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HYBRID OBJECT DETECTION IN LOW VISIBILITY UNDERWATER IMAGERY
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This study presents a multilevel analysis of object detection in
underwater and aerial imagery captured under limited-
visibility conditions. The physical causes of input-signal
degradation, including wavelength-dependent absorption,
scattering, non-uniform illumination, and low-contrast blur,
are systematized, feature representations that can preserve
object information under low contrast are considered, and a
conceptual hybrid approach to robust detection is formalized.
Analysis of recent research indicates that YOLO-, Faster R-
CNN-, and transformer-based detectors may lose accuracy
under adverse observation conditions when low-level visual
features are strongly degraded, which reduces detection
confidence and increases the number of false positives. To
address this problem, a conceptual multi-branch architecture
is proposed that coordinates detector-oriented image
enhancement,  physics-guided  degradation  estimation,
attention/context mechanisms, multiscale feature fusion, and a
real-time detector based on YOLO or RT-DETR. The
enhancement branch is intended to be evaluated primarily by
its influence on downstream localization rather than by visual-
quality metrics alone. The experimental part of this study is
deliberately limited to establishing a reference baseline:
YOLO11ln was trained and evaluated on the single-class
Common Objects Underwater (COU) dataset for underwater
technical-object detection. On the held-out test split, the
baseline achieved Precision = 0.889, Recall = 0.832,
mAP@0.50 = 0.888, and mAP@0.50:0.95 = 0.751. These
values characterize only the YOLO11n baseline and do not
constitute experimental validation of the complete hybrid
architecture. Accordingly, the expected contributions of the
enhancement, physics-guided, attention, and fusion branches
are formulated as testable hypotheses to be verified by
controlled ablation studies under identical data splits and
training protocols. The principal contributions of the present
work are the formalization of the conceptual architecture, the
definition of the baseline experimental protocol, and the
specification of a validation strategy for subsequent
experiments.
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Introduction. Object  detection  requires
simultaneous classification and localization of objects in
an image. Formally, the output of a detector can be
represented as a set

D = (bu Cilsi)f:v:_‘ll (1)

where b; denotes the bounding-box parameters, c; is the
class label, and s; is the confidence score.

High-quality detection therefore requires accurate
localization, correct classification, robustness to changes
in observation conditions, and acceptable real-time
performance.

Modern object-detection research is dominated by
two complementary architecture families. One-stage
convolutional detectors of the YOLO family emphasize
speed and practical deployment in real-time systems [1—
4]. Transformer-based detectors, including DETR and
RT-DETR, model global scene context and reduce
dependence on hand-designed components such as
anchors and non-maximum-suppression heuristics [35, 6].
Both families achieve high accuracy on standard
benchmarks, but their performance can decline
substantially when image formation differs from the
training distribution.

Underwater and aerial scenes combine several
independent degradation mechanisms. Underwater
images are affected by wavelength-dependent
absorption, forward and backscattering, non-uniform
illumination, blue-green colour shifts, and loss of fine
texture [7, 8]. Aerial and UAV imagery may contain fog,
haze, smoke, dust, atmospheric scattering, turbulent
distortion, large scale variation, and very small objects
[9-11]. These factors suppress edges and local contrast,
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weaken low-level CNN features,

attention allocation in cluttered scenes.
A common approximation for both underwater and

atmospherically degraded image formation is

and complicate

I1(x) = J()t(x) + A(l — t(x)), 2

where I1(x) is the observed image, J(x) is the latent clear
image, A denotes ambient or background light, and t(x)
is the transmission map with values in the interval [0, 1].
For a homogeneous medium,

t(x) = exp(—pd(x)), (3)

where B is the attenuation coefficient and d(x) is the
distance to the object. Because t(x) decreases with
distance, small and distant targets are particularly
difficult to detect in fog or turbid water [8, 10, 12].

A further difficulty is the limited availability of
large, consistently annotated low-visibility detection
datasets. UIEB is primarily an image-enhancement
benchmark, SUIM supports semantic scene analysis,
while URPC, RUOD, DUO, UTDAC2020 and related
datasets address underwater detection tasks [7, 8, 13].
VisDrone and UAVDT are widely used for aerial small-
object detection [9, 10]. Consequently, a strong detector
alone is insufficient: preprocessing, multiscale
representation, attention, and the training protocol must
be coordinated with the target domain.

Unresolved issues. The unresolved methodological
issue is how to combine image enhancement, physical
degradation cues, attention, and a detector without
improving visual appearance at the expense of
localization.  Existing  studies often  optimize
enhancement and detection separately, which may
amplify noise, distort object boundaries, or introduce
domain-specific artefacts. This motivates a detection-
friendly architecture in which all modules are evaluated
with respect to the final detection objective [11, 14, 15].

Research objective and tasks. The objective of
this study is to formalize a conceptual hybrid architecture
for object detection in low-visibility underwater and
aerial imagery and to establish a preliminary underwater
YOLOIl1n baseline for its subsequent experimental
validation. At the present stage, the experiment is
intended to define the reference level; it is not used to
claim an accuracy gain from the hybrid branches.

The following tasks were defined:

1) analyze modern object detector architectures
relevant to the aerial and underwater domains;

2) generalize physical models of image
degradation under conditions of fog, smoke, haze, and
turbid water;

3) formalize the composition and information flow
of a multi-branch hybrid framework;

4) establish a baseline training and evaluation
protocol on a low-visibility underwater dataset;

5) define metrics and ablation experiments
required to validate each proposed branch;

6) identify the limitations of current approaches
and directions for further improvement.

Research methods. The study combines physical
modelling, mathematical formalization, architectural
synthesis, and a preliminary computational experiment.

1. Physical modelling of degradation. Equations (2)
and (3) describe contrast attenuation and the contribution
of background light. For underwater imagery,
wavelength-dependent  absorption is  additionally
considered because the red channel commonly degrades
faster than the green and blue channels [7, §].

2. Detector-oriented image enhancement. Nonlinear
diffusion is used as the mathematical basis of the
enhancement branch:

ou
— =V (c(x,T)VU), @
ot
where U denotes the image and c(x,t) is an edge-
sensitive diffusion coefficient that suppresses noise in
homogeneous regions while limiting smoothing across
relevant boundaries. In the proposed framework,
enhancement quality must be assessed by its effect on
object localization rather than by visual quality alone [11,
15].
3. Attention mechanisms. Spatial-channel feature
enhancement is represented by the scaled dot-product

attention operator
Att(Q,K,V) ft (QKT)V )
,K,V) = softmax ,
Vd

where Q, K, and V are the query, key, and value matrices.
In convolutional blocks, related functions can be
implemented using CBAM-, EMA-, or GC-type
modules; in transformer blocks, self-attention or efficient
approximations can be applied [5, 6, 15, 16].

4. Evaluation criteria. Detection quality is assessed
using IoU, Precision, Recall, F1-score, AP, and mAP. For
a predicted and reference bounding box, IoU is defined
as

rou = 1B2 N Bl ©
|B, U B,|

where B, is the predicted bounding box and B is the
ground-truth box. AP is the area under the precision-
recall curve, while mAP averages AP over object classes.
The COCO-style metric mAPs.q5 averages AP over IoU
thresholds from 0.50 to 0.95 with a step of 0.05. Latency,
FPS, parameter count, and FLOPs should be reported for
real-time applications [5, 6].

5. Comparative architectural analysis. Detector
families are compared by their feature-aggregation
mechanism, ability to model global context, real-time
suitability, and expected vulnerability to low-level image
degradation. The comparison is methodological and is
not presented as a substitute for experiments under
identical conditions.
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Table 1 summarizes the role of the principal
detector families in a low-visibility pipeline. The table
intentionally avoids direct comparison of benchmark
values obtained with different image sizes, hardware
platforms, and software implementations.

Table 1

Methodological comparison of detector families
for low-visibility applications

. Mecha- Limi-
Family nism Context Speed tation
Local / Weak
YOLO CNN o¢ High | edges/
multiscale
contrast
DETR Attention Global Medium Data /
compute
RT-DETR | Hybrid | Global High | DPomain
shift
Hybrid Multi- Local / . Latency;
framework | branch global Variable ablation

Conceptual hybrid framework. The proposed
framework is a conceptual multi-branch network that
combines an enhancement branch, a physics-guided
branch, and an attention/context branch (Fig. 1). Their
outputs are intended to be integrated through multiscale

feature fusion before being passed to the detector. The
complete framework has not been trained end-to-end in
the experiment reported below; therefore, its expected
benefits are treated as testable hypotheses rather than
demonstrated performance gains.

The enhancement branch increases local contrast,
reduces selected photometric distortions, and produces a
detector-oriented representation. The physics-guided
branch estimates degradation using the transmission
t(x), background light A, attenuation coefficient 5, and
domain-specific colour and texture statistics. The
attention/context branch emphasizes spatial and channel
regions likely to contain informative object evidence.
The branches are then combined through multiscale
fusion of low-level boundaries, mid-level texture, and
high-level semantic context.

The fused feature representation is expressed as

Ffuse = ¢(Fenht thys' Fatt) (7)

where ¢(:) is a fusion operator implemented by
concatenation followed by a 1x1 convolution, adaptive
weighted summation, or attention-guided fusion. A
controlled weighted form is

Ffuse:aFenh+ﬁthys+yFatt,a+[)7+)/=1. €))

Fig. 1. Conceptual hybrid framework for low-visibility object detection
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Fig. 2. PR curve for the YOLO11n on the one-class test set

The detector can be instantiated in two principal
modes. A YOLO-based head prioritizes speed, multiscale
detection, and deployment on resource-constrained
platforms. An RT-DETR-based head provides stronger
global-context modelling and end-to-end prediction
without conventional NMS [6]. The appropriate
configuration should be selected experimentally because
the additional context of a transformer does not
automatically guarantee superior robustness under
domain shift.

Activation and attribution maps may be used to
interpret the attention branch and to identify whether the
model focuses on object regions rather than enhancement
artefacts. Such visualizations support, but do not replace,
quantitative ablation studies [16].

Baseline experiment (YOLO11ln only). The
reported computational experiment evaluates only the
baseline detector and does not include the enhancement,
physics-guided, attention, or fusion branches. A
preliminary one-class benchmark was constructed from
the COU dataset. All annotated man-made underwater
objects were merged into a single category,
technical_object, to evaluate the reference capability of
detecting technical targets in degraded underwater
scenes.

The data were converted to the standard YOLO
detection format and divided into independent training,
validation, and test subsets. The configuration file
dataset_1class.yaml specified nc = 1 and the unified class
name. The same class definition and image geometry
were retained across all subsets.

YOLOI11n was selected as a lightweight baseline
suitable for CPU-oriented experiments [17]. The model
was trained for 10 epochs with an image size of 512
pixels and a batch size of 8. Parameters not explicitly
changed were retained at the defaults of the training
implementation. Diagnostic curves and intermediate
statistics were generated during training. This setup
should be interpreted as a preliminary reference
experiment rather than a final exhaustive optimization of
the detector.

Model selection was performed using validation
results, after which the best checkpoint was additionally
evaluated on the held-out test split. The main metrics

were Precision, Recall, mAP@0.50, and
mAP@0.50:0.95. The corresponding PR-curve (Fig. 2)
was used as the main visual representation of detection
quality and as a baseline reference for future comparison
with RT-DETR and hybrid low-visibility models.

The obtained YOLO1 1n results (Table 2) establish
a quantitative reference level for one-class underwater
technical-object detection on the COU benchmark. The
test performance of Precision = 0.889, Recall = 0.832,
mAP@0.50 =0.888, and mAP@0.50:0.95=0.751 shows
that the lightweight baseline is already effective on this
particular split. These results should not be interpreted as
evidence for the effectiveness of the proposed hybrid
architecture. Instead, they define the reference against

which  future enhancement-only, physics-guided,
attention-only, and full-fusion variants must be
compared, especially under stronger visibility

degradation, cross-domain shifts, blur, and low-contrast
conditions.

Table 2
Baseline detection results of YOLO11n
on the one-class COU
mAP | mAP@0
Split Precision Recall @ .50:

0.50 0.95
Validation 0.875 0.800 0.838 0.717
Test 0.889 0.832 0.888 0.751

The normalized confusion matrix in Fig. 3 provides
information beyond aggregate metrics. In the one-class
setting, it shows that most labelled objects are assigned
to the technical object class, consistent with the reported
Precision and Recall. At the same time, the background-
related cells indicate that false detections and missed
objects remain relevant error sources and should be
analysed on the most strongly degraded images.

Because the complete hybrid framework was not
trained in the reported experiment, no numerical
improvement can be attributed to the enhancement,
physics-guided, attention, or fusion branches.
Throughout this paper, only the YOLOIlln values
reported in Table 2 are treated as experimentally
established results; statements about the additional
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Fig. 3. Normalized confusion matrix for underwater technical object detection on the COU test split

branches describe the proposed methodology and
hypotheses for subsequent ablation testing under
identical train/validation/test splits.

Discussion and limitations. The analysis leads to
four principal observations:

1) results reported on standard COCO-style
benchmarks are useful for architecture selection but do
not constitute evidence of robustness in underwater or
adverse-weather imagery;

2) preprocessing must be evaluated using detection
metrics because visually improved images may still
distort boundaries or suppress weak objects;

3) the enhancement, physics-guided, attention, and
fusion components require controlled ablation studies
together with latency and complexity measurements;

4) generalization to aerial imagery remains a
research hypothesis until the framework is tested on an
aerial low-visibility benchmark under the same
evaluation protocol.

Conclusions. This paper formalizes a conceptual
hybrid framework for object detection under low-
visibility conditions by coordinating detector-oriented
enhancement, physical degradation cues,
attention/context modelling, multiscale fusion, and a
real-time detector. At this stage, this architecture is a
methodological proposal: the analysis defines its
information flow and the hypotheses that must be tested,
but does not establish an experimental advantage over the
baseline.

The experimentally confirmed part of the study is
limited to the preliminary YOLO1 1n baseline on the one-
class COU benchmark, which achieved Precision =
0.889, Recall = 0.832, mAP@0.50 = 0.888, and
mAP@0.50:0.95 = 0.751 on the test split. These results
provide the reference level for subsequent comparison
and do not validate the complete hybrid architecture. The

next experimental stage should compare the baseline
with enhancement-only, physics-guided, attention-only,
and full-fusion variants on underwater datasets such as
URPC, DUO, or RUOD and on an aerial benchmark such
as VisDrone. Repeated runs, controlled synthetic
degradations, and identical training protocols are
required for statistically defensible conclusions.

The present study has three main limitations:

1) only the baseline detector, rather than the
complete hybrid framework, was evaluated;

2) the experiment covered one underwater dataset
and one merged class, so cross-domain and multiclass
generalization were not established;

3) the reported training schedule was deliberately
limited and did not include repeated runs, full
hyperparameter optimization, or an ablation of
computational cost.

Within these limitations, the proposed framework
defines a technically coherent research direction for
marine monitoring, underwater technical-object search,
UAV-based inspection, and object detection in fog. Its
methodological contribution is the explicit coordination
of enhancement and detection within a single task-
oriented pipeline; its practical effectiveness remains to be
quantified in the planned ablation and cross-domain
experiments.

References

1. Redmon J., Divvala S., Girshick R., Farhadi A. You Only
Look Once: Unified, Real-Time Object Detection. 2016
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). 2016. Pp. 779-788. DOI:
https://doi.org/ 10.1109/CVPR.2016.91

2.  Wang C.-Y., Bochkovskiy A., Liao H.-Y. M. YOLOV7:
Trainable Bag-of-Freebies Sets New State-of-the-Art for
Real-Time Object Detectors. 2023 IEEE/CVF Conference



72

BICHWK CXIOHOYKPATHCbKOIO HALLIOHANBHOIO YHIBEPCUTETY imeni Bonoaumupa Jans Ne 6 (304) 2026

10.

11.

12.

13.

14.

15.

16.

on Computer Vision and Pattern Recognition (CVPR).
2023.  Pp. 7464-7475. DOI:  https://doi.org/
10.1109/CVPR52729.2023.00721

Wang C.-Y., Yeh L.-H., Liao H.-Y. M. YOLOV9: Learning
What You Want to Learn Using Programmable Gradient
Information. arXiv preprint arXiv:2402.13616.2024. 17 p.
DOI: https://doi.org/ 10.48550/arXiv.2402.13616

Wang A., Chen H., Liu L., Chen K., Lin Z., Han J., Ding
G. YOLOvV10: Real-time End-to-End Object Detection.
arXiv preprint arXiv:2405.14458. 2024. 21 p. DOI:
https://doi.org/ 10.48550/arXiv.2405.14458

Carion N., Massa F., Synnaeve G., Usunier N., Kirillov A.,
Zagoruyko S. End-to-End Object Detection with
Transformers. Springer, 2020. Pp. 213-229. DOIL:
https://doi.org/ 10.1007/978-3-030-58452-8 13

Zhao Y.,Lv W., Xu S., Wei X., Wang G., others. DETRs
Beat YOLOs on Real-Time Object Detection. arXiv
preprint  arXiv:2304.08069. 2023. 14 p. DOL
https://doi.org/ 10.48550/arXiv.2304.08069

Li C, Guo C., Ren W., Cong R., Hou J., Kwong S., Tao
D. An Underwater Image Enhancement Benchmark
Dataset and Beyond. IEEE Transactions on Image
Processing. 2020. Vol. 29. Pp. 4376-4389. DOI:
https://doi.org/ 10.1109/TIP.2019.2955241

Jian M., Yang N., Tao C., Zhi H., Luo H. Underwater
Object Detection and Datasets: A Survey. Intelligent
Marine Technology and Systems. 2024. Vol. 2. P. 9 (23
p.). DOL: https://doi.org/ 10.1007/s44295-024-00023-6
Zhu P., Wen L., Du D., Bian X., Hu Q., Ling H. Vision
Meets Drones: A Challenge. Springer, 2021. Pp. 444—460.
DOI: https://doi.org/ 10.1007/978-3-030-11021-5_29
Tahir N. U. A., Tahir M., Ahn C. W., Hwang S. O. Object
Detection in Autonomous Vehicles Under Adverse
Weather: A Review of Traditional and Deep Learning
Approaches. Algorithms. 2024. Vol. 17, No. 3. P. 103 (29
p-)- DOL: https://doi.org/ 10.3390/a17030103

Kumar D., Muhammad N. Object Detection in Adverse
Weather for Autonomous Driving Through Data Merging
and YOLOVS. Sensors. 2023. Vol. 23, No. 20. P. 8471 (18
p.). DOL: https://doi.org/ 10.3390/s23208471

He K., SunJ., Tang X. Single Image Haze Removal Using
Dark Channel Prior. IEEE Transactions on Pattern
Analysis and Machine Intelligence. 2011. Vol. 33, No. 12.
Pp. 2341-2353. DOLI: https://doi.org/
10.1109/TPAMI.2010.168

Islam M. J., Edge C., Xiao Y., Luo P., Mehtaz M., Morse
C., Enan S. S., Sattar J. Semantic Segmentation of
Underwater Imagery: Dataset and Benchmark. 2020
IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS). 2020. Pp. 1766-1773. DOI:
https://doi.org/ 10.1109/IROS45743.2020.9340821

Meng X., Liu Y., Fan L., Fan J. YOLOv5s-Fog: An
Improved Model Based on YOLOVS5s for Object Detection
in Foggy Weather Scenarios. Sensors. 2023. Vol. 23, No.
11. P. 5321 (16 p.). DOIL https:/doi.org/
10.3390/523115321

Li Q., Shi H. YOLO-GE: An Attention Fusion Enhanced
Underwater Object Detection Algorithm. Journal of
Marine Science and Engineering. 2024. Vol. 12, No. 10.
P. 1885 (22 p.)- DOI: https://doi.org/
10.3390/jmse12101885

Yan J., Zhou C., Zhang J., Feng H., Wang Y., Cui Y.,
Wang Z. Underwater Object Detection Algorithm Based
on Attention Mechanism and Cross-Stage Partial Fast
Spatial Pyramidal Pooling. Frontiers in Marine Science.
2022. Vol. 9. P. 1056300 (12 p.). DOI: https://doi.org/
10.3389/fmars.2022.1056300

17.  Ultralytics. Ultralytics YOLO11 Documentation. 2024.
URL: https://docs.ultralytics.com/models/yolo11/
(accessed 16 May 2026).

Mopo3z /JI. Tiopuane BusIBJeHHA 00’€KTiB Ha
MiABOAHUX 300paKeHHSAX 32 HU3bKOI BMAUMOCTI.

Y 0ocnioscenni suxonano bacamopisnesuil ananiz 3a0ayi
susAGleHHA 00'ckmie Ha NIOBOOHUX MA  AEPO3HIMKAX,
OMPUMAHUX 6  ymosax obmedsrcenoi  8UOUMOCT.
Cucmemamuzo6ano Qizuuni npuuunu Odeespadayii 6xXiOHO20
CUCHATLY, 30KpemMa 3anedcHe 8i0 00BICUHU XGUTI NOTUHAHHS,
PO3CII06AHHA, HEPIGHOMIPDHE OCEIMIEeHHA Mma pO3MUmMms 3a
HU3bKO20 KOHMPACMY; PO32TAHYMO (Qopmu NOOAHHS O3HAK,
30amui  Kpawje 30epicamu ingopmayito npo o06'ekmu  3a
HU3bK020 KOHMpAacmy, ma opmanizogano KOHYenmyaibHuu
2ibpuonull nioxio 0o Haodilino2o euasieHHs. AHani3 oCManHix
docnidocensv ceiouumn, wjo Odemekmopu Ha ochosi YOLO,
Faster R-CNN ma mpancgopmepis moocyms empavamu
MOUHICMb 34 HECHPUSIMIUBUX VMO8 CHOCMEPENCEHHS, KOIU
HU3bKOPIGHEGI GI3VANbHI O3HAKU CYMMEBO 0e2padyioms, o
BHUJICYE 6NEBHEHICMb GUAGNEHHS Ma 30LIbWYE KIIbKICMb
XubHonosumuenux pesyiomamie. [na  pose'azanna  yiei
npobnemu 3anponoHO8AHO KOHYENMYAnbHYy 0a2amociiKkogy
apxXimexkmypy, SKA Y32004CeHO NOEOHYE OpIEHMoOsaHe Ha
Odemexmop NOKpaweHHs 300pasicenus, QizuuHo ooIpyHmosare
OYIHIOBAHHS Oeepadayii, MexaHizmMu yeacu ma KOHMEKCMmY,
Myabmumacuimadne 00'€OHanHs 03HAK | 0emeKmop peanbHO20
yacy Ha ocnosi YOLO ab6o RT-DETR. [inky nokpawenus
nepedbayeHo oyiHwéamu Hacamneped 3a i GNIUEOM HA
nooanvuly 1oKanizayiio 00'ekmis, a He auuie 3a MempuKamu
sizyanvHoi axkocmi. Excnepumenmanvhy uwacmuny pobomu
CBIOOMO  00MedNHCEHO (DOPMYBAHHAM emAlOHHO20 6A308020
pisua: mooderv  YOLOIlIn Haeueno ma oOyiHeHO Ha
oonoknacosomy nabopi Common Objects Underwater (COU)
07151 8uUsIBNEHHS NIOBOOHUX mexHiunux 06'ckmis. Ha sioknadeniil
mecmogitl subipyi 6azoea modenv docsena Precision = (.889,
Recall = 0.832, mAP@0.50 = 0.888 ma mAP@0.50:0.95 =
0.751. Li snauenns xapaxmepusylome Jquuie 6308y MoOelb
YOLOIlIn i He € excnepumeHmanoHum NiOMEEPONHCEHHAM
nosHoi 2ibpudHoi  apximexmypu. Bionogiono, ouixkysaruii
6HECOK 2II0K NOKpaujeHHs:, (i3uuHo20 OYIHIOBAHHA, yéasu ma
00'eOHanus  03HAK  chopmynIbO8aHO  AK  2inomesu, Wo
nionsieaiomo — nepesipyi  KOHMpOIbOSAHUMU — AOIAYIUHUMU
eKCnepumMeHmamy 3a OOHAKOBUX —pO3Oummie  Oanux i
npomoxonie naguanus. OCHOSHUMU pe3yTbMamamu pooomu €
Gopmanizayis KoOHYenmyaibHoi apximexmypu, GU3HAYECHHs
0a308020 eKCnepUMeHmaIbHO20 NPOMOKOLY ma cneyugixayis
cmpameezii ganioayii 018 NOOANLUUX eKCREPUMEHMIB.

Knwuosi cnosa: BUABNEHHA 00 ‘€Kkmis,
suouMicmy,  ni0BOOHI  300padceHHs,  Qi3uuHO
HABYAHHSL.
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     𝒟 =    (   b  i ,   c  i ,   s  i )  i = 1  N , #  ( 1 )


  P   =    { 1 ,   … .   M }


  M


  V   =    { 1 ,   … .   N }


  N


    C  i  k


  i


  k


  k ∈  { C P U ,   R A M }


    d  j  k


  j


  k


    T  k


  k


    D  k


  k


    C  i  C P U


    C  i  R A M


    x  j , i ∈  { 0 ,   1 }


  j


  i


    y  i ∈  { 0 ,   1 }


  i  


   min ⁡    ∑  i = 1  M    y  i


    ∑  i = 1  M    x  j , i = 1


  ∀ j ∈  { 1 ,   … ,   N }


  j


  i


    T  k


  k


    ∑  j = 1  N    d  j  k ⋅   x  j , i ≤   T  k ⋅   C  i  k ⋅   y  i


  ∀ i ∈  { 1 , … , M }


  ∀ k


  x  


  y  


    y  i = 0


    D  k = 0.85


    D  k


    T  k


    𝜆 1


    𝜆 2


    H  C


  p


   exp ⁡   ( − i 𝛾   H  C )


   exp ⁡   ( − i 𝛽   H  M )


    H  M = Σ   X  i


  2 p  


   (   𝛾 1 …   𝛾  p ,     𝛽 1 …   𝛽  p )


  r


  r =       C  o p t    C  Q A O A


    C  o p t


    C  Q A O A


  r = 1 . 0  


  r < 1  


  ≤ 18 − 20  


  V  


  P  


  T  


  p  


  p e n a l t y  


    M A X  I T E R


  S H O T S


  a s s i g n m e n t  


   { V M : P M }


  n u   m  a c t i v e


  f e a s i b l e  


  r  


  ≤


  𝛾 , 𝛽


   2  N


  p e n a l t   y  s t r e n g t h


  𝛾 , 𝛽


   2  N


    𝜆 1 =   𝜆 2 = 6 . 0


  p = 2


  r = 1 . 0


   2 21


                    x  t + 1 = F (   x  t ,     u  t )   +     w  t


    y  t = H (   x  t )   +     v  t


    x  t ∈   R  n


    u  t ∈   R  m


  F :   R  n ×   R  m


    y  t ∈   R  p  


  H :   R  n →   R  p  


      w  t ~ N  ( 0 ,   Q )    


    v  t ~ N  ( 0 ,   R )  


  q (   x  t ,     u  t ) ≤ 0 ,


  q (   x  t ,     u  t )


    x  t


    Y  t − k : t


     х ^  t + 1


                                       х ^  t + 1 =     Ф  H D T (   Y  t − k : t ,   U  t − k : t   , m  t ; 𝜃 )


      𝛹  H D T  


   е  t


   е  t =     𝛹  X A I (    х ^  t + 1 , 𝜃 )


   е  t


    o  t  { 0 ,   1 }


    u  t + 1 ∗ = 𝜋 (    х ^  t + 1 ,  е  t ,   o  t )


    x  t ∈   R  n


    u  t ∈   R  m


    y  t ∈   R  k


    𝜖  t ~ N ( 0 , 𝛴 )


   


  𝛴 ∈   R  p x p


    f  p h y s :   R  n ×   R  m →   R  p


    X  t − w : t ∈   R  𝜔 x M


  𝜔


    f  M L :   R  𝜔 x M →   R  p


    H  D T :     R  𝜔 x M ×   R  m ×     R  | m | →   R  p


    𝜓  p h y s  ( ∙ ;   𝜃  p h y s )


    x  t


    𝜓  M L  ( ∙ ;   𝜃  M L )


    X  t − 𝜔 : t


   Ф  d e c


    y  h y b r i d  ( t + ∆ t ) =  Ф  d e c  (  ( 1 − 𝜆  ( t ) ) ∙   Z  p h y s  ( t ) +                                                   + 𝜆  ( t ) ∙   Z  d a t a  ( t ) ;   𝜃  d e c )                                                    


  𝜆  ( t )


  Z  ( t ) =   u n c e r t  p h y s  (   x  t ) ≥ 0


  𝜆  ( t ) = 1 − e x p ⁡ ( − 𝛾 ∙ z  ( t ) )


  𝜆  ( t ) ∈


  z  ( t ) → 0


  z  ( t ) → ∞


  𝜆  ( t )


                E  h y b r i d =   E  p h y s +   E  P I N N +   E  i n t


    E  p h y s


    E  P I N N


    E  i n t


  𝜆  ( t )


      E  i n t


  𝜆 → 0


    E  h y b r i d  


  𝜆  ( t )


  𝜆


    R  s t r  ( t )


    R  f u n c  ( t )


    P  i  ( t )


    Y  i  ( t )


    C  i ( t )


    P  i  ( t )


    R  s t r  ( t )


  𝜆 =  [   𝜆 1 …   𝜆  v ]  


    f  F T A


        P  i  ( t ) =   f  F T A  ( 𝜆 , t ,   S  i ) =   ∏  k ∈   S  i  A N D   ( 1 −   e  −   𝜆  k t ) ∙                                                        [ 1 −   ∏  j ∈   S  i  O R    e  −   𝜆  j t ] ,


    S  i  A N D


    S  i  O R


                    m  t =   [   R  s t r  ( t ) ,   R  f u n c  ( t ) ,   P  i  ( t ) ,   Y  i  ( t ) ,   C  i ( t ) ]  T


    m  t


    R  s t r  ( t )  


    R  f u n c  ( t )


    P  i  ( t )


    Y  i  ( t )


    C  i ( t )


    m  t


   h  i ( t ) ∈   R  d


    e  i  ( t )


   h  i  ( t )


                    e  i  ( t ) =   v  𝛼  T t a n h ⁡ (   W h  h  i  ( t ) +   W  m   m  t +   b  𝛼 )


    W h ∈   R    d  𝛼 x d


    W  m ∈   R    d  𝛼 x | m |  


    b  𝛼 ∈   R    d  𝛼  


    v  𝛼 ∈   R    d  𝛼    


    𝛼  i ( t )


                                                              𝛼  i  ( t ) =   e x p ⁡ (   e  i  ( t ) )    ∑  j = 1  K  e x p (   e  i  ( t ) )


                                                         h -  i ( t ) =   𝛼  i ( t ) ∙  h  i ( t )


     h -  i


    𝛼  i  ( t )


    𝛹  p h y s


  𝜆  ( t )


  𝜆


  𝜆


  Z ⊂   R  H


    Z  p h y s ⊆   R  H  


    Z  t ∈   Z  p h y s


    Z  p h y s → P


   Ф  P I N N  ( ∙ ;   𝜃  P )  


   Ф  C O G  ( ∙ ;   𝜃  C )  


    y  t


    z  p h y s  ( t ) =  Ф  P I N N  (   x  t ,   u  t ;   𝜃  P ) ∈ Z


    z  d a t a  ( t ) =  Ф  C O G  (   y  t ;   𝜃  C ) ∈ Z


    z  p h y s  ( t )


    z  t


    𝜆  t


                          z  t =   𝜆  t   z  p h y s  ( t ) ⊕ ( 1 −   𝜆  t ) A (   z  p h y s   ( t ) ,   z  d a t a  ( t ) )


    z  p h y s   ( t )


    z  d a t a  ( t )


                          e  t = S o f t m a x  (     ( z  d a t a  ( t )   W  Q )   (   z  p h y s   ( t )   W  K )  T     d  k )


    W  Q ∈   R    H × d  k


    W  K ∈   R    H × d  k


     d  k


    d  k


    e  t


  𝝀


    f  p h y s


  𝜆


        u n c e r t  p h y s  (   x  t )


  𝜔


      u n c e r t  p h y s  (   x  t ) =  1  𝜔   ∑  k = t − w  t     (   y  t r u e  ( k ) −                                             f  p h y s  (   x  t ,   u  t ) −   B i a s  s t a t i c ) 2 ,


    y  t r u e  ( k )


      B i a s  s t a t i c


      U  a l e a


    𝜎  e n v 2


      U  e p i s


                    U  e p i s  (   x  t ) = m a x ⁡ ( 0 ,   u n c e r t  p h y s  (   x  t ) − 𝜎  e n v 2 )      


      U  e p i s  (   x  t )


  𝜆  ( t )


      U  e p i s


    𝛴  i n  


    𝛴  P I N N  ( t )


    J  p h y s


    L  P D E


                                        𝛴  P I N N  t =   J  p h y s   𝛴  i n   J  p h y s  T + O (   L  P D E )


    𝛴  C O G  ( t )


      U  e p i s  ( t )


                                          U  e p i s  ( t ) = T r  (   𝛴  P I N N   ( t ) ⊕   𝛴  C O G   ( t ) )  


    𝛴  i n →   𝛴  l a t e n t →   U  e p i s → T r


  𝛾


    u n c e r t  p h y s → 0


  𝜆  ( t )


    u n c e r t  p h y s  


  𝜆  ( t )


  𝛾


  𝛾


  𝛾


  𝛾


  𝜆 → 0


  𝜆 → 1


  𝜆 → 0


  ( 𝜆 → 1 )  


    u  t  a u t o =   𝜋  n o m (    х ^  t )


   е  t =     𝛹  X A I  (    х ^  t , 𝜃 ) .


     Т  u  t  a u t o  


   Т  t ∈


   Т  t = Г (  е  t ,   L  P D E ,   U  e p i s )


  Г


    U  e p i s


    L  P D E


   е  t


  𝜋


                            u  t = 𝜋  {      u  t  a u t o   , i f     T  t ≥   𝜏  t r u s t     u  t  c o r r   , i f     T  t <   𝜏  t r u s t


    𝜏  t r u s t


    T  t <   𝜏  t r u s t


     х ^  t


    u  t  c o r r


    u  t  a u t o


    𝜏  t r u s t


    T  t ≥   𝜏  t r u s t


    T  t <   𝜏  t r u s t


    u  t  c o r r


     х ^  t


    𝛼  t


  ≈


  ≈  


  ∙


  ∙


  ≈  


    L 2 ∙


    L 2 + L ∙  


  ≈  


    𝜆  t


  ≈  


    L 2 ∙


  ∙


    L 2 ∙


  ∙


  ≈  


  ∙


  ∙


  ~


  ≈


  ≈


  ≈


  ≈


  𝜆  ( t ) → 1


      L  t o t a l


                  L  t o t a l  ( 𝜃 ) =   L  d a t a  ( 𝜃 ) +   𝜆  P D E   L  P D E  (   𝜃  p h y s ) +                             + 𝛼 ∙   L  p h y   s  b o u n d s  (   𝜃  M L ) + 𝛽 ∙ R  ( 𝜃 ) ,        


    L  d a t a


    L  P D E  


    R ( 𝜃 )


    𝜆  P D E


  𝛼


  𝛽


    L  p h y   s  b o u n d s


  R e L U


      x ^  k


    x  k  m i n


    x  k  m a x


      L  p h y   s  b o u n d s =   ∑  k   (   [ R e L U (     x ^  k −   x  k  m a x ) ] 2 ) +                                               +   [ R e L U (   x  k  m i n −     x ^  k ) ] 2 )                                          


  R e L U  ( z ) = m a x ⁡ ( 0 , z )


    x  k  m i n ≤     x ^  k ≤


    x  k  m a x


  𝜆  ( t )


  𝜆  ( t )


  R e L U


  𝜆  ( t ) → 1


                                              C  c l o u d = O  (   N  s h i p s ∙ T ∙ d ) ,    


  ≈ 1 . 1 ×  10  5  


  ∆


                                                      C  c o m m = O  (   N  s h i p s ∙ P ) ,


  ≈  


  O ( T ∙ d + P )


  ≈ 1 . 1 ×  10  5  


                                              C  c l o u d = O  (   N  s h i p s ∙ T ∙ d )        


    N  s h i p s


  ∆


  ×


    𝜎 2


    𝜂  i n i t = 1 ×  10  − 3


    𝜂  i n i t = 1 ×  10  − 5


  1 ×  10  − 2


  𝛽 = 1 ×  10  − 4  


  𝛼


    𝜆  t


  ×


    ±


  ~


    𝑻  𝑭 𝑯 𝑻


    𝑻  𝑭 𝑯 𝑻


  ±


    𝑻  𝑭 𝑯 𝑻


  ±


  ±


  ±


  ~


  ±


  ±


  ±


  ±


  ±


  ±


  ~


  ±


  ±


  ~


  ±


  ±


  ~


  ±


  ±


  ~


  𝜆  ( t )


  ±


  𝜆  ( t )


      𝑻 ^  𝑭 𝑯 𝑻


      T ^  F H T


    𝛼  i ( t I ∙  h  i  ( t )  


  𝜆  


  𝜆 .


  𝜆


  ≈


    𝜆  


  𝜆 ∈


  𝜆


      T ^  F H T


      T ^  F H T


      T ^  F H T


      T ^  F H T


  ∆


  𝜆  ( t )


  Q =   ∑  t = 1  T    ∑  i = 1  n    q  i t ,  


   h - =  1  m − 1   ∑  j = 2  m   (  τ  j −  τ  j − 1 )


    W - =    h - 2 ,


      W  r - =     ∑  j = 1  m   h  j 2  2   ∑  j = 1  m   h  j ,


  Δ W =     W 0 - −     W 1 - ,


    E  t i m e = Q ⋅ Δ W ,


    E  m o n e y =   E  t i m e ⋅   c  t i m e ,


    K  l o a d =   P  C ,


      K -  l o a d =  1  T n   ∑  t = 1  T    ∑  i = 1  n      P  i t    C  i t ,


  Δ   K  o v e r =  max ⁡   ( 0 ,     K -  l o a d , 0 − 1 ) −  max ⁡   ( 0 ,     K -  l o a d , 1 − 1 ) ,


    D h =  1  m   ∑  j = 1  m   |  h  j −  h  p l a n | ,


    E  r e g =     D  h 0 −   D  h 1    D  h 0 ⋅ 100 % ,


    R  b u n c h =   N  (  h  j <  h  c r i t )  m ,  


    E  b u n c h =     R  b u n c h , 0 −   R  b u n c h , 1    R  b u n c h , 0 ⋅ 100 % ,


    C  o p = L ⋅   c  k m + H ⋅   c  h o u r +   N  b ⋅   c  f i x ,                


    E  o p =   C  o p , 0 −   C  o p , 1 ,


    E  r e v =  (   Q 1 −   Q 0 ) ⋅ f ,


    C  i t =   C  s o f t +   C  h a r d +   C  d a t a +   C  t r a i n +   C  m a i n t ,          


    E  s u m =   E  m o n e y +   E  o p +   E  r e v ,


    E  n e t =   E  s u m −   C  i t ,


    K  e f f =     E  s u m    C  i t ,


    T  p a y =     C  i t    E  s u m


    I  s e r v =   w 1   Δ W      W 0 - +   w 2   Δ   K  o v e r    K  o v e r , 0 +   w 3     D  h 0 −   D  h 1    D  h 0 +   w 4     R  b u n c h , 0 −   R  b u n c h , 1    R  b u n c h , 0 ,


   {    т е х н о л о г і я   д о б р а ,     E  n e t > 0 ,     K  e f f > 1 ,     I  s e r v >   I  m i n ,         т е х н о л о г і я   п о т р е б у є   д о о п р а ц ю в а н н я ,      і н а к ш е


  F =  ∑  t = 1 … T    ∑  i = 1 … N [ ∆   P  i  ( t ) +   𝜆 1   ∙    ∑  j    (   U  j  ( t ) −     U  n o m  ) 2 ] ∙                                                                                                               ∆ t   → m i n


   ∑  i = 1 … N   P  i  ( t ) =   P  l o a d  ( t ) +     P  n t  ( t ) +  ∑  i = 1 … N   ∆   P  i  ( t ) ,     ∀ t ;


    U  m i n ≤     U  j  ( t ) ≤   U  m a x ,     ∀ j ,   t ;


  0   ≤     P  i  ( t ) ≤     P  i ,     m a x ,         Q  i ,   m i n ≤   Q  i ( t ) ≤     Q  i , m a x ,     ∀ i ,   t ;


    T H D  j  ( t ) ≤   T H D  a l l o w ,       ∀ j ,       t ;


   ∑  t = 1 … T     k  i  ( t ) ≤   n  m a x ,       ∀ i .


    x  n =   x −   x  m i n    x  m a x −   x  m i n ,             x 𝜖  { B ,   D ,   P }


  B


  D


  P


    x  m a x ,   x  m i n


    D  n ∗ = 1 −   D −   D  m i n    D  m a x −   D  m i n ,                   P  n ∗ = 1 −   P −   P  m i n    P  m a x −   P  m i n .  


    Q o S  i =   w 1   B  n +   w 2   D  n ∗ +   w 3   P  n ∗ ,


    B  n


    D  n ∗


    P  n ∗


    w 1 ,     w 2 ,     w 3


    w 1 +   w 2 +   w 3 = 1 .  


    w 1 = 0 , 2 ;   w 2 = 0 , 5 ;     w 3 = 0 , 3 .


    w 1 = 0 , 6 ;   w 2 = 0 , 2 ;     w 3 = 0 , 2 .


       Q o S    i  e t h = f  (   B    n  e t h ,       D  n ∗  e t h ,     P  n ∗  e t h ) ,     Q o S    i  w i f i = f  (   B    n  w i f i ,       D  n ∗  w i f i ,     P  n ∗  w i f i ) .


  C h a n n e l = a r g m a x (   Q o S    i  e t h ,     Q o S    i  w i f i )


    Q o S    i  e t h ,  


    Q o S    i  w i f i


    Q o S  i


   |   Q o S    i  e t h −     Q o S    i  w i f i | > ∆ ,


  ∆


  ↓


  ↓


  ↑


  ↓


    s  t =  (   𝜆  t ,     𝜆 ˆ  t + 1 : t + H ,  h  t ,   𝜌  t ,   𝜏  t  w a i t ,   R  t ,   C  t ,  Π  t )


  C   V h =     1  m   ∑  i = 1  m     (  h  i −  h - ) 2   h -


   Ρ t =    q t   n t Q


   Π t =  R t −  C t = p  q t −  (  c f  n t +  c v  L t  n t )


      y ^  t + 1 =   f θ  (   y  t − k : t ,   x  t − k : t )


      y ^  t + 1 : t + H =   f θ  ( 𝒢 ,   Y  t − k : t ,   X  t − k : t )


      y ^  t + 1 =   f θ  (   𝒢   ( 1 ) ,   𝒢   ( 2 ) , … ,   𝒢   ( 𝓇 ) ,   Y  t − k : t ) ,


      t ^  a , t + 1 =   g θ  (   z  t − k : t ) ,


    u  t =  {    + 1 ,   ρ  t >  ρ  m a x  або   τ  t  w a i t >  τ  m a x ,   0 ,   ρ  m i n ≤  ρ  t ≤  ρ  m a x  і   Π  t ≥ 0 ,   − 1 ,   ρ  t <  ρ  m i n  і   Π  t < 0 ,


     min    u  t ∈ 𝒰 ⁡     max   λ  t ∈ Ω ⁡  J  (   u  t ,  λ  t ) ,


   π ∗ =  arg ⁡     maxE π ⁡   [   ∑  t = 0  T   γ  t   r  t ]


    u  t =  (  h  t  h o l d ,   s  t  s k i p ) ,


    s  t =  (   𝜆  t ,     𝜆 ˆ  t + 1 : t + H ,  h  t ,   𝜌  t ,   𝜏  t  w a i t ,   ∗ R  t ,   C  t ,  Π  t )


   ρ  t =    λ  t  h  t  60 Q


  C   V  h , t =     1    m  t   ∑  i = 1    m  t     (  h  i , t −    h  t - ) 2     h  t -


   τ  t  w a i t =    h  t 2  ( 1 + C   V  h , t 2 )


   Π  t =   R  t −   C  t = p   q  t −  (   c  f   n  t +   c  v   l  o b   n  t ) ,


     λ ^  t + 1 : t + H =   f θ  ( G ,  λ  t − k : t ,   X  t − k : t ) ,  


      𝜆 ^  t + 1 =   𝛼 0 +   ∑  j = 0  k    𝛼  j   𝜆  t − j +   ∑  r = 1  s    𝛽  r   x  r , t +   ∑  u ∈ 𝒩    𝛾  u   𝜆  u , t ,


  M A P E =   100 %  N   ∑  i = 1  N   |    λ  i −    λ  i ^   λ  i | ,                             R M S E =   1  N   ∑  i = 1  N     (  λ  i −    λ  i ^ ) 2 ,


      𝜌 ^  t + 1 =      λ ^  t + 1  h  t  60 Q ,    τ ^  t + 1  w a i t =    h  t 2  ( 1 + C   V  h , t 2 ) ,        


       Π ^  t + 1 = p   q    ^  t + 1 −  (   c  f   n  t +   c  v   l  o b   n  t )  


    n  t + 1  r e q =  ⌈       𝜆  t + 1 ^   T  o b  Q   𝜌  m a x 60 ⌉


   h  t + 1  a d =     T  o b    n  t + 1  r e q


     u t =  {    підсилення ,     ρ ^  t + 1 >  ρ max  або     τ ^  t + 1 wait >  τ max   стабілізація ,   ρ min ≤    ρ ^  t + 1 ≤  ρ max  і      Π ^  t + 1 ≥ 0   економізація ,     ρ ^  t + 1 <  ρ min  і     Π ^  t + 1 < 0


    u  t ∗ =   u  t ,  якщо   Π  t + 1 − ≥  Π  m i n  і   ρ  t + 1 + ≤  ρ  c r i t ,


    Q  t ∗ =  arg ⁡     min    Q  k ⁡ {   C  t  (   Q  k ) ∣    ρ  t ^  (   Q  k ) ≤  ρ  m a x ,    Π  t ^  (   Q  k ) ≥ 0 } ,


    n  t  ad =  max ⁡   {  ⌈       𝜆 ^  t   T  o b  Q   𝜌 max 60 ⌉ ,  ⌈     T  o b   h max ⌉ }


    P  t =     n  t Q 60    T  o b


      𝜌 ^  t + 1  base =   185 ⋅ 24  60 ⋅ 80 = 0 , 925


      𝜏 ^  t + 1  base =  24 2  ( 1 + 0 ,  20 2 ) = 12 , 48  хв


    P  base =   4 ⋅ 80 ⋅ 60 96 = 200   пас./год.


    n 4  ad =  ⌈   185 ⋅ 96  80 ⋅ 0 , 85 ⋅ 60 ⌉ = 5  автобусів.


      𝜌 ^  t + 1  ad =   185 ⋅ 19 , 2  60 ⋅ 80 = 0 , 740 ,


      𝜏 ^  t + 1  ad =   19 , 2 2  ( 1 + 0 ,  20 2 ) = 9 , 98  хв ,


    P  ad =   5 ⋅ 80 ⋅ 60 96 = 250  пас./год.
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  min  { J  ( k ) } = min  {   ∑  p = 1  N     (   y  s p  ( k + p | k ) −   y ^  ( k + p | k ) ) 2 + 𝜆   ∑  p = 0    N  u − 1     ( ∆ u  ( k + p | k ) ) 2 }
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  𝛿 u ( t ) = u ( t ) −   u 0


  𝛿 y ( t ) = y ( t ) −   y 0
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  𝛿   x . ( t ) = A 𝛿 x ( t ) + B 𝛿 u ( t )


  𝛿 y ( t ) = C 𝛿 x ( t ) + D 𝛿 u ( t )


  A =      𝜕 f  𝜕 x |    t 0   x 0   u 0


  B =        𝜕 f  𝜕 u |    t 0   x 0   u 0


  C =        𝜕 g  𝜕 x |    t 0   x 0   u 0


  D =        𝜕 g  𝜕 u |    t 0   x 0   u 0
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  x  (   t 0 ) =   x 0
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    P  l i n ( s ) =   𝛿 Y  ( s )  𝛿 U  ( s )



