the panoramic-
detection pipeline. Geometry-specific sampling offers a projection prior, but can require
specialized operators; alternative spherical or polyhedral representations reduce ERP de-
formation at the cost of representation conversion; ERP-native transformers model the
long-range structure, but add computational cost. The present study does not claim a new
projection operator. Instead, it examines a task-specific integration of local adaptive sam-
pling, routed contextual interaction, and detail-preserving downsampling while retaining
the ERP representation.

2.2. Crowded-Scene and Occlusion-Aware Detection

Small objects occupy few pixels in panoramic images and are often densely distributed
or occluded. Feature pyramid networks combine shallow spatial detail with deeper se-
mantic features and have become a standard component of object detectors [9]. Across
conventional small-object detection and infrared small-target detection, later work has
used feature enhancement, contextual reasoning, and attention to amplify weak target
responses [8,16,17].

Prediction-stage optimization is also relevant to crowded scenes. Conventional non-
maximum suppression (NMS) can remove valid detections when objects overlap. Soft-NMS
decays scores instead of discarding boxes at a fixed overlap threshold [18]. The normal-
ized Wasserstein distance (NWD) models bounding boxes as Gaussian distributions and is
less sensitive than the intersection over union (IoU) to small coordinate shifts [19]. These
mechanisms complement multiscale feature fusion by acting on localization and overlap-
ping predictions. NWD was adopted in the detection-level branch described in Section 3.4,
where it complemented soft-NMS by making the localization term less sensitive to small
box displacements.

2.3. Efficient Object Detection and Model Compression

Efficient detectors are needed for mobile robots, aerial inspection, and other resource-
constrained systems. One line of work designs lightweight operators, including depthwise
separable and partial convolution, to reduce the cost of feature extraction [20,21]. Another
compresses trained networks by pruning weights or allocating sparsity across layers [22].
These approaches address different forms of redundancy, although aggressive compression
can reduce the accuracy. Panoramic detection places additional pressure on memory and
computation because both the input resolution and the scene complexity are high.

Table 1 summarizes the distinct scopes of representative approaches. The literature
provides strong objective-specific mechanisms, but their positions in the panoramic-detection
pipeline and their different accuracy, recall, and efficiency criteria are not naturally expressed
by a single module-level comparison. This motivates the constraint-oriented view used
here: geometry handling is assigned to representation, crowded-scene interaction and post-
processing to detection, and redundancy reduction to computation. The view is an organizing
and design framework, not a claim that all mechanisms have been jointly optimized.

Table 1. Scope of representative method families relevant to this study. This is a methodological
comparison rather than a common-protocol accuracy ranking.

Method Family

Representative Studies Primary Mechanism

Limitation Motivating the
Present Study

Spherical or alternative
representations

SphereNet, SpherePHD,
and spherical/polyhedral
learning [3,5,10]

Specialized geometry or
Projection-specific sampling or a representation conversion can
non-ERP feature representation complicate the reuse of a

conventional ERP detector.
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Table 1. Cont.
. . . . . Limitation Motivating the
Method Family Representative Studies Primary Mechanism Present Study
Primarily addresses geometric
ERP-native Distortion-aware filters Latitude-aware filtering, boundary representation; computational and
distortion modeling and PanoSwin [4,6] modeling, or panoramic attention crowded-scene objectives
remain separate.
. Feature pyramids, contextual Multiscale fusion, contextual Ev1d§ nce on conventional or
Small- or crowded-object . . specialized small-target data does
. enhancement, soft-NMS, interaction, and overlap-aware . . e .
detection o - not establish size-specific gains on
and NWD [9,16,18,19] prediction processing .
panoramic data.
Efficient detection Mobile operators, partial Operator-level redundancy reduction Parameter and FLOP reductions do

and compression

convolution, and LAMP [20-22] and weight pruning

not necessarily translate into
device-level acceleration.

3. Proposed Method

This section presents a constraint-oriented framework for adapting a conventional
detector to panoramic imagery. The framework maps each identified constraint to the stage
at which it enters the pipeline, the intervention used to address it, and the outcome used
to evaluate it. YOLOV7 provides the common reference architecture. The three branches
instantiate the framework independently because the preserved experiments do not contain
a jointly trained configuration.

3.1. Overall Architecture

Figure 2 summarizes the framework. Its unifying principle is stage alignment: a
representation constraint is addressed before and within feature extraction, a detection
constraint is addressed through feature interaction and prediction processing, and a compu-
tation constraint is addressed through operator redesign and weight pruning. Each branch
starts from a YOLOV?7 reference and produces a constraint-specific trade-off. The branches
are conceptually connected by this mapping, but empirically parallel rather than a se-
rial network.

3.2. Framework Integration and Experimental Scope

The framework is integrated at the level of problem formulation rather than model
weights. Spherical rotation, ELAN-D, BiFormer, and SPD address how ERP content is
represented; Star blocks, GD fusion, and soft-NMS address how weak and overlapping
evidence is propagated and retained; and ELAN-P and LAMP address how computations
and parameters are allocated. This stage—constraint-outcome mapping gives the three
branches a common design language and enables their trade-offs to be interpreted together.

Their experimental evidence nevertheless remains independent. A future combined
implementation is technically possible because the interventions act at partly separable
stages, but additivity cannot be assumed. DCNv4, routed attention, GD fusion, and SPD
can increase memory access or the arithmetic cost and therefore counteract the compression
objective. Conversely, unstructured pruning may remove weights important to routing
or adaptive sampling unless sparsity and fine-tuning are re-optimized. Soft-NMS can be
attached without retraining, but changes the precision-recall operating point. Accordingly,
the framework guides configuration selection rather than representing a validated all-in-
one detector: representation-level adaptation is the relevant branch when ERP deformation
is primary, the detection-level branch when crowded-scene recall is primary, and the
computation-level branch when the model size and theoretical arithmetic cost dominate.
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3.3. Representation-Level Branch: Distortion-Oriented Learning

This strategy combines projection-aware data augmentation, deformable sampling,
sparse global interaction, and detail-preserving downsampling.

Three-dimensional rotation-field augmentation. An ERP image is first mapped from
pixel coordinates to the unit sphere. The augmentation formulation permits Euler rotations
about the longitude and latitude axes, followed by reprojection and bilinear resampling.
The preserved implementation record states that reflection padding was used when resam-
pling outside the finite image array; this choice concerns the resampling step of the rotation
augmentation. Continuous periodic modeling of the ERP seam—circular padding along the
longitude axis and seam-consistent handling of boxes that cross the boundary—constitutes
a distinct line of spherical-representation research [3,4,10], which this study does not dupli-
cate; seam-crossing objects were consequently not evaluated separately here. The example
panels preserved for Figure 3 show longitude-rotated projections, but their exact angle
metadata were not retained.

Figure 3. Representative three-dimensional rotation-field augmentation. (a) Original ERP panorama;
(b—d) preserved examples obtained after longitude rotation and reprojection. The numerical angles
used to create these legacy examples were not retained in the available experimental record.

ELAN-D with a dynamic receptive field. A standard convolution samples a fixed
regular grid and cannot adapt to the latitude-dependent deformation of ERP images. We
replaced selected standard convolutions with DCNv4 [23] to construct the ELAN-D module
shown in Figure 4. A simplified form of deformable aggregation at output position py is

y(po) = Y w(pu)x(po+ pn+ Apu)Amy, 1)
pn€R

where R is the regular sampling grid, w(p,) denotes the kernel weight, and Ap,, and Am,,
are the learned sampling offset and modulation factor, respectively. The learned offsets
allow the receptive field to follow distorted object contours instead of remaining fixed on
the ERP grid.

Bi-level routing attention. The long-range context can reconnect features separated
by local deformation, but global attention has a quadratic complexity. Let a feature map
be partitioned into S non-overlapping regions, with region descriptors Q", K" € RS*4r,
BiFormer computes the region-level affinity matrix A" = Q" (K")T € R*S and retains
k routed region indices per query, I' = topkIndex(A’) € N5*k [24]. For token tensors
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Q, K,V € RN xd gather(-,I") selects tokens belonging to the routed regions, and fine-
grained interaction is restricted to those tokens:

O = Attention(Q, gather(K, I"), gather(V,1")) + LCE(V). ()

Here, Attention denotes the scaled dot-product attention and LCE denotes the local context
enhancement term implemented with a depthwise convolution on V. The output O € RN*4
has the same token and channel dimensions as Q. This sparse routing establishes long-
range dependencies without applying dense global attention to every token pair.

Multi-branch ELAN topology with deformable spatial convolutions

Conv DCNv4 Conv DCNv4
3x3 3x3 3x3 3x3
P N
Concat
1x1

Output

Conv
[ Input H Ix1

Shortcut
Conv

Figure 4. ELAN-D module. Blue blocks denote standard feature transformations, and the highlighted
blocks replace selected spatial convolutions with deformable convolution. Multi-branch features are

concatenated before the output projection.

Space-to-depth transformation. Repeated strided operations can erase the high-
frequency boundaries of small objects. We therefore used a space-to-depth (SPD) trans-
formation [7]. For X € REXWxC and downsampling factor s, submaps were extracted as
fry = X[x: H:s,y: W :s| and concatenated along the channel dimension. The output
has a spatial size (H/s) x (W/s) and Cs? channels. The transformation rearranges local
values rather than discarding them, preserving information that would otherwise be lost
during downsampling. Figure 5 shows the BiFormer hierarchy and the spatial-to-channel
rearrangement used in this stage.

a) BiFormer hierarchy and bi-level routing b) Space-to-depth
) g I I

1/4 18 116 1/32

[Palch cmbcd} [Pa(ch mcrgc} [Pmch mcrgc} [Palch mcrgc}

1T 1T 1

- N - ~
ERP BiFormer BiFormer BiFormer | | BiFormer
feature block %2 block x2 block x8 block x2

J L

Region routing Token attention Sparse global
(top-k windows) (routed windows) interaction

Figure 5. Two components of the distortion-oriented detector: (a) sparse region-to-region and token-

Four interleaved spatial slices

to-token routing in BiFormer and (b) rearrangement of spatial samples into the channel dimension
in SPD.

3.4. Detection-Level Branch: Occlusion-Focused Interaction

This strategy targets crowded scenes containing overlapping and partially occluded
objects through nonlinear feature interaction and direct cross-scale information transfer.
It was evaluated independently from the distortion-oriented strategy, and its evidence is
limited to aggregate metrics on the condition-selected subset described in Section 4.1.
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Feature interaction with the Star Operation. The backbone uses the element-wise

Star Operation shown in Figure 6a [25]. Given a feature tensor F, two parallel mappings
are multiplied as

®(F) = (W1F+ B1) © (WoF + By). 3)

The multiplication introduces second-order cross terms between feature channels. Stacking
these blocks increases the order of implicit interactions without explicitly constructing the
corresponding high-dimensional tensor.

(a) Star operation (b) Gather-and-distribute fusion

Align 3

Gated ‘

p14
distribute ‘ P4

Align

P5 —— Align

Element-wise multiplication creates implicit cross-channel Aligned features are gathered once and injected back into
interactions. each scale.

Figure 6. Occlusion-focused feature interaction. (a) The Star Operation multiplies two learned
mappings to introduce implicit cross-channel interactions. (b) The GD mechanism aligns pyramid
features, gathers a global representation, and distributes gated information back to each scale.

Gather-and-distribute aggregation. Let F; € R">*WixCi denote the ith pyramid
feature. To avoid attenuation caused by sequential top-down or bottom-up propagation,
the gather-and-distribute (GD) mechanism shown in Figure 6b uses 7; to resize each
input by average pooling or bilinear interpolation and project it to a common spatial size
H,; x W; and channel width C,. The aligned tensors are concatenated and processed by the
information fusion mapping Hipm [26]:

Fgobal = Hipm(Concat(71(F1), ..., Tu(Fn))). 4)

RH“ xW,

The fused tensor Fgjopa € *C¢ is split into scale-specific global features. In the

distribute phase, ’anject resizes and projects the corresponding global feature to H; x W; x
C;, o is a sigmoid gate, and © is element-wise multiplication:

F; =F+F® O’(H{nject(Fglobal))' ®)

This direct path allows a high-level context to modulate fine-resolution features without
passing through every intermediate pyramid level.

Overlap-aware post-processing. We replaced hard non-maximum suppression (NMS)
with soft-NMS to reduce the immediate removal of valid overlapping boxes [18]. Soft-NMS
decays a candidate score as a function of its overlap with a higher-scoring box instead
of discarding it at a single overlap threshold. The corresponding preserved ablation is
therefore interpreted as a post-processing change that shifts the precision-recall operating
point, rather than as evidence of improved learned feature representations. A normalized

Wasserstein distance (NWD) term [19] is additionally applied to the localization loss.

b

When modeling two boxes A = (c%, ¢, wq, h,) and B = (Cﬁ’c, cyr Wy, hy) as two-dimensional

Gaussians, their similarity is

NWD(A, B) = exp| — (6)
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where W3 is the second-order Wasserstein distance between the two Gaussians and C is
a dataset-level scale constant. The localization loss becomes £ = A Lywp + (1 — A) Liou.
Because NWD varies smoothly with small displacements, it stabilizes assignment for small
objects, for which a displacement of a few pixels can drive IoU to zero. C and A are constants
fixed for a given dataset and training configuration; the exact numerical values used in
the original run are not retained in the archive, so the NWD term is reported as part of the
preserved ablation sequence rather than as a separately tuned setting.

3.5. Computation-Level Branch: Model-Compression Design

The model-compression strategy reduces spatial and parameter redundancy in the
YOLOV7 baseline. It is not obtained by pruning either of the two preceding detec-
tor variants.

ELAN-P with partial convolution. High-resolution panoramic feature maps contain
substantial channel redundancy. As illustrated in Figure 7, PTConv combines partial
convolution with pointwise convolution and applies spatial convolution only to a channel
subset Cp, [21]. Its computational cost is

FLOPSprcony = HW (k2C§ + C2>. @)

We set C,, = C/4 and used PTConv in the ELAN-P module. The remaining channels bypass
the spatial convolution and are mixed by the subsequent pointwise operation.

Only a selected channel subset receives the costly spatial operation

Processed C,
k x k Conv
Bypass C — C,
Identity

C,=C/4 The point-wise layer restores channel interaction after concatenation.

Concat Point-wise Output
C channels 1x1 Conv HxWxC

\ J

Input Channel
HxWxC split

Figure 7. PTConv structure. Spatial convolution was applied only to a selected channel subset,
while the remaining channels bypassed the spatial operator; a pointwise convolution then restored
channel interaction.

Layer-adaptive magnitude pruning. After training, LAMP assigns sparsity according
to the relative importance of the weights in each layer [22]. For weights sorted by ascending
absolute magnitude and indexed by u, the score is

(W[u])>

score(u; W) = 720214([/\][0])2.

(8)

Global ranking by this normalized score reduces bias caused by different weight scales
across layers. The connections that contribute most to the learned representation are
retained under the target parameter budget.

4. Experiments

The distortion-oriented, occlusion-focused, and model-compression configurations
were evaluated separately; values from one branch were therefore not used as the baseline
of another branch.
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4.1. Dataset, Experimental Provenance, and Verification Scope

Dataset provenance. PanoWe is an in-house collection of 1971 high-resolution in-
door and outdoor panoramas assembled from three sources: frames extracted from videos
acquired with laboratory equipment, images captured in physical scenes using KanDao
four-lens and Teche six-lens panoramic cameras, and high-resolution panoramas collected
from public image or video platforms. Bounding boxes were manually drawn with La-
bellmg for ten categories: person, chair, car, window, table, monitor, sofa, door, picture,
and bed. The full collection was randomly divided at the image level in a 7:2:1 ratio, produc-
ing 1380 training, 394 validation, and 197 test images, and was used for the representation-
and computation-level experiments.

For the detection-level experiment, 1264 images containing crowded scenes with
small or partially occluded objects were selected manually from the panoramic collection
before the image-level 7:2:1 split. This chronology rules out selection on the basis of
an already defined test partition, but it does not remove the limitation associated with
qualitative condition-based sampling. Quantitative selection thresholds and persistent
scene identifiers were not retained in the record. We therefore treated this set as a manually
curated exploratory crowded-scene subset rather than a standardized small-object or
occlusion benchmark. Its aggregate results neither represent full-distribution PanoWe
performance nor establish the performance by object size or occlusion severity.

Figure 8 illustrates the indoor and outdoor environments represented in PanoWe.

Figure 8. Representative indoor and outdoor ERP scenes from PanoWe.

Experimental provenance. The recorded experiments used Ubuntu 20.04, Python 3.8,
PyTorch 1.13, an NVIDIA RTX 4090 GPU, and a 16-core Intel Xeon Gold 6430 CPU. The re-
tained thesis and manuscript materials also identified the branch architectures, module
locations, dataset counts, image-level split ratio, evaluation metrics, and the single-run
tables analyzed below. Table 2 summarizes the verification status and the interpretation
permitted for each category of information. In this paper, “main descriptive evidence”
denotes the role of a preserved result in the analysis; it does not imply complete historical
training reproducibility.

https://doi.org/10.3390/app162110794
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Table 2. Archival provenance and verification scope of the preserved study materials.

Category Available Record Verification Status Permitted Interpretation

PanoWe size, classes, acquisition sources,

D . . . D.
ataset.and Labellmg annotation, and image-level split Traceable atase.t provenance and
annotation . sampling context
ratio
Architecture Branch structures, module locations, Architectural and
. Traceable . .
and placement and method equations methodological description
Results and Branch-specific tables, cumulative ablations, Traceable archival Descriptive within-branch
ablations and pruning-sensitivity records results analysis
.. Key h t d th t L s
Training €y hyperparameters and the exac . Exact historical retraining is not
. . optimization schedule are not traceable from  Partial .
configuration . . claimed
the available archive
Reproducibility Fixed split files, training code, model welghts, No exact split replication or
: and random-seed records are not present in the Incomplete e
artifacts statistical inference

available archive

The reported measurements were consequently treated as preserved single-run re-
sults. No standard deviations, confidence intervals, or statistical-significance claims were
made, and present-day YOLOvV7 defaults were not substituted for unrecorded historical
settings. The image-level split also did not establish scene-disjoint generalization because
scene identifiers and a duplicate-screening record were absent. Parameters and theoretical
FLOPs are reported as model-complexity measures; the throughput in frames per sec-
ond (FPS) is additionally reported as measured on the hardware and software platform
recorded above, and is therefore a platform-specific observation rather than a hardware-
independent quantity.

4.2. Representation-Level Branch Evaluation

Table 3 reports the preserved cumulative comparison against the branch-specific
YOLOV?7 reference on full PanoWe. The final configuration increased the mAPs5; from
85.1% to 86.9%, the mAPs5y.95 from 61.8% to 62.7%, and the recall from 83.2% to 86.2%,
while the precision decreased from 86.7% to 85.6% and the FPS from 120 to 96. Within the
recorded sequence, DCNv4, BiFormer, and SPD added 0.6, 0.9, and 0.3 mAPs5 points at
their respective insertion steps. These single-run differences describe an aggregate accuracy—
recall-computation trade-off on PanoWe; they were not interpreted as a common-protocol
detector ranking or as latitude- or seam-specific evidence.

Table 3. Cumulative ablation of the distortion-oriented model on full PanoWe.

Configuration Precision (%) Recall (%) mAPs5y (%) mAPs50.95(%) FPS
YOLOvV7 86.7 83.2 85.1 61.8 120
+ DCNv4 86.5 82.6 85.7 61.1 108
+ DCNv4 + BiFormer 85.3 85.9 86.6 62.3 100
+ DCNv4 + BiFormer + SPD 85.6 86.2 86.9 62.7 96

Table 4 compares alternative placements of conventional (C) and deformable (D)
convolutions within ELAN-D. This controlled structure comparison supports the selection
of the C-D-C-D-C arrangement, but remains a single-run result.

Table 5 reports the preserved attention-only comparison. These runs compare al-
ternative attention choices attached to YOLOv7 and are distinct from the cumulative
configuration in Table 3.
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Table 4. Preserved comparison of ELAN-D convolution arrangements on PanoWe. C and D denote
conventional and DCNv4-based spatial convolutions, respectively.

ELAN-D Arrangement Precision (%) Recall (%) mAPs5y (%) mAP50.95 (%)

C-C-D-D-D 63.4 68.9 64.1 394
C-C-C-D-D 82.3 78.2 84.8 59.9
D-C-D-C-D 79.8 81.1 83.2 58.6
C-D-C-D-C 86.5 82.6 85.7 61.1

Table 5. Preserved comparison of attention mechanisms on PanoWe.

Configuration Precision (%) Recall (%) mAPs (%)  mAPs50.95 (%)
YOLOv7 86.7 83.2 85.1 61.8
YOLOV7 + SE [27] 88.1 84.3 85.7 62.3
YOLOv7 + CBAM [28] 87.2 86.4 85.9 62.7
YOLOV7 + BiFormer 88.7 85.6 86.3 63.7

The augmentation ablation in Table 6 reports higher aggregate metrics with spherical
rotation and reprojection for both YOLOvV7 and the distortion-oriented model. For the latter,
augmentation increased the mAP5( from 85.3% to 86.9% and the mAP5.95 from 61.9% to
62.7%. This association supports retaining the augmentation in the recorded configuration,
but it does not isolate the performance by latitude, seam proximity, or distortion severity.

Table 6. Effect of three-dimensional rotation-field augmentation on PanoWe.

Model Aug. Precision (%) Recall (%) mAP5p (%) mAPs50.95 (%)
YOLOv7 No 84.2 81.1 83.7 60.6
YOLOv7 Yes 86.7 83.2 85.1 61.8
Distortion-oriented model No 85.1 84.7 85.3 61.9
Distortion-oriented model Yes 85.6 86.2 86.9 62.7

4.3. Detection-Level Branch Evaluation

Table 7 reports the preserved cumulative comparison on the manually curated 1264-
image crowded-scene subset. The evaluated branch ended with soft-NMS followed by
the NWD localization term. Relative to the branch-specific YOLOV7 reference, the final
configuration increased the recall from 78.3% to 91.1%, the mAPs5( from 83.6% to 86.2%,
and the mAP5.95 from 61.1% to 64.1%, while the precision decreased from 86.5% to 85.4%.
The net precision cost of the branch was therefore 1.1 percentage points. These were
aggregate changes on the condition-selected subset and must not be interpreted as the
full-PanoWe, object-size-specific, or occlusion-severity-specific performance.

The cumulative sequence also separates learned architectural changes from post-
processing. From YOLOV? to Star block + GD, the precision, recall, mAP5), and mAPs.95
changed by +1.4, +7.3, +-1.3, and +1.7 percentage points, respectively. Adding soft-NMS
to that learned configuration changed the same metrics by —4.7, +5.1, +0.5, and +0.5
points. The first stage therefore recorded a joint feature-interaction and aggregation change,
whereas the second was a post-processing-induced operating-point shift toward recall.
Adding NWD changed the same metrics by +2.2, 4-0.4, +-0.8, and +0.8 points, recov-
ering most of the precision given up at the soft-NMS step while further increasing the
recall; this is consistent with a scale-aware localization term producing fewer spurious
assignments on small boxes, although the single-run record did not separate this effect
from the accompanying threshold shift. Because these rows are cumulative single-run
observations, they do not establish statistically independent causal effects or superiority at
every confidence threshold.
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Table 7. Ablation on the 1264-image occlusion-focused subset.
Configuration Precision (%) Recall (%) mAPs5(%) mAP5.95 (%)
YOLOvV?7 86.5 78.3 83.6 61.1
+ Star block 86.1 82.4 84.2 61.7
+ Star block + GD 87.9 85.6 84.9 62.8
+ Star block + GD + soft-NMS 83.2 90.7 85.4 63.3
+ Star block + GD + soft-NMS + NWD 85.4 91.1 86.2 64.1

4.4. Qualitative Visualization

Figure 9 compares the occlusion-focused configuration with its YOLOvV7 baseline on
one crowded panoramic scene containing closely spaced and partially occluded people.

@ (b)

Figure 9. Qualitative comparison using a preserved crowded scene. The full image contains the
occlusion-focused result in the upper half and the YOLOV7 baseline in the lower half; enlarged crops
make the crowded right-side detections easier to inspect. This single selected example illustrates the
aggregate recall trend, but does not demonstrate the robustness across scenes, object sizes, occlusion
levels, or ERP seams. (a) Enlarged right-side crop: occlusion-focused configuration. (b) Enlarged
right-side crop: YOLOV? baseline.
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In this selected example, the upper result contains detections near the freezer and
behind the shopping cart that are absent from the lower baseline output. The enlarged
crops improve the visual inspection of those regions. No additional preserved matched
examples or failure cases were available, so the figure is treated only as an illustration and
not as an independent performance estimate.

4.5. Computation-Level Branch Evaluation

Table 8 reports the preserved within-branch comparison on full PanoWe. ELAN-
P reduces the parameter count from 36.9 to 32.9 million and theoretical FLOPs from
104.7 to 86.1 G, with a 0.4-point decrease in the mAPs5j. After LAMP pruning, the model
retained 19.4 million parameters and 43.0 theoretical GFLOPs. Relative to the branch-
specific YOLOVY reference, the reductions were 47.4% and 58.9%, while the mAP5; and
mAPs5.95 decreased by 1.3 and 1.4 points. LAMP removed individual weights and produced
unstructured sparsity. Realizing the corresponding reduction in the wall-clock time requires
a sparse execution kernel or supporting hardware, so the pruning results below are reported
as model-complexity reductions and are not presented as measured speed-ups.

Table 8. Ablation of the model-compression configuration on full PanoWe.

Configuration mAPs5g (%) mAPs50.95 (%) FLOPs (G) Params (M)
YOLOv7 85.1 61.8 104.7 36.9
+ ELAN-P 84.7 61.2 86.1 329
+ ELAN-P + LAMP 83.8 60.4 43.0 194

The archived experimental record also includes the separate pruning-sensitivity series
in Table 9. ELAN-P was trained before LAMP scoring, pruning, and fine-tuning. We
renamed the original “speed-up factor” field as the nominal computation-reduction factor
to prevent it from being read as measured hardware acceleration, while retaining the
historical label in the caption for traceability. A nominal factor of 2 was selected in the
recorded analysis as the accuracy—complexity compromise. The accuracy values in this
series differed from the separately trained branch ablation in Table 8; the two tables were
therefore interpreted separately rather than pooled.

Table 9. Preserved LAMP pruning-sensitivity series for ELAN-P. The nominal computation-reduction
factor was originally recorded as the “speed-up factor”; it denotes a theoretical-computation target
rather than measured hardware acceleration. Values are not pooled with Table 8.

Nominal Computation-

Reduction Factor mAPs5 (%) mAPs50.95 (%) FLOPs (G) Params (M)

1.0 86.3 61.2 86.1 329
1.5 85.7 60.6 574 23.3
2.0 85.4 60.4 43.0 19.4
2.5 84.0 59.2 34.4 14.8
3.0 81.1 55.6 28.7 124

Figure 10 visualizes the same five archived pruning targets without introducing
additional measurements. Moving from 86.1 to 43.0 theoretical GFLOPs retains an 85.4%
mAPs5g in this sensitivity series; more aggressive targets showed a progressively larger
accuracy cost. The curve characterizes a theoretical accuracy—complexity frontier, not a
latency or energy curve.
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Figure 10. Accuracy-theoretical-computation trade-off for the five preserved LAMP pruning targets.
Point labels show the nominal computation-reduction factor, originally recorded as the “speed-up
factor.” No hardware latency is inferred.

4.6. External-Dataset Evaluation on 360-Indoor

To test whether the behavior observed on the in-house collection was specific to
it, the representation-level configuration was additionally trained and evaluated on 360-
Indoor [29], a public panoramic benchmark that differs from PanoWe in the acquisition
device, scene type, and category set.

Table 10 shows that the ordering obtained on PanoWe was broadly preserved on this
independent collection: the representation-level configuration attained the highest mAPsg
at a parameter count comparable to the YOLOv7 baseline, exceeding the strongest baseline
entry by 1.1 percentage points. Because the baseline entries were reproduced from the
source publication and were not re-trained under a common protocol, this comparison
indicates that the improvement was not confined to PanoWe, but it did not establish
cross-domain transfer: no model trained on PanoWe was evaluated on 360-Indoor without
re-training, and such a zero-shot protocol is not part of the preserved record.

Table 10. Comparison on the 360-Indoor benchmark. Baseline entries are reproduced from the com-
parison table reported in [4]; because the benchmark predates several of these methods, the baseline
entries followed the protocol of that source rather than a common re-run under identical train-
ing settings.

Method mAP5q (%) Parameters (M)
ResNet-50 + SphereConv 21.1 72.0
YOLOvV3 24.5 61.5
PanoSwin-T+ 29.4 47.0
Faster R-CNN + ResNet-101 30.2 60.0
FPN + ResNet-101 33.6 63.0
YOLOv7 35.8 36.9
Ours (representation-level) 36.9 36.7

4.7. Constraint-Oriented Synthesis

The three evaluations used different evidence scopes and therefore cannot be pooled
into a single model score or ranked against one another. They can, however, be synthe-
sized through the common stage—constraint-outcome logic introduced above. Table 11
reports changes relative to the corresponding YOLOV7 reference within each branch.
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The representation-level branch yielded a moderate aggregate-accuracy gain while shift-
ing the operating balance toward recall and increasing the feature-computation cost.
The detection-level branch produced the largest recall shift, accompanied by a lower
precision, on the curated crowded-scene subset. The computation-level branch substan-
tially reduced the parameters and theoretical FLOPs at a measurable accuracy cost. These
are different responses to different constraints rather than competing estimates of one
final detector.

Table 11. Branch-specific intervention-outcome—cost summary based on the preserved single-run
record. Values were not compared across evidence scopes or interpreted as a jointly trained result.

Observed Cost

Branch Intervention Observed Benefit Permitted Inference
or Trade-Off

Rotation augmentation, =~ mAP5j +1.8 pp; Precision —1.1 pp: Aggregate accuracy-recall-
Representation =~ DCNv4, BiFormer, mAPs50.95 +0.9 pp; EPS 120 to 9 6 PP/ feature-computation trade-off

and SPD Recall +3.0 pp on full PanoWe

Star block. GD fusion Recall +12.8 pp; Recall-oriented aggregate
Crowded scene o ft—NMS, and NWD’ mAP5y +2.6 pp; Precision —1.1 pp  change on the manually

! mAPs5g.95 +3.0 pp curated 1264-image subset

Compression

ELAN-P and LAMP Theoretical FLOPs

Accuracy-model-complexity
mAPs5g —1.3 pp; trade-off on full PanoWe;
mAPsp.95 —1.4 pp throughput not measured for

this branch

Parameters —47.4%;

—58.9%

The representation branch targets latitude-dependent deformation methodologically,
but the archived evaluation is aggregate rather than stratified by the latitude or distortion
severity. ERP is horizontally periodic, and circular padding along the longitude axis,
Uwrap = u mod W, is the topology-consistent boundary treatment; the seam-consistent
handling of boxes that cross the boundary belongs to the spherical-representation line of
research [3,4,10] that this study did not duplicate. The preserved augmentation instead
used reflection padding in its resampling step, so the reported results are aggregate and
were not stratified by the distance to the seam.

The synthesis provides a selection logic keyed to the dominant constraint, and is not a
claim that the three configurations compose into a single jointly trained detector. When
projection deformation is the dominant concern, the representation branch supplies the
relevant adaptation and its aggregate accuracy-recall-feature-computation evidence. When
missed overlapping targets are more costly than additional false positives, the detection
branch offers a recall-oriented operating point for the curated subset. When the parameter
count or theoretical arithmetic budget is dominant, the computation branch exposes a tun-
able compression curve. Selecting more than one branch would require joint training and
evaluation because interactions among branches are not identified by the preserved results.

This constraint-oriented selection logic also distinguishes the present study from
recent YOLO developments in its research objective and adaptation strategy. YOLO26
couples architectural and training changes for general-purpose real-time vision, including a
dual-head design supporting NMS-free inference and a detection head without distribution
focal loss [30]. The present study retained YOLOV? as its reference architecture and
evaluated three independent configurations targeting panoramic representation, crowded-
scene detection, and model compression. The detection configuration preserves an explicit
soft-NMS stage, while the compression configuration combines partial convolution with
LAMP pruning. Its contribution therefore lies in quantifying the effects and trade-offs of
these adaptations in the evaluated panoramic settings.
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YOLO-World addresses a different task setting: it extends YOLO to open-vocabulary
detection through vision-language pre-training, a re-parameterizable vision-language path
aggregation network, and region-text contrastive learning [31]. In contrast, the present
study considered supervised detection over fixed, dataset-specific category inventories,
without text-conditioned classification or open-vocabulary recognition. The distinctive
strength of the present approach is its alignment of task-specific adaptations with the con-
straints of panoramic imagery: geometry-oriented representation learning, recall-oriented
detection in crowded scenes, and explicit accuracy—complexity trade-offs for model com-
pression.

5. Conclusions

This study organizes panoramic object detection as a constraint-oriented problem
spanning representation, detection, and computation. Its contribution is the stage-aligned
mapping from each constraint to an intervention and an observable outcome, rather than
a claim that the adopted operators form a new primitive or that the three configurations
compose into one jointly trained detector. Three independently evaluated YOLOV7 config-
urations instantiate this mapping and support a common within-branch trade-off analysis.

On full PanoWe, the representation configuration reached an 86.9% mAP5y and 62.7%
mAPs5p.95 while shifting the balance toward recall and reducing the FPS from 120 to 96.
On the manually curated 1264-image crowded-scene subset, Star-based interaction and GD
fusion produced positive changes in all four aggregate metrics before soft-NMS shifted the
operating point further toward recall; the final configuration reached a 91.1% recall with an
85.4% precision, with the NWD term recovering 2.2 of the 4.7 precision percentage points
given up at the soft-NMS step. On full PanoWe, ELAN-P and LAMP retained an 83.8%
mAPs5g with 19.4 million parameters and 43.0 theoretical GFLOPs. On the public 360-Indoor
benchmark, the representation-level configuration reached a 36.9% mAPs5, exceeding the
strongest reproduced baseline by 1.1 percentage points. Together, these results expose the
accuracy—feature-computation, recall-precision, and accuracy—-model-complexity trade-offs
under three distinct evidence scopes.

The evidence remains descriptive: repeated or stratified validation is not represented
in the retained record, and the throughput was not measured for the compression branch.
Accordingly, the study does not claim exact historical retraining reproducibility, statistical
superiority, size- or seam-specific robustness, additive gains across branches, or hardware-
independent acceleration. The FPS values reported for the representation branch are
measurements on one recorded platform, and the 360-Indoor baselines were reproduced
from a published comparison rather than re-trained under a common protocol.
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