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[bookmark: _Toc215753318]Introduction
[bookmark: _GoBack]There is a scenario.
An online grocery delivery service, GrocerQuick, is experiencing difficulties in managing its delivery routes efficiently. The company aims to optimise delivery routes to reduce fuel consumption and improve delivery times. You have been asked to develop a solution that achieves the following:
1. Efficient allocation of orders to delivery routes
2. Minimised fuel consumption by reducing total travel distance
3. Timely delivery of all orders, ensuring no delivery is more than 30 minutes late.

[bookmark: _Toc215753319]Problem Deconstruction 
Deconstruct the Problem: Break down the scenario into smaller components. Identify key requirements and constraints using tools such as the MoSCoW technique. Clearly describe the relevant variables involved.
Home deliveries are organized into fixed time slots (for example, two-hour windows). Orders are accepted only when the delivery address is within the defined service area and the order is placed with at least a minimum preparation time (Tmin) before the selected time slot begins. Each time slot has a limited vehicle capacity and is closed to new orders once that capacity is reached. At the time corresponding to slot start minus Tmin, all accepted orders for the slot are consolidated and submitted to the optimization engine. The routing objective is to minimize total travel distance while applying a penalty for late deliveries, weighted by the parameter α.
Delivery addresses are represented as two-dimensional coordinates (x,y)(x, y)(x,y) for simplicity. A single depot is assumed, located at coordinates (0,0)(0, 0)(0,0). The service area is restricted to a fixed radius around the depot (for example, 10 km). Orders are associated with integer demand values (e.g., between 1 and 5 units). All vehicles are assumed to be identical and have a fixed capacity (e.g., 40 units).
Travel is modeled using a constant average vehicle speed (for example, 25 km/h), and a uniform average service time is assumed for each customer (e.g., 2 minutes). Travel distances are computed using the Manhattan distance metric, with the option to modify this assumption later. Lateness is capped at a maximum of 30 minutes beyond the end of the assigned time slot. The parameter α controls the trade-off between minimizing total travel distance and penalizing lateness and is adjusted adaptively during the optimization process.


[bookmark: _Toc215753320]Key requirements and constraints
[bookmark: _Toc215753321]MoSCoW technique
[bookmark: _Toc215753322]The MoSCoW prioritization method is a widely adopted framework for classifying requirements into Must, Should, Could, and Won’t categories, supporting effective resource allocation and requirement management [1]. Prior research indicates that this method enhances decision-making and project management across a variety of development contexts. [2]
Must have
The system must support slot-based planning with fixed delivery windows (for example, 08:00–10:00). A minimum preparation deadline (Tmin) prior to the start of each slot is required to allow for order preparation and route optimization. Capacity feasibility must be enforced, with time slots closing to new orders once capacity is reached, requiring customers to select an alternative slot. All routes must start and end at a central depot, and each order must be served exactly once. Delivery lateness is capped at a maximum of 30 minutes.
Should have
The system should aim to minimize total travel distance using the Manhattan metric. Delivery sequencing should account for time window constraints. The parameter α should be tuned adaptively to balance the trade-off between distance minimization and lateness penalties. The optimization algorithm should execute within a reasonable and predictable time frame, with a clearly defined maximum runtime parameter.
Could have
The system could incorporate vehicle or driver shift constraints, support priority orders through weighted penalties, and integrate real-world distance and travel-time APIs.
Won’t have
The system will not support routing across multiple time slots, multi-depot configurations, stochastic travel times, or real-time dynamic replanning during active delivery slots.






Relevant variables
Input Variables and parameters
· Orders: list of customer coordinates (x, y) and demand units
· Depot: fixed coordinate (0,0)
· Vehicle fleet: number of vehicles available in the slot
· Capacity per vehicle: maximum load units each vehicle can carry
· Service time per customer: fixed time per delivery stop
· Travel speed: constant average speed for all vehicles
· Distance metric: Manhattan distance between coordinates
· Time window: slot start and end times, plus lateness allowance
· Preparation time (Tmin): minimum buffer before slot start
[bookmark: _Toc215753323]Proposed Solution and Explanation 
The delivery process is structured around fixed time slots, such as two-hour delivery windows, which customers must select when placing an order. Orders are accepted only if three conditions are satisfied: the delivery address is located within the defined service area, sufficient preparation time (Tmin) remains before the selected slot begins, and the chosen time slot still has available delivery capacity. Once the capacity of a time slot is fully utilized, that slot is closed and no additional orders are accepted.
At the time point defined by slot start minus Tmin, all accepted orders for the corresponding slot are consolidated. The system then generates the required input data for routing, including customer coordinates, demand quantities, service times, vehicle capacities, and the associated distance and travel-time matrices. Each delivery slot is optimized independently to maintain transparency and predictable system behavior.
Before detailing the optimization step, it is noted that a wide range of algorithms exists for solving the Vehicle Routing Problem (VRP), spanning exact approaches, heuristics, and metaheuristics [3]. In this context, the Hybrid Genetic Search algorithm for the Capacitated VRP with Time Windows (HGS CVRPTW), proposed [4], is selected. This method is well established in the literature and combines genetic search strategies with local improvement and repair mechanisms [5]. It is particularly well suited to the problem setting, as it offers a strong balance between solution quality and computational efficiency, robustly handles time window constraints, and adapts effectively to practical delivery scenarios with bounded lateness. Consequently, HGS CVRPTW provides a reliable means of generating feasible routes that respect capacity and timing constraints while minimizing both travel distance and delivery delays.
In practical terms, the optimization is implemented using the open-source PyVRP library, which offers a high-performance Python-based implementation of state-of-the-art VRP solvers [6]. This facilitates straightforward integration into data analysis workflows, supports reproducible experimentation, and allows flexible adaptation to real-world logistics applications.
The optimization engine is then applied to the prepared dataset. Its objective is to minimize total travel distance while incorporating a lateness penalty weighted by the parameter α, subject to the constraint that lateness does not exceed 30 minutes beyond the end of the delivery slot. The algorithm assigns orders to vehicles, constructs feasible routes, and ensures that each order is served exactly once, with all routes starting and ending at the central depot.
This approach explicitly addresses fuel efficiency by minimizing total travel distance, enforces time-related constraints through Tmin, slot closure, a capped lateness allowance, and a fixed maximum runtime for the optimizer, and guarantees correct order allocation by maintaining capacity feasibility and unique assignment of each order to a single vehicle.

[bookmark: _Toc215753324]Flowchart

Here is the Flowchart for the Task.
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[bookmark: _Toc215753325]Pseudocode
[bookmark: _Toc215753326]Input: orders, depot, vehicles, parameters
Output: best delivery plan for the slot

 for each pair (i, j) in {depot + customers}:
       D[i,j] = |x_i - x_j| + |y_i - y_j|

 for each pair (i, j):
       T[i,j] = D[i,j] / travel_speed

   - customer demands q_i
   - service times s_i
   - vehicle capacities Q_k
   - slot window [a_slot, b_slot]
   - lateness cap = 30 minutes
   - penalty weight α
   - max_runtime

   - Initialize population with random solutions
   - Improve each solution with local search
   - Split into feasible/infeasible sets
   - While time < T_max and iteration < max_iter:
       a. Select parents (binary tournament)
       b. Apply crossover (OX + Split)
       c. Apply local search moves
       d. Update population and adapt penalty weights
       e. Preserve elite solutions
       f. If no improvement for N_it iterations → STOP
   
       • lateness ≤ 30 minutes
       • total travel distance minimized

 Output:
   - Routes per vehicle
   - Sequence of customers
   - Estimated arrival times




Reflection and Justification 
Applied Techniques
The delivery problem involves significant complexity due to factors such as multiple customer orders, strict delivery windows, vehicle capacity constraints, and punctuality requirements. To manage this complexity, the problem was divided into smaller, more manageable components. By decomposing the overall task, each stage could be addressed independently, making the problem easier to conceptualize and solve. Simplifications were introduced through abstraction, such as using Manhattan distances instead of actual road networks. This reduces computational overhead while retaining the essential characteristics of travel distances between customers.
The workflow was organized into a structured, stepwise process. First, distance and travel-time matrices were generated to provide the optimizer with accurate representations of the delivery network in a simplified form. Next, all necessary input data—including customer coordinates, order demands, vehicle capacities, and service times—was compiled and formatted. Finally, the optimization algorithm was executed using this preprocessed dataset. The chosen algorithm, Hybrid Genetic Search for the Capacitated Vehicle Routing Problem with Time Windows (HGS CVRPTW), integrates global search methods, such as population-based exploration and crossover operations, with local improvement strategies, including Relocate, SWAP*, and 2-Opt. This combination ensures both diversity in potential solutions and refinement of the most promising routes, allowing the system to explore a wide solution space while improving feasible routes iteratively.
Appropriateness of the Approach
This methodology is well-suited to the operational and computational requirements of the delivery system. It effectively handles the inherent complexity of numerous orders, constrained delivery windows, and limited vehicle capacities, while also respecting operational constraints such as the maximum allowable lateness of 30 minutes. HGS CVRPTW is well-documented in the literature and has proven effective for large-scale vehicle routing problems with time windows. Its hybrid structure, combining global exploration with local optimization, enables efficient generation of high-quality solutions. Additionally, the algorithm can balance travel distance minimization with lateness penalties through the α weighting parameter, making it highly adaptable to practical delivery needs.
Limitations and Assumptions
Several deliberate assumptions were introduced to simplify the problem and make the optimization process transparent. Travel times are assumed to be deterministic, excluding the effects of traffic congestion or other unpredictable delays. A single depot is used for all deliveries, avoiding the complexity of multi-depot coordination. The service area is fixed, and travel speeds are assumed constant, further simplifying computations. Lateness is incorporated into the optimization using penalty terms; however, strict enforcement of these penalties may not always be feasible under real-world conditions.
By combining problem decomposition, abstraction, structured workflows, and a hybrid genetic search optimization, this approach balances practical relevance with computational feasibility. It ensures that vehicle routes are feasible, efficient, and optimized with respect to both travel distance and delivery timeliness, while providing transparency and reproducibility for analysis and potential future improvements.

[bookmark: _Toc215753327]Conclusion and Recommendations
Based on the assignment, I was able to gain a better understanding of the world of algorithms. My shortcomings are still the correct use of loops and the outline of an algorithm. I know the principle roughly, but not the exact and correct steps yet.
I think, for example, that the MoSCoW technique can be applied to all areas of life. It was also good to see how a courier app works.
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