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Purpose: Cost reduction and considerably improved services to port users & operators

Non- Optimal
Assignment

incompatible

300m x 8m l

incompatible

?|gqnedwodul

Optimal
Assignment

available

incompatible

300m x 8m l

= >

BOS 310m x 9m

incompatible




Approaches AMBITI®US

Digital solutions for the 5G era

Exact Solvers

Compute optimal solutions but are very slow

Constructive Heuristics

Fast methods that build a solution step-by-step, assigning vessels to berths in an efficient but not necessarily
optimal way

Improvement Heuristics

Methods that start from an existing solution and iteratively refine it by making small changes, such as swapping
or repositioning vessel assignments.

Metaheuristics
Higher-level search strategies that explore and evolve solutions

* CSA:Inspired by cuckoo breeding behavior, it explores the search space by evolving a population of
candidate solutions

* GA: Uses Darwinian evolution principles to evolve a population toward better solutions
* ALNS: Iteratively improves a single solution by strategically destroying and repairing parts of it
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- Three constructive heuristics
— Nearest Neighbor (NN)
—Insertion (INS)

— Q&D Insertion (QD-INS)

« Two improvement heuristics
—Swap
—Reinsert

- Three metaheuristics
— Cuckoo Search Algorithm (CSA)
— Genetic Algorithm (GA)
— Adaptive Large-Neighborhood Search (ALNS)
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Data Sources [ Port Model

Piraeus (GR) Cargo Terminal Synthetic Data Generator (Extension of PCT
(PCT) for larger instances)
* 11to 13 vessels - 10 — 25 discrete berthing positions (3 Types)
simultaneously in
continuous port |qyout 50 - 170m 171 — 230m 231 = 3650m
T4 I ~12m o 14m
Type A Type B Type C

LERIB

Draft capped at 14m, calculated via sigmoid function of
vessel length.

Maximum number of cranes & Cargo Quantity proportional
to vessel length

High enough to prevent dropping vessels unless infeasible.
Based on worst-case WT, HT & LD.

LEI TP T22-6

Vessel Characteristics

Penalty for unserved vessels
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Datasets: Synthetic data, arrivals’ planning horizon : 1 week (168 hours)

45 vessels
10 berths

Execution

Time(s) 10800* 0.00001 0.0002 0.00004  0.82 0.09
Optimalit

Gap (%) (0.042) 7 0.18 0.24 0.164 0.169 0.079
Number of

Berthed Vessels

70 vessels
20 berths

Execution
Time (s) 10800* 0.00004 0.00045 0.00009 0.19 0.63
Optimalit
s (,,{ (0.04) 3.35 0.2 0.21 0.14 0.12 0.08
Number of 70 69 70 70 20 -0 -

Berthed Vessels
* Time Restriction for the exact solver : 10.800s (3h)
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Datasets: Synthetic data, arrivals’ planning horizon : 1 week (168 hours)

90 vessels
20 berths

Execution
Time(s) 10800* 0.00005 0.0007  0.0001 SLisls 1.35
Optimalit
Gap (%) (0.07) 0.4 0.191 0.195 0.114 0.121 0.09
Number of

Berthed Vessels

100 vessels
25 berths

Execution
Time (s) 10800* 0.00006 0.0009  0.0001 4,03 0.37
°ng;°'('.',‘§ (0.034) 033 0.08 0.09 0.058  0.054  0.048
Numberof 100 100 100 100 100 100 100

Berthed Vessels
* Time Restriction for the exact solver : 10.800s (3h)
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Smart Agriculture: Dacus Detection



Purpose: Real-time detection of the olive fruit fly, dacus.

Experimentally Evaluated dacus-recognition methods:

(a) PREVIOUS state-of-the-art: ()
dacus-recognition method based on YOLO8 with ADAM optimizer.

(b) OUR CONTRIBUTION:

2 new dacus-recodnition methods based on YOLOT1 with
Stochastic-Gradient-Descent (SGD) optimization, and enhanced
training-set augmentation methods.

(1) N. Mamdouh and A. Khattab: YOLO-Based Deep Learning Framework for Olive Fruit Fly Detection and Counting.
In IEEE Access, vol. 9, pp. 84252-84262 (2021). o
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We used the DIRT Dataset (2) with the following modifications.

|
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DIRT : ¥ Flipping i
Olive Fruit Fly *:" Ye:}gymgﬁ;:t?:r:or : - Shifting - Detection > Counting
Dataset : : 4 Rotation H
i Image pre-processing g : : :
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Modified YOLO (You Only Look Once)
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Our Data Augentation Phase:

(a) Flip-shift rotations of positive objects (dacus files).
(b) Addition of negative instances (butterflies) from another instance.
(c) Exploitation of randomization in flip-shift rotations.

=> Higher Accuracy of our trained YOLOTI model!!!

(2) https://universe.roboflow.com/new-workspace-hmOiw/dirt-dataset



Dacus Detection: Binary Classifier (no gender) AMBITI®US

Digital solutions for the 5G era

dacus 0.83
dacus 0.81

dacus 0.75
dacus 0.69

dacus 0.66




Experimental Results ( no gender info )
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mAP Precision Recall F1-Score
Previous work| 96.68% 84% 97% 90%
Our Method 1 0 0 0 0
VOLOVE — AdamW 94.36% 90.4% 91.1% 90.7%
Our Method 2
YOLOvV11 -SGD| 96.77% 90.8% 93.2% 91.9%
(Deterministic Augmentation)
Our Method 3
YOLOvV11 -SGD| 97.63% 93.6% 92.7% 93.1%
(Randomized Augmentation)
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dacus 0.80
E? ‘emale 0.76

€ 0.71

dacus 0.80
i1 e

dacus 0.79
gimrmxm




Experimental Results ( with gender info ) AMBITI®US
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Dacus Classifier (no gender):
Slightly worse results (due to confusing gender data)

mAP Precision Recall F1-Score

Previous

84.16% 80.2% 74.3% 77.1%
Work

Our Method 3

YOLOv11 -SGD| 93.99% 87.6% 87.2% 87.3%
(Randomized Augmentation)




Experimental Results ( gender recognition )

We added the ability to distinct the dacus’ aender. The classification now

includes both of the d_male and d_female classes.
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