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Abstract

In unmanned aerial vehicle (UAV) applications, dense haze causes
strong scattering in the visible (VIS) spectrum, reducing the visibil-
ity of small ground-level objects. Infrared (IR) imaging suffers less
from haze-induced scattering, but uploading full-frame IR or run-
ning large VIS-IR models on board is impractical under tight uplink
bandwidth and onboard computational resources. We propose an
edge-cloud collaborative framework in which VIS serves as the an-
chor stream, and only region-of-interest (ROI)-level IR pixels from
heavily degraded areas are embedded in-band and transmitted to the
cloud for parallel multimodal restoration. The framework comprises
three components: (i) edge-side ROI selection via a cross-spectral
overlap criterion with geometry-safe anchoring; (ii) single-track
in-band ROI delivery via ViStream-SEI with center-out interleaved
scheduling; and (iii) cloud-side ROI-parallel enhancement that com-
bines VIS-IR alignment with confidence-aware blending to improve
small-object restoration under dense haze. We conduct extensive
experiments on multiple public datasets, achieve superior perfor-
mance, and further validate its effectiveness in real-world scenarios.

CCS Concepts

« Computing methodologies — Knowledge representation and
reasoning; Computer vision representations.
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1 Introduction

Images captured by unmanned aerial vehicles (UAVs) are frequently
degraded by dense haze, which is common in high-humidity envi-
ronments. The resulting scattering in the visible spectrum reduces
contrast and suppresses the visibility of small ground-level objects
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Figure 1: (a) UAV dehazing challenges: dense haze reduces
small ground object visibility; uplink bandwidth and onboard
computation are limited. (b) Visible-only dehazing [39] strug-
gles in dense haze, leaving residual haze and missing fine
structures. (c) Visible-Infrared fusion [26] enhances general
features but does not explicitly remove haze, causing ap-
pearance distortions. (d) Proposed edge—cloud collaborative
method selectively uses ROI-level infrared cues to enhance
the visible stream, improving visual quality and small object
recovery while remaining computationally efficient.

(Fig. 1a) [15]. This degradation undermines downstream tasks such
as surveillance, object detection, and tracking that rely on reliable
visual cues [47, 62]. Under clear conditions, visible-light imaging
provides rich appearance and detailed textures, but in dense haze it
suffers from strong scattering [14, 22]. Thermal infrared imaging is
less affected by haze and better preserves coarse structure, yet lacks
color and fine textures [3]. These complementary characteristics
motivate multimodal fusion of visible and infrared modalities for
robust UAV perception in adverse atmospheric conditions.

Existing dehazing approaches fall into two categories: visible-
only methods and visible-infrared (VIS-IR) fusion methods. (1)
Visible-only methods work well in moderate haze, but tend to fail
in dense haze, where strong scattering obscures small objects and
degrades local context [1, 12] (Fig. 1b). (2) VIS-IR fusion methods
mainly focus on feature-level integration and contrast enhancement
to facilitate downstream perception tasks such as detection and
segmentation [28, 43, 76], rather than explicitly addressing haze
removal [24, 59]. Their output often exhibits appearance distortions
in dense haze conditions (Fig. 1c). Only a few studies explicitly tar-
get multimodal dehazing (e.g. VIFNet [66], HDCEN [75]), yet they
do not focus on recovering small ground-level objects, which are
particularly challenging in UAV scenarios [42, 63].

In addition, UAV platforms operate under resource constraints:
uplink bandwidth is limited with fluctuations, while onboard com-
puting and power budgets are tight [61, 69]. These limits make it dif-
ficult to satisfy real-time requirements when running full-capacity
dehazing models onboard, while uploading full frame infrared and
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Figure 2: (a) Visible light undergoes stronger scattering than thermal infrared due to scattering coefficients fir < fvis. (b) Object
detection results: as haze density increases, detection accuracy for visible inputs decreases more rapidly than for infrared. (c)
Visualization of infrared and visible imaging effects at the same haze density and their corresponding detection results.

visible streams to the cloud increases latency and could exceed the
uplink budget [2]. This motivates an edge—cloud collaborative de-
sign that selects informative infrared cues from severely degraded
regions and delivers them to the cloud for enhancement.

To address these limitations, we design an edge—cloud collab-
orative VIS-IR dehazing framework. The visible modality serves
as the anchor, and infrared is introduced only in regions the edge
device selects as severely hazed. As shown in Fig. 2, infrared wave-
lengths experience substantially lower scattering than the visible
band, and the visibility of small objects decays more slowly as haze
increases. The selected infrared regions-of-interest (ROIs) are then
carried in-band within a single video stream using supplemental
enhancement information (SEI) and scheduled by the center out
interleaved scheduling (COIS), which prioritizes coverage of the
ROI center and remains effective when the bitstream is truncated
by bandwidth limits. On the cloud side, each received IR ROI is
processed in parallel with cross spectral alignment and enhance-
ment, followed by confidence-gated aggregation over the full image.
These designs reduce uplink load, remain robust to bandwidth fluc-
tuations, and improve small-object restoration under dense haze
within the considered computation and bandwidth budgets.

We evaluate dehazing performance on three UAV-captured public
datasets (VTUAV, DroneVehicle, and CART). Our method outper-
forms recent VIS-IR joint dehazing baselines on PSNR, SSIM, and
LPIPS, with clearer recovery of small objects under dense haze
(Fig. 1d). Under SEI prefix truncation reflecting uplink fluctuations,
the proposed COIS improves detection accuracy mAPs, by 8.5% at
70% truncation over raster scanning on the VTUAV dataset. On the
cloud, ROI-parallel cross-spectral dehazing refines the RGB anchor,
and in real foggy urban scenarios the method achieves the lowest
NIQE/PIQE (15.70/34.89) among compared methods, with visibly
improved small-object clarity.

Our main contributions are summarized as follows:

e We present an edge—cloud collaborative co-design for UAV VIS-IR
dehazing under uplink fluctuations, where VIS serves as the an-
chor stream and IR is offloaded only for selected ROIs to reduce
uplink cost under real-time processing constraints.

e We propose ViStream-SEI with COIS, a single-track in-band ROI
transport scheme that prioritizes ROI cores and remains robust
to SEI prefix truncation under uplink fluctuations.

o We design a VIS-IR differential ROI selection at the edge and pair
it with ROI-parallel cross-spectral enhancement on the cloud, to
improve small-object restoration under dense haze.

e Extensive experiments on multiple public datasets and real-world
UAV scenarios show consistent gains in restoration quality and
downstream detection performance, as well as robustness to SEI
prefix truncation and VIS-IR misalignment.

2 Related Work
2.1 Image Dehazing

Image dehazing aims to recover clean visual content from haze-
degraded input. Recent deep-learning methods have demonstrated
strong performance [4, 8, 9, 31, 46, 51, 57]. Representative models in-
clude DehazeFormer [41], MB-TaylorFormer [36], SelfPromer [50],
PromptHaze [65], and DiffDehaze [55]. Although these models
are effective under moderate haze, their performance degrades
markedly in dense-haze UAV scenarios, where visible-spectrum sig-
nals undergo severe scattering [70]. As a result, they fail to recover
fine-scale structures, particularly small objects obscured by haze in
aerial imagery. In contrast, we propose a dual-modality framework
that leverages infrared cues to enhance the recovery of small-object
under severe haze conditions.

2.2 Visible-Infrared Fusion

VIS-IR fusion methods integrate complementary cues to generate
improved representations for downstream perception tasks [19, 25,
56, 73]. However, most approaches optimize task features and global
contrast rather than performing explicit haze removal [17, 20, 29,
35, 60]. Works that explicitly target VIS-IR dehazing remain at early
stage. VIFNet [66] is an early work on feature-level VIS-IR fusion
for restoration, with its main focus on general fusion design, while
the recovery of fine-scale small objects under dense haze calls for
further IR-guided refinement. HDCFN [75] introduces haze-aware
adaptive fusion, yet its multi-stage, hierarchical processing and full-
frame multimodal inference cause notable computational overhead,
making real-time edge-side execution challenging.

2.3 Edge-Cloud Collaboration

Edge-cloud collaboration for vision systems allocates computation
between onboard devices and remote servers under bandwidth and
latency constraints [7, 30, 40, 52, 54]. Prior studies typically follow
three directions: (i) deploying lightweight or compressed models
on the edge [11, 21, 27, 37], (ii) offloading full images or features to
the cloud [32, 38, 68], and (iii) split computation with task-aware
partitioning [10, 53]. Most of these works target instance-level
perception tasks such as detection [13, 64, 67], tracking [33], or
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Figure 3: Overview of the proposed edge-cloud collaborative VIS-IR dehazing framework. On the edge, visible and infrared
frames are captured, lightweight detectors produce candidate ROIs, and a VIS-IR differential criterion selects IR-ROIs in
regions where visible evidence is weak but infrared cues are reliable. Over the air-to-ground link, RGB anchor frames are
transmitted together with in-band IR-ROI segments and the inset illustrates center-out, distance-ordered spiral rasterization
that prioritizes ROI cores. On the cloud, RGB and IR-ROIs are reassembled and processed in parallel via cross-spectral alignment
and attention, followed by confidence-gated aggregation to produce dehazed results.

re-identification [52]. By contrast, pixel-level restoration requires
dense predictions with per-pixel intensity, so quality must be pre-
served in the image domain rather than approximated in the feature
space. In addition, VIS-IR fusion requires cross-spectral alignment,
which further increases the challenge for edge—cloud collaboration.

3 Methodology

3.1 Overview

We consider UAV-based VIS-IR dehazing. For the k-th frame, the
RGB image I € RP*Y*3 and the IR image I, e RF>W>1 are tem-
porally synchronized and coarsely registered to HxW. The collab-
orative system outputs a dehazed RGB image I* e RE*W*3 under a
real-time constraint Tf];ame <4 (e.g.,33.3 ms) and a bandwidth budget.
The per-frame bit budget is Cy = By Ak, where By is the instanta-
neous uplink throughput (bit/s) and Ay is the available time slot
(s). If the RGB anchor consumes ngb bits, the remaining budget for

IR-ROI payload is C; =Ck —ngbA
To prioritize small-object recovery under joint communication
and computation constraints, we decompose the framework (as

shown in Fig. 3) into three stages:

(i) Edge. Given (IX, IfR), lightweight detectors together with the
VIS-IR confidence-overlap analysis produce a set of differential
IR-ROIs,

Ry = {re = (55,95 . B ) X, M
where r; is an axis-aligned rectangle on the HXW grid with top-left
pixel (%!, 7}) and integer width/height (w’, h). For each IR-ROL
we also output its discrete center c,, and a persistent identifier
roi_id for cross-frame consistency. If Rx =0, no IR payload is sent.

(ii) Edge—Cloud. We adopt a single H.26x track: the RGB anchor
is the main stream, and IR-ROI pixels are injected in-band as SEI
Let ¥, denote the center—out spiral index over ROI r induced by
its center ¢,. A micro-segment (roi_id, start, len, payload) carries
len consecutive samples from X, starting at start. For the frame k,

the segments and budget satisty,

Pr = {(roi_id, start, len, payload)},
LP)= > len;br+HIP < Cp, @
(ri)ePr

where by is the IR bit depth per pixel and H is the per-segment
header. Center-Out Interleaved Scheduling (COIS) interleaves seg-
ments so that the bitstream prefix first covers ROI cores across
active ROIs.

(iii) Cloud. The cloud decodes the RGB anchor T"ﬁ reconstructs
each IR-ROI patch P, from SEI, and extracts the corresponding
RGB crop X; = }7‘; [Q,]. It then applies to the following equations,

Xr = %(Xr, Pr)a fk = B(P‘i: {f(ra Qr}rE’Rk)a (3)

where Fg jointly estimates cross-spectral displacement and en-
hancement, and B(-) performs confidence-gated, adaptive fusion
over the full frame. All ROIs are processed in parallel on GPU, which

helps the system meet the real-time constraint Tfk <é.
rame

Task Formalization. Let . (I*; IéT) denote the quality functional
of dehazing composed of full-frame pixel fidelity, perceptual fidelity,

and structural fidelity at ROI-level. The edge-cloud system-level
objective can be written as,

min Ejfk;lk R
oTin, [ (15 157)]

L(Py) < C,’( (bandwidth budget), ()
s.t. Tf’r‘me ) (real-time constraint),

*=B(Ik, {Fo (X, Pr)}rer,) (parallel fusion).

3.2 Edge: Differential IR-ROI Generation

At the edge device, under bandwidth and compute budgets, we
locate regions where visible evidence is weak but infrared cues are
reliable via a VIS-IR differential criterion and, when present, instan-
tiate a set of IR-ROIs Ry. Each ROl is an axis-aligned integer box
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r with a discrete center ¢, and a persistent roi_id. These variables
serve as the sole spatial anchors for subsequent in-band transport
and cloud-side processing.

IR-ROI Selection. Given inputs (I, I }‘R), we apply light-weight
object detectors Dy (on I"j) and Djg (on I}‘R), finetuned on our VIS
and IR datasets. They return candidate sets as follows,

Bk = (Y, sV N k _ (pIR JR\ NIz

v = b;,S; )}j=1’ Brr =" s ) ©)
where b = (xo, Yo, w, h) and s € [0, 1] is the detector confidence (set
sizes are N‘lj and N }‘R). To reduce inter—scene scale variation, we ap-
ply per—frame min-max normalization to obtain sy §{R € [0,1]. Let
the spatial overlap between two boxes be measured by Intersection-
over-Union (IoU) IoU(b,b") = |[bNb’|/|b U b’|. For each b{R, we
quantify its maximum spatial agreement with b}’ as,

k IR 1V
m; = max IoU(b;", b} ). 6)
= I V)

We define the cross—spectral differential score as,
AF =R (1 - mb) € [0,1], ()

which increases when an IR detection is confident yet lacks a good
VIS counterpart. IR candidate is retained if,

®

zZy =
1 .
0, otherwise,

ko {1, AF > Ogg A [BIR] > Ain,
where threshold 04 € (0,1), |b| = wh denotes the box area, and
Amin is the minimum area for a valid IR candidate.

ROI Merging and Stabilization. On the retained IR candidates
{bIR| zf =1}, we first apply standard non-maximum suppression
(NMS) in descending Ai.‘ with an IoU threshold of 0.5, which is used
as an empirical setting in detection. We then perform connected
merging: boxes whose pairwise IoU exceeds 0.5 are grouped and
each group is replaced by the tight rectangle of its union, yielding
merged ROIs r; = (x}, y5, w', h*). To accommodate small registra-
tion errors and to align with codec block boundaries, each r; is
isotropically dilated by 20% as,

w! =min (W, [1.2 wr|), h* =min (H, [1.2ht-|),
_ Wt _ ir_pt
sh=snap(x{ - | #32 |). gh=snap(u - | 3 ).

where snap(u) =16- |_u/l6J aligns the coordinates with the codec’s
block grid.

©

IR-ROI Finalization. The stabilized set of IR-ROIs is defined as,

R ={ &, g5, w ) [t=1.. T}, (10)

and each ROI center is ¢,, = ( {JEO+ WT_IJ, {@ﬁ%J ) ROI IDs roi_id
persist across frames via one-to-one IoU association. Unmatched
current ROIs are assigned new IDs. Algorithm 1 summarizes the
edge-side IR-ROI generation procedure.

Junwei Zhao, Qianchun Luo, and Jie Wu

Algorithm 1 Edge-side Differential IR-ROI Generation

Require: Registered (Ik, I;‘R); object detectors Dy, Dyg; threshold
O4ifr; minimum area Apin
Ensure: IR-ROI set Ry, centers {c,}, and roi_id
1: B"j «—Dy (I"j), BfR <—D1R(I}‘R) (candidates per (5))
2: frame-wise normalize scores to get {s]V} {§fR}
3: for each (bR 5/R) € BF, do
compute mi.‘ by (6); compute Af by (7)

IS

set zif by trigger rule (8)

: C<—{b{R|zf:1}

. apply standard NMS on C and sorted by Af descending
: geometry stabilization per (9) to get Ry; compute c,

. associate Ry with Ry_; by max-IoU; assign roi_id

10: return Ry, {c,}, roi_id

o ® N o

3.3 Edge-Cloud: ViStream-SEI (SEI-Based Single
Track ROI Transport with COIS)

We design ViStream-SEI a single-track H.26x transport scheme in
which the full-frame RGB anchor is encoded as the primary stream,
while IR-ROI pixels are packed into SEI units. Under the residual
uplink budget C;, each ROl is serialized into spiral-ordered micro-
segments and interleaved via COIS, so that any bitstream prefix
prioritizes ROI cores (schematized in Fig. 3, middle).

Center-Out Interleaved Scheduling. Given a stabilized ROI r =
(x5, yg, w", h") (bars in Eq. (10) omitted hereafter for brevity), let
the ROI-local index set be Q, = {(w,0) : 0 <u<w', 0<ov<h"}
and the local center ¢, = (¢} — xg, ¢}, — yg). The Chebyshev radius
and the clockwise shells are given by,

pr(,0) = max{lu - &), Jo - &}
Si(r) = {(u,0) € Q; : pr(u,0) =t} (clockwise), (11)
3, = Concat(Sy(r), Si(r),...),

where 3, is a bijection from Q, to {0,..., N, —1} with N, =w"h".
The edge partitions X, into micro-segments and COIS interleaves
active-ROI segments by ascending shell index (core-first), breaking
ties round-robin.

ROI States and Geometry Signaling. Each ROI carries a state €
{new, update, done, idle}. Geometry (xg, yg, W, b, ek, c;) is signaled
only in new and update states. In state done, the edge additionally
sets a 1-bit completion flag fin, in SEL indicating that all N, pixels
of r are included in the current frame. Pixel micro-segments are
carried in new, update, and done, while idle transmits no payload.
The cloud maintains a geometry map keyed by roi_id and marks
an ROI complete when its buffer accumulates N, samples or when
the completion flag is received.

SEI Encapsulation and Parsing. Pixel micro-segments and, when
needed, geometry messages are carried as user_data_unregistered
SEI NAL units in the same video track and may be split across
multiple SEI NALs if required. Upon reception, the cloud parses SEI
and, using (roi_id, start, len, payload) together with the geometry
map, places samples into per-ROI buffers to reconstruct P,.
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Table 1: Quantitative comparison results of dense haze removal and complexity on UAV datasets. Higher PSNR/SSIM and lower
LPIPS indicate better quality. Best results are bolded. (Edge runtime N/A when the model exceeds Orin Nano’s unified memory.)

Method | Reference Publication Year Modality | VTUAY DroneV CART | Complexity

| | PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS | Params GFLOPs Edge-t Cloud-t
SFSNiD Cong et al. [5] CVPR 2024 VIS 26.18 0.864 0382 1853 0.665 0.561 20.85 0.801 0.435 | 8.35M 557.4 N/A  219ms
ConvIR Cui et al. [6] T-PAMI 2024 VIS 2853 0.872 0349 18.74 0.672 0.534 21.07 0.799 0.413 | 8.63M 374.5 785ms  94ms
DFG-DDM Liet al. [18] T-GRS 2025 VIS 28.64 0871 0342 1893 0.674 0.531 21.12 0.802 0.409 | 1129M  2161.8 N/A 613ms
HazeFlow Shin et al. [39] Iccv 2025 VIS 28.80 0.876 0.335 19.18 0.677 0.529 21.47 0.807 0.396 | 50.86M 915.3 N/A 274ms
VIFNet Yu et al. [66] Neurocomp. 2024 VIS+IR | 29.03 0.879 0.297 20.51 0.703 0.432 2238 0.825 0.344 | 9.78M 708.3 N/A 152ms
IASSF Zhang et al. [74] PR 2026 VIS+IR | 29.21 0.882 0.285 20.74 0.706 0.428 22.57 0.833 0.330 | 9.21M 518.4  237ms 115ms
HDCFN Zhao et al. [75] ACMMM 2025 VIS+IR | 30.06 0.887 0.274 21.06 0.719 0.416 22.85 0.847 0.325 | 6.81M 305.1 128ms  63ms
Ours - - 2026 VIS+IR | 31.92 0.904 0.238 22.84 0.743 0.397 23.19 0.862 0.316 | 3.47M 273.6 26ms 31ms

VTUAV

DroneV

SFSNID ConviR

Dense Haze RGB Thermal Infrared

HazeFLow

VIFNet IASSF HDCFN

Figure 4: Visualization of representative dehazing results on VTUAV and DroneV datasets.

3.4 Cloud: ROI-Parallel Cross-modal Alignment
and Enhancement

Decoding yields the RGB anchor ﬂj € RFXWX3 and the ROI set

Ry = {r}. For each r € Ry, we obtain the RGB crop X, = TZ‘,[Q,] €

RPA->wr>3 and the IR patch P, € R *1 The objective is to pro-

duce a dehazed RGB output [¥, with IR-augmented refinement
concentrated inside ROIs.

Cross-spectral Alignment and Attention. We compute a light-
weight two-level RGB pyramid once per frame as follows,

G" = (&) = (G, GV}, GV =Downy(G'),  (12)

where ¥y denotes a lightweight backbone built from depthwise-
separable convolutions, and Down; is a stride-2 downsampling
operation. For each ROI r, we crop ROI features from each pyramid
level G®) € GF as G£S> =C(GY,Q,),s € {0,1}.

The isotropic dilation in Eq. (9) provides a geometry-safe margin.
We choose radii (p!, pT) such that p! + pT does not exceed this
margin. At the coarse level,

CtV (x,y, A, A0) ={$ (G (x, 1)), ¥(P) (x + Au,y + Av))), (13)

where |Aul, |Av| < p!, with channel-wise dot product (-,-) and
Pr(l) = Down;,(P,). Both VIS and IR are projected into a shared
embedding via non-shared heads ¢, ¢ (conv blocks). A lightweight
3D convolutional head regresses coarse displacement/confidence
(<I>£1), Cr(l)). At full resolution, we refine around ((Dﬁl) T) within
|6ul, |8v] < p! to obtain (5P, Cﬁo)), and then fuse the coarse and
fine confidences with 1X1 convolution fgs. followed by sigmoid o,

¢, = (D£1)T +60,, Gy = U(ﬁuse([C£0)’ Cﬁl) T])): (14)

where out-of-bound samples use reflection padding. We then warp
the IR patch P, by the displacement field @, via ‘W as follows,

P, = W(P,, @), (15)

and apply a single-head, depthwise-separable cross-spectral atten-
tion with the learnable offset A = Convsys ([®r, VX, VF,]) (where
V is the Sobel operator). Let Q = Wp * X, K = Wi %P,V = Wy %D,
Offsets are clipped to a fixed window before sampling. The residual
is injected as,

X=X, + M, © Wo(AOV), Ax) =S(W)’ (16)
h

where S denotes the Softmax used for normalization, * denotes
convolution, dj, is the head width and © is element-wise product.

Confidence-gated Aggregation. We decouple two roles: M, con-
trols how much IR residual is injected inside each ROI, and the
blending rule sets how ROI results mix with the RGB anchor over
full frame. Let Jb =dy- /Ry and Jc =d,, /Rc. The per-pixel gate is,

(17)

A Cr—mean(C;) _ A
Cr = 0( std(Cr)+10-0 )’ My = Cr K Ke,

where xp, = cosz(’—zrrib) and k. =cos?(%d.), Ry = 3 min(h,, w,) and

R.= % max(h,, w,). Here C, is a self-normalized confidence in [0, 1]
(z-score followed by a sigmoid). kp, softly attenuates near ROI bound-
aries to avoid seams. k. emphasizes ROI cores where alignment is
typically most reliable.

Full-frame blending uses confidence weights as,

IE(p) + s p @r (p) Xr (p)
1+ %5, or(p)

*(p)= . or(p)=exp(C(p)) -1, (18)
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Figure 5: Visualization of representative dehazing results in real-world urban scenes under foggy conditions captured by a UAV.

where Vp € Q. This softmax-like weighting prioritizes high-confidence

ROIs, while the unit term in the denominator provides a stable fall-
back to the RGB anchor. Overlaps are naturally normalized to avoid
over-amplification. If no ROI covers p, then I¥(p) = ﬂﬁ(p).

Training Objective. We optimize three complementary terms,
i.e., pixel fidelity, perceptual fidelity, and ROI-structural fidelity. To
reduce the contribution of non-updatable regions, we apply a mild
ROI up-weighting w(p) = 1+ 1[p € U,Q,] and normalize by the
total weight.

Pixel fidelity term Ly is defined as,

LS o) pli* ()~ (). (19)

Lpix = o———
P ZpeQ w(p) peo

where p(z) =Vz2+107°, Q is the full-frame pixel set.
Perceptual fidelity term Lyerc is defined as,

1 N
Lperc = Z m “M/(’@(q)t’(Ik) - q)t’(IéT))“;’ (20)
teK

where K is the set of selected layers of a frozen feature extractor
d;(+), and W, is the downsampled ROI weight.
ROI structural fidelity term L,; is defined as,

L= o 3 3V - Vi (o)

ZreRk |Qr| reRp x€Q,

where V is the Sobel operator and Ly, is defined as zero for Ry =0.
The total loss Loud can be formulated as,

Leloud = -Cpix + Aperc -Cperc + Aroi Lroi- (22)

Following common practice, we set Apere = 0.05 and A, = 0.5,
and observe stable performance for Aperc € [0.03,0.07] and A €
[0.2,0.8] in a small sweep of sensitivity.

BCH!

4 Experiment

4.1 Experimental Settings
We conduct experiments on three publicly available, real-world, syn-
chronized VIS-IR datasets, all captured using UAVs. Haze synthesis
is implemented based on a depth-assisted atmospheric scattering
model [22]. An overview of datasets is as follows:

Public Datasets. (i) VTUAV [71] dataset provides paired visible
and infrared UAV images across diverse environments, including

Table 2: Evaluation results on real-world foggy urban scenes.

Method SFSNiD ConvIR HazeFlow VIFNet IASSF HDCFN  Ours

NIQE | 19.40+31 18.83+30 18.42+29 16.94+26 16.37+27 16.15+24 15.70:23
PIQE | 40.62s2 38.55+78 37.73:73 37.11x69 36.84x71 36.21x65 34.89xc.2

urban and rural scenes with cars, parks, pedestrians, and streets. (ii)
DroneVehicle [44] dataset (abbreviated as DroneV) contains VIS-IR
image pairs captured by drone-mounted cameras, featuring vari-
ous vehicle types (e.g. cars, trucks, busses, vans) under different
lighting conditions. (iii) CART [16] dataset offers high-resolution
paired VIS-IR images captured in natural environments, covering a
diverse range of terrains such as rivers, bridges, rocks and lakes.

Implementation. The proposed method is implemented using
PyTorch. For runtime profiling, we measure the cloud side on an
NVIDIA A100 40G GPU and the edge side on an NVIDIA Jetson
Orin Nano. The models are optimized using the Adam optimizer
(f1 = 0.9 and f; = 0.999). The initial learning rate is set to le-4
and gradually reduced to 1le-6 using cosine annealing. Batch size
is configured to 4 during training. The input training images are
resized to 512X 512.

4.2 Comparison with Recent Methods

We conducted comparisons with seven recent methods: SFSNiD [5],
ConvlIR [6], DFG-DDM [18], HazeFlow [39], VIFNet [66], [ASSF [74]
and HDCEFN [75]. All methods were retrained on VTUAV, DroneV
and CART using consistent settings, and hyperparameters were
adopted from official implementations. We evaluated performance
using PSNR [58], SSIM [58] and LPIPS [72] metrics. Qualitative and
quantitative results are shown in Fig. 4 and Tab. 1, respectively.

(1) Visual Quality. Results in Tab. 1 show that our method achieves
superior dehazing across three UAV datasets, yielding higher PSNR
and SSIM and lower LPIPS under dense haze. Qualitative examples
in Fig. 4 exhibit clearer boundaries and better preservation of fine
structures, especially in severely occluded regions.

(if) Complexity. We report model parameters (Params), compu-
tation (FLOPs), and runtime (Edge-t/Cloud-t) per frame (512512,
batch =1) on Jetson Orin Nano (edge) and NVIDIA A100 (cloud).
As summarized in Tab. 1, the collaborative design attains the lowest
latency among compared methods and meets real-time (<33.3 ms)
on the edge platform. Under pipelined execution between edge and
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Figure 6: Visualization of object detection results on the outputs generated by dehazing methods.

Table 3: Evaluation results on object detection task.

Table 5: ROI params sweep: 0gix and Apin (SSIM/mAPs)).

Method SFSNiD ConvIR HazeFlow VIFNet IASSF HDCFN Ours Amin Qg =0.2 O =0.4 Oy =0.6 O =0.8
mAPs5 0.512 0.528 0.541 0.564 0.570 0.581 0.632 256 px2 0.901/0.626 0.902/0.629 0.898/0.619 0.891/0.606
mARs 0.586 0.603 0.612 0.645 0.653 0.656 0.702 576 pxZ 0.902/0.628 0.904/0.632 0.900/0.625 0.893/0.610

1024 pxZ 0.895/0.618 0.897/0.623 0.891/0.611 0.885/0.602

Table 4: Effectiveness of IR-ROIs on dehazing results.

Case PSNR SSIM LPIPS mAPs5, mARs5)  runtime
VIS-only 28.63 0.859 0.384 0.527 0.604 24ms
+ IR-full 32.07 0.911 0.234 0.635 0.709 52ms
+IR-ROIs 31.92-015 0.904-0.007 0.238+0.004 0.632-0.003 0.702-0.007 31ms-21ms

cloud, the throughput is governed by max(Edge-t, Cloud-t) rather
than their sum. Efficiency comes from lightweight ROI detection
on the edge and parallel ROI processing on the cloud, yielding a
stronger speed—quality trade-off than single-device baselines.

4.3 Evaluation on Real-World Scenarios

For real-world evaluation, we use a Zenmuse H20T-equipped UAV
operating across diverse foggy urban scenes, covering approxi-
mately 15,000 paired VIS-IR frames in our comparative experi-
ments. We follow no-reference IQA practice and report NIQE [34]
and PIQE [49] (lower is better) for quantitative comparison.

Tab. 2 reports quantitative results, and Fig. 5 provides visual
comparisons. Our method achieves the best NIQE/PIQE (]), e.g.,
15.70 vs. 16.15 and 34.89 vs. 36.21 against the second-best method
(HDCFN), indicating our outputs closer to natural image statistics
with fewer perceptual artifacts. Qualitatively, our method preserves
richer fine textures (e.g., small cars) and sharper edges while main-
taining structural consistency and realistic color fidelity, suggesting
better generalization to real-world UAV scenes.

4.4 Evaluation on Object Detection Task

To assess whether dehazing-induced visibility improvements con-
tribute to downstream perception, we evaluate object detection per-
formance on VTUAV. Following prior protocols (e.g., CORUN [8],
DIVFusion [45]), we use a standard YOLOv8m detector [48] pre-
trained on COCO [23] and fine-tuned on VTUAV.

Fig. 6 shows the detection results on dehazed frames. Compared
methods retain haze or oversmooth in heavily occluded regions, pro-
ducing uncertain edges. Ours enhances local contrast and preserves
structure, providing more reliable cues for detectors. Quantitatively
(Tab. 3), we achieve the highest mAPs5y and mARsy. The higher
value of mARs, indicates fewer missed small or low-contrast tar-
gets, reflecting improved recall. These outcomes align with our
design, which integrates edge-side IR-ROI selection and cloud-side

Table 6: The COIS compared to other scheduling strategies.

Scan 70% trunc. 40% trunc. 10% trunc.
(Strategy) SSIM mAPsq SSIM mAPs, SSIM mAPs,
Raster 0.862 0.538 0.876 0.574 0.890 0.607
Zig-Zag 0.867 0.546 0.881 0.582 0.895 0.612

Serpentine 0.871 0.552 0.885 0.588 0.898 0.616
COIS (ours) 0.879 0.584 0.894 0.609 0.901 0.625

cross-spectral alignment with confidence-gated blending, support-
ing higher detection accuracy under dense haze.

4.5 Ablation Studies

We conduct ablations over the edge-side ROI selection, edge—cloud
transport, cloud-side modules, and loss functions to verify the con-
tribution of each component.

(i) Edge-side ROI Selection. Fig. 2 shows wavelength-dependent
transmittance. IR is less attenuated than VIS under heavy haze,
yielding more stable detections of small targets. As in Tab. 4, us-
ing IR-full-frame attains the highest scores with 52 ms cloud time.
IR-ROIs achieve competitive results while significantly reducing
cloud time to 31 ms. This indicates that informative IR evidence
could be spatially sparse and effectively captured by the IR-ROI
selection. Tab. 5 shows an optimum at Ay, = 576 px%, Oai = 0.4.
Smaller Apin (256) underperforms due to fragmented ROIs and
noisier alignment. Larger Apin (1024) misses small targets and de-
grades SSIM and mAPs. Increasing Ogir from 0.4 to 0.8 reduces
trigger recall. Overall, performance is stable and near-optimal in
the neighborhood of Api, =576 with i =0.4.

(ii) Edge-Cloud Transport. To assess robustness under bandwidth
truncation, we simulate IR-SEI prefix truncation at 10%, 40%, and
70% on VTUAV and compare Raster, Zig-Zag, Serpentine, and COIS
(Tab. 6). COIS yields the highest SSIM and mAPs at all truncation
levels, with the largest gains at 70%: +0.017 SSIM and +0.046 mAPs5,
(+8.5%) over Raster. Gains taper as the prefix grows (40%: +0.012
SSIM / +3.6% mAPsg; 10%: +0.006 SSIM / +1.6% mAPs), consistent
with diminishing benefit once most ROI cores are received. The
advantage stems from COIS’s center-out interleaving across ROIs,
which delivers core pixels early so short prefixes already carry
semantically useful content under bandwidth fluctuation.
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Table 7: Effectiveness of cloud-side algorithmic modules.

Case Modules VTUAV DroneV
Align.  Atten.  Aggre.  PSNR SSIM PSNR SSIM
VIS-only 28.63 0.859 18.81 0.674
A) v 29.55 0.874 19.98 0.695
(B) v v 31.73 0.899 22.56 0.738
©) v v v 31.92 0.904 22.84 0.743

Table 8: Effectiveness of loss terms on dehazing results.

VTUAV DroneV
Case
PSNR SSIM LPIPS PSNR SSIM LPIPS
Lpix 31.75 0.898 0.267 22.68 0.734 0.426
+£perc 31.79 0.901 0.243 22.69 0.738 0.404

+Lperet Lroi 31.92 0.904 0.238 22.84 0.743 0.397

Table 9: Robustness to VIS-IR misalignment with Temporal
offsets (T) of +1/2 frames and Spatial shifts (S) of 5/10/15 px.

Registered T (x1f) T (x2f) S(5px) S(10px)  S(15px)

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Method

VIFNet 29.03 0.879 28.71 0.874 28.26 0.869 28.10 0.865 27.72 0.853 27.44 0.839
TASSF  29.21 0.882 28.97 0.877 28.63 0.872 28.45 0.868 27.89 0.857 27.68 0.851
HDCEN 30.06 0.887 29.53 0.882 28.95 0.874 28.81 0.870 28.03 0.859 27.76 0.854
Ours  31.92 0.904 31.70 0.902 31.35 0.899 31.04 0.896 30.29 0.884 29.31 0.870

(iii) Cloud-side Modules. Tab. 7 evaluates Cross-spectral Align-
ment (Align.), Attention (Atten.), and confidence-gated Aggregation
(Aggre.). Align. provides the reliable base gain under VIS-IR mis-
registration. Compared with VIS-only, it yields +0.92 dB PSNR and
+0.015 SSIM on VTUAV. Adding Atten. brings improvement by in-
jecting well-aligned IR residuals. Aggre. further stabilizes overlaps
and suppresses artifacts, giving a consistent final lift. Combined, the
three modules achieve the superior perceptual quality and stable
reconstruction at ROI boundaries.

(iv) Training Objective. Tab. 8 reports ablation results for the loss
design. Adding Lperc to Lpix improves VTUAV by +0.04 dB PSNR,
+0.003 SSIM, and —0.024 LPIPS (similar trend on DroneV), indicat-
ing sharper textures. Adding L,o; further enhances ROI edges and
yields additional gains on VTUAV (+0.15dB PSNR, +0.005 SSIM,
—0.007 LPIPS). Overall, the combined objective Loix+Lpere+Lroi
provides a robust balance of pixel fidelity, perceptual quality, and
ROI detail across datasets.

(v) Robustness to temporal/spatial misalignment. In Tab. 9, our
method outperforms strong VIS-IR baselines under the same pertur-
bations. This robustness is enabled by confidence-aware alignment
and gated IR injection with anchor fallback, which down-weights
unreliable IR cues as misalignment increases.

4.6 Uplink Payload and Transmission Time

To quantify the bandwidth cost of different collaboration strategies,
we analyze the uplink payload and transmission time for 512x512
inputs under a simplified model, as summarized in Table 10 and
shown in Fig. 7. We consider three representative uplink rates
Ryp € {1,2,3} Mbps, covering a low-rate case (1 Mbps), a moderate
regime around 2 Mbps, and a higher-rate case around 3 Mbps that is
feasible under favorable wireless conditions [77]. For comparability,
the RGB anchor stream is fixed at 0.8 Mbps (26.7 kbit per frame at
30 fps) for all methods. Table 10 reports the additional IR payload

Junwei Zhao, Qianchun Luo, and Jie Wu

Table 10: Illustrative uplink payloads and transmission time
per frame under different uplink rates R,p € {1,2,3} Mbps.
Brgp denotes the per-frame RGB anchor payload, and Big
denotes the additional IR payload.

Method Ryp Bra Bir Ty Trotal
(Mbps) (kbit/fr.) (kbit/fr.) (ms/fr.) (ms/fr.)
VIS-only 1 26.7 0.0 0.0 26.7
VIS+IR-full 1 26.7 65.5 65.5 92.2
VIS+IR-ROI 1 26.7 6.6 6.6 33.3
VIS-only 2 26.7 0.0 0.0 13.3
VIS+IR-full 2 26.7 65.5 32.8 46.1
VIS+IR-ROI 2 26.7 6.6 33 16.6
VIS-only 3 26.7 0.0 0.0 8.9
VIS+IR-full 3 26.7 65.5 21.8 30.7
VIS+IR-ROI 3 26.7 6.6 2.2 11.1
(@) 75 (®) 100
N —e— VIS+R-ROI n —a— VIS-only
60 AN ~#=  VIS+IR-full ~ 80 ™ —&— VIS+IR-ROI
o 30 fps (333 ms) g . -m VISHR-Al
g 45 - £ 60 “\ 30 fps (33.3 ms)
E30 L ) P
N e - g Ty
15 E 20 M
e o« . o
0 0
1.0 1.5 2.0 2.5 3.0 1.0 1.5 2.0 25 3.0
Ruyp (Mbps) Rup (Mbps)

Figure 7: Uplink transmission time for different VIS-IR con-
figurations on 512x512 VTUAV inputs.

Bpr together with its uplink transmission time Tir = Bir/Ryp and
the total transmission time TTota1 = (Brgp + BR)/Rup-

The VIS-only configuration incurs no IR uplink cost (Bir = 0), so
Trotal is determined by the RGB anchor stream. In the VIS+IR-full
baseline, full-frame IR requires Big = 65.5 kbit per frame, leading to
substantial uplink overhead, as shown in blue curve in Fig. 7 (a,b).
At low bandwidth, uplink transmission exceeds the 33.3 ms frame
interval for 30 fps, leaving limited budget for edge/cloud inference.

In contrast, the proposed VIS+IR-ROI configuration concentrates
IR bits on sparse task-relevant regions, yielding a much smaller IR
payload of 6.6 kbit per frame under the same coding setting. Con-
sequently, Tr is only 6.6, 3.3, and 2.2 ms at Ry, = 1,2, 3 Mbps, and
the corresponding total transmission times Ttota are 33.3, 16.6, and
11.1 ms (Table 10; red curve in Fig. 7 (a,b)). Fig. 7 (b) further shows
that the ROI-based curve remains close to the VIS-only curve while
staying well below the 33.3 ms reference line at moderate and high
bandwidths. Overall, ROI-based VIS-IR collaboration substantially
reduces IR uplink time compared to full-frame IR streaming, while
keeping the total per-frame transmission budget within a regime
compatible with real-time UAV operation.

5 Conclusion

We present an edge-cloud collaborative framework for UAV dehaz-
ing that uses the VIS stream as anchor and transmits IR cues only
from severely degraded regions. ViStream-SEI embeds IR ROI pixels
in-band within a single H.26x stream using COIS for truncation-
robust delivery. The cloud performs ROI-parallel alignment and
confidence-gated aggregation. Across multiple public datasets and
real-world UAV scenarios, our method improves dehazing quality
and small-object detection, remains robust to bandwidth truncation,
and sustains real-time throughput.
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