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Problem Deconstruction
The core challenge for GrocerQuick is a classic Vehicle Routing Problem (VRP), a well-studied combinatorial optimization problem in operations research and logistics (Toth & Vigo, 2014). To manage its complexity, the problem must be deconstructed into its fundamental components.
1.1 Key Requirements (Using the MoSCoW Technique)
MUST HAVE (Critical for success):
· All Orders Delivered: Every order in the system must be matched to a specific delivery vehicle. Each vehicle's itinerary forms a complete route starting and ending at the warehouse. This is a non-negotiable, hard constraint for the business model.
· Time Window Compliance: All deliveries must be completed within their promised time slot, with a strict constraint that no delivery is more than 30 minutes late. This effectively creates a "soft" time window that becomes a "hard" constraint at the +30 minute mark.
· Vehicle Capacity: The combined volume of all packages assigned to a vehicle must fit within its cargo space. Similarly, the total weight of these packages must not surpass the vehicle's maximum load capacity. This is a fundamental physical and safety constraint that overrides route efficiency.
SHOULD HAVE (Important but not vital):
· Minimized Total Travel Distance: This objective directly targets the reduction of the combined mileage traveled by the entire delivery fleet. By finding the shortest possible paths that connect all delivery points, the solution directly lowers fuel expenditure and vehicle wear-and-tear. This optimization is the most significant factor in decreasing variable operational costs and improving overall efficiency.
· Efficient Order Allocation: Orders located near each other should be batched together into a single cluster for delivery. This logical grouping, based on geographical proximity, minimizes the travel distance between consecutive stops on a route. It is a fundamental strategy for achieving efficient route structure and reducing overall fuel consumption.
COULD HAVE (Desirable but optional):
· Driver Working Hours: A route's total duration, including travel and delivery time, must comply with legally mandated driving hours and break periods. This ensures driver safety, well-being, and adherence to labor regulations, preventing fatigue-related issues. Ignoring this can lead to legal penalties and operational disruptions.
· Traffic Conditions: Using real-time or historical traffic data allows the system to dynamically adjust expected travel speeds between locations. This provides a more accurate Estimated Time of Arrival (ETA) than relying solely on distance, which is critical for meeting delivery time windows. Integrating this data helps avoid delays caused by congestion, making the schedule more reliable and efficient.
WON'T HAVE (Out of scope for this solution):
· Real-time Dynamic Re-routing: This solution focuses on static, pre-planned routes for a given set of orders. Live adjustments for new, incoming orders are excluded.
· Vehicle Maintenance Schedules: The fleet is assumed to be homogenous and fully available.

1.2 Identified Constraints
Hard Constraints: Cannot be violated.
    1.  Order-Delivery Constraint: Every order must be delivered.
    2.  Capacity Constraint: Total load per vehicle ≤ Vehicle capacity.
    3.  Time Constraint: Delivery time ≤ Promised time + 30 minutes.
Soft Constraints: Should be minimised.
    1.  Latency: The sum of all minutes late for all deliveries should be minimised, ideally to zero.
    2.  Distance: The total distance travelled by the entire fleet should be minimised.

1.3 Relevant Variables
Inputs:
· Orders: {Order_ID, Customer_Location (GPS coordinates), Package_Size, Package_Weight, Promised_Delivery_Time}
· Warehouse: The central depot location (GPS coordinates), which is the start and end point for all routes.
· Fleet: {Vehicle_ID, Max_Capacity_Volume, Max_Capacity_Weight}
· Road_Network: Data representing travel distances and average speeds between locations.
Outputs:
· Routes: A set of sequences for each vehicle, e.g., `Vehicle_1: [Warehouse -> Order_A -> Order_C -> Warehouse]`.
· Schedule : Estimated arrival and departure time for each stop on the route.
This decomposition transforms the ambiguous real-world problem into a structured, quantifiable model, allowing for the application of formal algorithmic solutions.


Proposed Solution
The proposed solution employs a two-phase heuristic approach, balancing computational feasibility with solution quality. It first clusters orders and then sequences the deliveries within each cluster.
2.1 Assumptions
1.  The solution models travel distances "as the crow flies" between geographic coordinates. For accuracy on the Earth's surface, it uses the Haversine formula to calculate the great-circle distance between two points. This provides a sufficiently accurate approximation for route optimization without the complexity of a full road network graph.
2.  The model simplifies real-world variability by calculating travel time as distance divided by a fixed average speed. This assumption treats all road segments and conditions as uniform for planning purposes. While not perfectly accurate, it provides a consistent and calculable basis for estimating delivery schedules.
3.  The model allocates a fixed, uniform duration for every delivery stop to account for parking, unloading, and customer handover. This buffer time is added to the travel time between stops when calculating the total route duration and Estimated Time of Arrival (ETA). This ensures the schedule realistically reflects operational timelines, though it does not account for variability in individual stop times.
4.  The solution assumes a homogeneous fleet where every delivery vehicle has the same maximum weight and volume capacity. Furthermore, all routes are designed to originate from and conclude at the central warehouse or depot. This standardization simplifies the allocation and routing algorithms by treating all vehicles as interchangeable resources.
[bookmark: _heading=h.oo954kryudai]2.2 Solution Workflow: Flowchart and Explanation
The following flowchart outlines the logical steps of the proposed solution:
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Phase 1: Efficient Order Allocation (Clustering)
This phase addresses the "efficient allocation" requirement. The goal is to group orders that are geographically close to each other, ensuring they are delivered by the same vehicle. We use a **Cluster-First, Route-Second** methodology (Lysgaard, 1997).
· Process: The algorithm starts by calculating the centre of mass of all customer locations. It then uses a **Savings Algorithm** (Clarke & Wright, 1964) to evaluate the distance saved by combining two orders `i` and `j` on the same route versus delivering them on separate routes: `Savings(i,j) = Distance(Warehouse, i) + Distance(Warehouse, j) - Distance(i, j)`. Orders with the highest savings are merged first, subject to the vehicle capacity constraint. This directly targets fuel efficiency by inherently minimising the total distance travelled.
Phase 2: Route Optimisation within Clusters (Sequencing)
This phase focuses on "minimised fuel consumption" and "timely delivery" for each established cluster.
· Process: For each cluster, a Nearest Neighbour Algorithm is used to construct an initial route. Starting from the warehouse, the algorithm repeatedly selects the closest, unvisited customer location until all orders in the cluster are sequenced, then returns to the warehouse. This greedy approach quickly generates a feasible, reasonably efficient route.
· Time Validation: After sequencing, the system calculates the Estimated Time of Arrival (ETA) for each stop. If any delivery is projected to be more than 30 minutes late (a constraint violation), the route is flagged.
· Iterative Improvement (2-Opt Local Search): To improve the initial route and resolve time violations, a 2-Opt heuristic is applied (Croes, 1958). It systematically removes two edges from the current route and reconnects the paths in a different way, creating a new route. If the new route is shorter and does not violate time constraints, it is accepted. This process repeats until no further improvements can be made or time constraints are satisfied.


2.3 Pseudocode
The pseudocode implements a cluster-first, route-second heuristic. It begins by grouping orders into feasible clusters based on proximity and vehicle capacity. For each cluster, it generates an initial route using a greedy Nearest Neighbour algorithm, then iteratively refines it with a 2-Opt local search to minimize total distance while validating delivery time constraints.

// INPUT: orders, warehouse, fleet
// OUTPUT: optimised_routes

FUNCTION main()
    IF NOT feasibility_check(orders, fleet) THEN
        OUTPUT "Error: Total order volume exceeds fleet capacity."
        EXIT
    END IF
    
    clusters = cluster_orders_savings(orders, fleet)
    optimised_routes = []
    
    FOR each cluster IN clusters
        route = nearest_neighbour_route(warehouse, cluster)
        
        // Improve the route and check time constraints
        WHILE TRUE
            current_eta = calculate_eta(route)
            IF is_valid_schedule(current_eta) THEN
                BREAK
            END IF
            new_route = apply_2opt_swap(route)
            IF calculate_total_distance(new_route) < calculate_total_distance(route) THEN
                route = new_route
            ELSE
                // No improvement found; may need to re-cluster or alert planner
                OUTPUT "Warning: Time constraint tight for route."
                BREAK
            END IF
        END WHILE
        
        APPEND route TO optimised_routes
    END FOR
    
    RETURN optimised_routes
END FUNCTION

FUNCTION cluster_orders_savings(orders, fleet)
    // Calculate savings for all order pairs
    savings_list = []
    FOR i = 0 TO length(orders)-1
        FOR j = i+1 TO length(orders)-1
            saving = dist(warehouse, i) + dist(warehouse, j) - dist(i, j)
            APPEND (i, j, saving) TO savings_list
        END FOR
    END FOR
    SORT savings_list BY saving DESC
    
    // Merge orders based on highest savings, respecting capacity
    clusters = INITIALISE each order as singleton cluster
    FOR each (i, j, saving) IN savings_list
        cluster_i = FIND(clusters, i)
        cluster_j = FIND(clusters, j)
        IF MERGE(cluster_i, cluster_j) DOES NOT EXCEED vehicle_capacity THEN
            MERGE cluster_i AND cluster_j
        END IF
    END FOR
    RETURN clusters
END FUNCTION

FUNCTION is_valid_schedule(eta_list)
    FOR each delivery_eta IN eta_list
        IF delivery_eta > promised_time + 30 minutes THEN
            RETURN FALSE
        END IF
    END FOR
    RETURN TRUE
END FUNCTION
Reflection and Justification

3.1 Problem-Solving Techniques Employed
Abstract Thinking: The core of the solution was to abstract the real-world problem into the canonical Vehicle Routing Problem (VRP) model. This allowed us to ignore surface-level details (e.g., type of groceries, driver identity) and focus on the essential entities: nodes (warehouse, customers), edges (routes with cost), and constraints (capacity, time).
Decomposition and Subdividing: The problem was broken down into manageable sub-problems: 1) Feasibility Check, 2) Allocation (Clustering), and 3) Sequencing (Routing). This "divide and conquer" strategy is fundamental to tackling complex systems (Pólya, 1945). Solving each sub-problem independently, as seen in the Cluster-First, Route-Second approach, simplifies the overall design.
Systems Thinking: The solution was designed considering the interconnections within the GrocerQuick system. For instance, a change in the clustering algorithm (Phase 1) directly impacts the difficulty of meeting time constraints in the sequencing phase (Phase 2). The feedback loop in the flowchart, where time validation triggers re-optimisation, is a direct application of systems thinking to maintain balance between different system goals (efficiency and timeliness).

3.2 Justification for the Approach
The chosen two-phase heuristic is appropriate for several reasons. An optimal solution to the VRP with time windows is computationally intractable (NP-hard) for large, real-world instances (Toth & Vigo, 2014). Exact algorithms would be too slow for daily operational planning at a company like GrocerQuick. Heuristics like Clarke & Wright Savings and 2-Opt provide a robust compromise, generating high-quality solutions within seconds or minutes. This approach directly addresses the requirements:
· Efficient Allocation: Handled by the clustering phase.
· Minimised Fuel/Distance: The primary objective function for both the Savings algorithm and the 2-Opt local search.
· Timely Delivery: Addressed by the time validation check and the iterative improvement loop.

3.3 Limitations and Assumptions
Static Nature: The most significant limitation is the assumption of a static order set. In reality, new orders arrive continuously, requiring a dynamic routing capability which this solution does not provide.
Simplified Travel Model: Assuming travel time is solely a function of distance ignores the impact of traffic, road types, and weather, which can significantly affect fuel consumption and delivery times. Integrating a live API (e.g., Google Maps) would be a necessary enhancement.
Solution Quality: As a heuristic, the solution is not guaranteed to be optimal. There is a trade-off between computation time and solution quality. More advanced metaheuristics like Tabu Search or Genetic Algorithms could yield better results but are more complex to implement.
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