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[bookmark: _Toc216806895]Introduction
This assignment analyzes the logistical challenges faced by the online grocery service, GrocerQuick, specifically focusing on inefficient delivery route management. The core problem is identified as a variant of the Vehicle Routing Problem with Time Windows (VRPTW). Using abstract thinking and decomposition techniques, the requirements and constraints are defined using the MoSCoW method. This report proposes a heuristic-based solution incorporating a two-phase optimization algorithm (Clustering and Sequencing) designed to minimize total travel distance and ensure strict adherence to delivery time constraints. A detailed flowchart and pseudocode illustrate the proposed system, followed by a reflection and justification of the methodology employed, highlighting the use of systems thinking and constraint satisfaction to achieve a scalable and efficient operational model.

[bookmark: _Toc216806896]1. Problem Deconstruction 
[bookmark: _Toc216806897]1.1 Scenario Overview
The scenario presented involves GrocerQuick, an online grocery service struggling with high fuel consumption and poor delivery times due to inefficient route planning[1]. This is a classic logistical challenge known as the Vehicle Routing Problem (VRP), complicated by real-world time constraints, defining it more accurately as a Vehicle Routing Problem with Time Windows (VRPTW). The objective is to design a logical, scalable system that resolves the complexity of allocating multiple orders to multiple vehicles while optimizing for cost (fuel/distance) and quality of service (timeliness)[2].
 Key Variables and Data Components
To abstract the problem, physical components (vehicles, depots, customers) must be modeled as quantifiable variables[3]:

· Variable Type

· Description

· Nodes 

A set of geographic locations including the central depot and customer delivery points . Each node has coordinates (latitude, longitude)[4].

Vehicles 

The fleet of delivery vehicles, each with specific attributes: maximum capacity .working time limit , and current location.
Orders 

Individual customer orders, each assigned a payload (weight/volume $P_o$) and a preferred Delivery Time Window (DTW).

Distance Matrix 

A matrix providing the shortest travel time and distance ($d_{ij}$) between every pair of nodes .

Cost Function 

The objective function used to evaluate a proposed route, typically minimizing total distance subject to penalty costs for time violations[5].


[bookmark: _Toc216806898]1.2 MoSCoW Requirements Analysis
Classifying the requirements with MoSCoW method(Must have, Should have, Could have and Won’t have)[6]:
Must-Haves:
· Optimal assignment of orders to delivery routes
· Minimized fuel consumption
· Every order was delivered promptly (no single delivery was more than 30 minutes late)


Should-Haves:
· Real-time tracking of delivery vehicles
· Route dynamic optimal during the driving according to the realtime traffic flow.
Could-Haves:
· Live Update integration with customer facing applications
· Order allocation automatically according to vehicle capacity and location
Won't-Haves:
· Manual intervention in route optimization
· Use of fuel-inefficient vehicles
Key variables involved include:
· Order locations and quantities
· Vehicle capacities and locations
· Traffic conditions and road network
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Variables to monitor:
· Places of ordering: location data from GPS for all order points[7].
· Time windows: Delivery time of an order (pre-order vs. same-day).
· Vehicle load: The total demand served by a vehicle.
· Fuel prices: Directly dependent on distance traveled and traffic.
· Driver Supply: Number of available drivers, number of hours the drivers were working.
· Street grid: Traffic flow, speed limits and blockages.
Constraints:
· Hard constraints:
· No 1 command may be more than 30 minutes delayed from scheduled arrival time.
· Vehicle maximum weight cannot be exceeded.
· Soft constraints:
· Routes should be no longer than 20% of travel distance.
· No more than 10% of the deliveries should be late.

Proposing a Solution
This is done using optimal route optimization algorithm & real-time tracking to make sure that the routes are optimal. The solution can be summarized as follows[8]:
· Order Allocation: Apply a variant of the Vehicle Routing Problem (VRP) method to allocate orders to vehicles according to their capacity, current position and location of the orders (Laporte, 2009).
· Route Optimization: Use the Ant Colony Optimization (ACO) algorithm for route optimization by taking into account road network and traffic situation so as to reduce travel distance and time .
· Tracking in one clickView a real-time tracking system to trace the delivery vehicle and it's status. This enables the possible re-routes of routes based on traffic unexpected factors or changes in orders.
· Time Window Control: All deliveries must arrive at the requested time windows[9]. Plan the route or inform the customer if a vehicle is likely to be late.
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Sequencing/Optimization: Determining the optimal visiting order within an assigned route. This subdivision reduces the dimensionality of the initial problem, making the computation time manageable[10].
Constraint Satisfaction and Penalty Functions: Abstract thinking allowed the hard, qualitative requirement to be translated into a quantitative, algebraic element in the objective function  via the high penalty coefficient .By assigning an extreme financial penalty to late deliveries, the algorithm is forced to prioritize time constraint satisfaction over minor distance reductions, aligning the mathematical optimization goal directly with the business objective.
Heuristics: Recognizing that VRP is NP-Hard, the choice of a heuristic approach (Clark-Wright Savings followed by 2-opt local search) was a practical necessity. Heuristics sacrifice the guarantee of global optimality for the certainty of delivering a very good solution within the tight computational window required for daily operational planning.
[bookmark: _Toc216806902]3.2 Justification of the Approach
The proposed heuristic methodology is appropriate for GrocerQuick for several reasons:
Scalability: The algorithm scales polynomially rather than exponentially. As GrocerQuick grows its order volume, the system will remain operational and fast, supporting the company's expansion without immediate hardware replacement[11].
Goal Alignment: By explicitly embedding the M3 hard constraint (30-minute late maximum) into the cost function with a high penalty, the system ensures that the most critical requirement—customer service—is non-negotiable within the optimization process. This adheres to core principles of Systems Thinking, ensuring that optimizing one element (distance/fuel) does not compromise overall system performance (customer satisfaction/M3 compliance) [6].
Flexibility: The modular design (Clustering followed by Sequencing) allows for future integration of advanced features, such as dynamic re-routing (C1), by simply re-running the sequencing phase on active routes when new real-time traffic data becomes available.
3.3 Limitations and Assumptions
While robust, the solution relies on several assumptions and inherent limitations:
Static Speed Model: The primary assumption is that the travel time matrix ($D$) is accurate. If real-time traffic (S2) is not fully implemented, the system assumes a constant average travel speed, which can lead to inaccuracies and potential M3 violations during peak hours[12].
Instantaneous Service Time: The model simplifies delivery service time (the time spent at a customer’s door) as a fixed constant (e.g., 5 minutes). Significant variations in service time (e.g., waiting for apartments access) can disrupt the tightly optimized schedule.
Local Optimum: As a heuristic, the solution guarantees finding a local optimum—a highly efficient route—but cannot guarantee it is the absolute best route possible (global optimum). This limitation is an acceptable trade-off for speed in logistical optimization.

[bookmark: _Toc216806903]2.3 Detailed Explanation of the Solution
Step 1: Data Collection and Clustering
Orders are first grouped using k-means clustering to minimize large inter-vehicle distances. For example, if 100 orders exist in a city, clustering reduces the problem from a single large VRP to multiple smaller TSPs .

Step 2: Genetic Algorithm for Route Optimization
The genetic algorithm (GA) mimics natural selection to iteratively improve route efficiency. Fitness functions prioritize:
· Distance minimization: Penalizes longer routes.
· Time compliance: Ensures 90% of deliveries meet time windows.
· Vehicle capacity: Ensures no order cluster exceeds vehicle capacity.

Step 3: Real-Time Adjustments via Dynamic Programming
If traffic data indicates a 15-minute delay on a route, the system reroutes the vehicle using A algorithm* to find the fastest alternative path .
Step 4: Assignment and Monitoring
Routes are assigned to drivers via a mobile app, with real-time GPS tracking to flag deviations. If an order risks exceeding the 30-minute window, the system triggers an alert for manual intervention (Amazon’s delivery monitoring system serves as a reference here).



Reflect and Justify
This methodology uses a heart-type logic in order to solve the complex problem by decomposing it into simpler parts and using well-known algorithms like the VRP and ACO upon these. The unlocking of problem structure enables us to tackle each component of the delivery process – from order assignment to real-time tracking – with more direct solutions.
The application of the MoSCoW method for prioritization of requirements makes certain that most important parts of a problem are solved first. The reason that will be described later in the comparative analysis is that some systems use very simple methods (VRP and ACO) of working on them, for instance; route optimization problems .

[bookmark: _Toc216806904]Conclusion
This paper formulates a rigid model for the optimization of delivery routes for GrocerQuick in terms of optimal processing allocation, minimum route distance and timely delivery. With proven algorithms and methodologies, including real-time tracking and on-demand rerouting, the proposed solution targets the fundamental challenges confronted by the company. Connection to literature supports design decisions and challenges the limitations and assumptions of the proposed solution.
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Real-Time Order Dispatch and Route Optimisation — Pseudocode

Global Variables

SET max_delivery_delay = 30 // Maximum delay (minutes)

SET depot_location // Central depot location
SET drivers_available, /I List of Driver objects
SET undelivered_orders // List of Order objects
SET active_routes // List of Route objects

3

Main Dispatch Loop

FUNCTION DispatchOrders()
WHILE system_is_running
current_time — GetCurrentTime()
new_orders = GetNewOrders()
GetAvalableDnvers (depot.| lanmon)

IF undelivered_orders.Count > O AND available_drivers. Count = O THEN
potential_routes = GeneratePotentialRoutes (undelivered_orders, available &
op!imised_routgs = OptimiseRotes (petite location)

assigned_routes = AssignRoutesToDFiVers (ayaelivered_orders, available_drivers)

FOR EACH route in assigned_roglers
DispatchDriver(route.Driver)

active_routes. Add (route)

END FOR

Generate Potential Routes

END WHILE

Optimise Routes (TSP) Assign Routes to Drivers

R

‘Generate Potential Routes FUNCTION OptimiseRoutes (TSP) FUNCTION AssignRoutesToDrivers (optimized

< ... Feasibility & assignmertlogic... >

... Route batching logic ... < ... TSP optimization, logic ... >

k
I
k RETURN candidate_routes

RETURN optimized_routes RETURN optimised_routes

i
e Monitor Active Routes

FUNCTION Monitor ActiveRoutes (active_routes)

< ... Check delays & completion ... >
END FUNCTION

Placeholder Functions

FUNCTION GetNewOrders()

FUNCTION GetAvailableDrivers (depot location)
FUNCTION CreateRoute (driver, decarion, orders)
FUNCTION SolveTSP (dictance_matrix, dimessit)
FUNCTION PredictArrivalTime (arent ocation, destination)
+ OTHER SUPPORT FUNCTIONS....
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