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Abstract. Efficient last-mile logistics is the key underpinning for sustainable e-commerce 
growth. As the final leg of delivery services, last-mile delivery is a time-consuming and 
labor-intensive process that requires careful operational planning and execution. In this 
paper, we describe the development of a novel zoning optimization framework that deter
mines the assignment of customer locations to last-mile delivery stations for Ninja Van, a 
leading logistics service provider in Southeast Asia, to improve operational efficiency and 
work equity. The main technical development is a data-driven zoning optimization model 
that integrates the additively weighted Voronoi diagram and vehicle routing problem 
through a subgradient algorithm. The algorithm exploits the primal-dual formulation of 
the partitioning problem and is flexible enough to handle practical delivery scenarios with 
varying vehicle capacities and travel speeds. To the best of our knowledge, this is the first 
zoning optimization model that considers general multivehicle zones with uncertain 
demand, and these are the main contextual features of Ninja Van and many other logistics 
companies. The zoning algorithm we develop provides preferable theoretical guarantees. 
The implementation of the new zoning system at Ninja Van led to an average reduction of 
6.6% in the work span for the delivery stations and a 3.5% reduction in driver delivery 
times. In addition to the monetary benefits from the shortened work hours, the new zoning 
system contributed to improved worker welfare by balancing workloads and limiting 
overtime. This zoning optimization also brought transparency and valuable insights into 
the management of delivery stations and drivers at Ninja Van.

History: This paper has been accepted for the INFORMS Journal on Applied Analytics Special Issue—2024 
Daniel H. Wagner Prize for Excellence in the Practice of Advanced Analytics and Operations Research. 

Funding: The research of S.F.W.T. Lim was supported by the Eli Broad College of Business 2024 Sum
mer Research Grant. 
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Introduction
The final leg of delivery service for parcels from a busi
ness to a consumer, also known as last-mile logistics, 
poses numerous challenges and substantial expenses 
for logistics firms, especially in developing nations. One 
major issue is meeting customer expectations for quick 
deliveries despite operational constraints, such as poor 
infrastructure, densely populated delivery areas, and 
unexpected disruptions (Lim 2023). The rapid growth 
of e-commerce and intense competition have resulted in 
higher expectations about the speed and reliability of 
deliveries. According to Statista (2024), e-commerce 
sales are projected to surpass $8 trillion by 2027, driven 
by the rise of online marketplaces and global internet 
usage. Fulfilling the rising expectations can become 
exceedingly costly with the last mile accounting for 
approximately 50% of total shipping costs (Lim 2024).

Additionally, there are widespread concerns about 
workload balance and fairness among last-mile deliv
ery drivers. Uneven distribution of delivery tasks can 
cause inefficiencies, negatively affecting both delivery 
performance and driver morale. Particularly during 
peak periods, drivers often have to work overtime, rais
ing the risk of workplace accidents and injuries (Mar
esca 2020).

To overcome these challenges, logistics companies 
resort to different investment and operational strate
gies. For example, a number of delivery service provi
ders are embracing delivery management and route 
optimization software to better plan delivery routes. 
Alternative delivery options, such as curbside pickup, 
parcel lockers, and autonomous delivery systems, have 
also been considered. In addition to these technological 
initiatives, logistics companies, such as Singpost, J&T 
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Express, and Cainiao, are also seeking low-cost and 
easy-to-implement operational improvements, for 
example, the design of service zones.

Zoning is an effective strategy that carriers use to 
reduce lead times and improve delivery success rates. 
By dividing a large service area into smaller zones, 
each last-mile delivery station can serve its designated 
zone more effectively. This approach leverages dri
vers’ local knowledge, simplifying resource distribu
tion and management. However, optimally designing 
the zoning policy is a challenging problem because the 
practical region-level partitioning problem involves a 
large number of customer locations, and the direct 
mixed-integer programming formulation is computa
tionally prohibitive. Consequently, in prior studies in 
the partitioning literature, researchers have developed 
specialized partitioning methods using parameterized 
diagrams, which tend to focus on single-vehicle zones 
and use the continuous approximation method to 
evaluate delivery workload. However, this approach 
is limited in its ability to model heterogeneous vehicle 
fleets (e.g., in terms of vehicle capacity) and more gen
eral routing objective functions. Despite challenges 
with current zoning methods, logistics companies 
have attempted to implement service zones using sim
ple rules based on population density and past deliv
ery data.

Ninja Van, which began operating in 2014, is a lead
ing last-mile delivery company in Southeast Asia, offer
ing extensive services across the region, including in 
Thailand, Malaysia, Vietnam, and Singapore. The com
pany operates a network of delivery stations (depots), 
each with a fleet of vehicles and drivers, strategically 
located to optimize last-mile deliveries. This expansive 
network is essential to handle the large volume of 

deliveries, which averages one million parcels each day 
across Southeast Asia. Specifically, Ninja Van uses a 
zoning system that divides a large service area into 
smaller zones such that each last-mile delivery station 
is dedicated to serving the assigned zone. Figure 1 illus
trates the inbound to the delivery station, the activities 
that take place within the station, and the outbound to 
customer homes. Under current zoning, the work span, 
defined as the duration between the start time of sort
ing the first parcel and the return time of the last driver 
upon finishing all delivery tasks assigned on the dri
ver’s route, is highly unbalanced across the stations. 
This discrepancy results in some stations having pro
longed delivery times for customers and extended 
working hours for delivery drivers. This inequitable 
distribution also poses a significant risk for the com
pany in maintaining its ongoing market expansion 
because increasing package volume may decrease cus
tomer service quality and the work conditions of the 
delivery drivers of its most vulnerable delivery 
stations.

In this paper, we discuss our collaboration with Ninja 
Van to develop a novel zoning optimization framework 
to design the optimal delivery zones (partitions) aimed 
at reducing work span and balancing workloads 
among zones and drivers. We implemented the pro
posed model on November 27, 2023, and evaluated the 
efficacy of the new algorithm through a pilot study in a 
major city in Southeast Asia.

Project Scope
The objective of this project is to improve the work span 
in last-mile delivery operations for Ninja Van. As 
defined earlier, the work span of a delivery station mea
sures the length of the delivery process from sorting to 

Figure 1. (Color online) The Parcel Delivery Process Flow 

Note. denotes customer locations.
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delivery. To improve the work span for all stations and 
achieve an equitable distribution of workload among 
stations and drivers, we propose to reduce the maxi
mum work span of the delivery network. The direct 
and indirect implications of work span improvement to 
Ninja Van’s stakeholders include 
• Operational efficiency: Reducing the work span 

directly improves the efficiency of delivery opera
tions. Shorter work spans mean faster delivery times, 
leading to higher throughput and better utilization of 
resources.
• Customer satisfaction: Meeting and exceeding cus

tomer expectations for fast and reliable deliveries is a 
key competitive advantage. Minimizing the work span 
ensures that parcels are delivered on time, improving 
customer satisfaction and loyalty.
• Service consistency: Reducing the work span gap 

among delivery stations enhances delivery service con
sistency in satisfying customers from different areas, 
thus contributing to a fair service provision.
• Driver well-being: Balanced workloads and 

shorter delivery routes contribute to better working 
conditions for drivers. Reducing overtime and ensur
ing fair task distribution can enhance driver morale 
and reduce turnover rates.

We focused on redesigning the zoning system to 
improve the work span, which involved reassigning 
delivery areas to delivery stations in Ninja Van’s deliv
ery network. The newly constructed delivery zones 
redefine the distribution of delivery jobs to delivery sta
tions. The effective implementation of a zoning system 
is a critical operational pillar to allow Ninja Van to man
age its resources and streamline the delivery process. 
To minimize the disruptions to the system and main
tain the current labor contract agreement, we did not 
consider the options of changing the number of deliv
ery stations or reassigning drivers among stations. In 
the “Technical Challenges in Zoning and Current 
Practice” section, we present how Ninja Van planned 
its zoning system and the technical challenges involved 
in the zoning system design.

Technical Challenges in Zoning and 
Current Practice
Ninja Van’s current zoning system involves dividing 
the entire service region into smaller geographic zones. 
Each zone is strategically delineated based on several 
factors, including population density, geographic fea
tures, infrastructure availability, and historical delivery 
data. The company employs a heuristic approach based 
on these factors to determine the zone boundaries. Each 
zone is then assigned to a specific last-mile delivery sta
tion equipped with a fleet of vehicles and drivers. 
Figure 2 depicts the zones and their boundaries using 
Singapore as an illustration; each zone is served by a 

last-mile delivery station. Although this segmentation 
ensures that each subarea is a manageable size, it does 
not fully account for drivers’ travel distances and future 
demand variability. This can result in prolonged travel 
times and work spans in some scenarios and significant 
disparities in delivery workload across zones. Although 
station managers and drivers receive similar financial 
compensation, some stations may handle much higher 
daily parcel volumes, and some drivers may need to 
exert more effort to complete their routes compared 
with others. For example, in the test city of our field trial, 
the average delivery time per driver was more than 10 
hours for some stations (whereas many other stations 
observed five hours of average delivery time), and the 
station work span could be more than 20 hours under 
the current zoning. We compute an individual driver’s 
delivery time per driver based on that driver’s departure 
time from the delivery station for the first delivery and 
the return time to the same station after completion of 
the last delivery in the route. We then calculate the aver
age delivery time per driver based on the average across 
all drivers’ delivery time in our sample. Typically, zones 
were reviewed and manually updated when necessary, 
every six months to a year. Although the current process 
involves reconfiguring zones to better meet demand 
requirements, the process is laborious, time-consuming, 
and nonoptimal.

From a technical perspective, designing a good 
zoning system using data is a mathematically and com
putationally challenging task. Crucially, it requires a 
proper understanding of the relationship between zon
ing and work span, and this can be complicated 
because of the randomness of the data and the absence 
of an explicit form of the work span function. Therefore, 
Ninja Van relied on human judgment to draw a 
mapping from zoning to work span and execute the 
zoning design. Putting the zoning problem in the lan
guage of mathematical optimization, several technical 

Figure 2. (Color online) Ninja Van’s Current Zoning System 
Using an Example from Singapore 
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challenges can arise. First, we need to decide the assign
ment of each customer location (demand point) to a 
zone, and this implies that, assuming a continuous 
space, we have an infinite number of decision variables. 
Even if we restrict our attention to observed customer 
locations in one city, tens of thousands of locations 
would still require assignment by Ninja Van. Further
more, the routing time of delivery vehicles is endoge
nous to zoning and the location of the station. This 
implies that evaluating the work span for a fixed zoning 
design has the same level of difficulty as solving a vehi
cle routing problem (VRP). As a result, a straightfor
ward formulation of the zoning optimization problem 
that jointly determines customer location assignment 
and routing is computationally prohibitive for the prac
tical instances that Ninja Van encountered.

Contributions to Theory and Practice
To solve the aforementioned challenges, we developed 
and implemented a new zoning system for Ninja Van, 
and it includes a number of unique features that 
advance the theory and practice of zoning optimization 
for last-mile logistics.

Embedding the VRP Solution in Zoning 
Optimization
Prior research on zoning and region partitioning in 
logistics primarily leverages continuous approximation 
techniques to design the optimal delivery zone 
(Ouyang 2007; Carlsson 2012; Carlsson et al. 2018; Bane
rjee et al. 2022, 2023). Although continuous approxima
tion has merits in simplicity and tractability, it cannot 
fully capture practical delivery complexities, such as 
heterogeneous capacities or speeds and broader rout
ing objectives such as work span. Notably, these studies 
mainly consider single-vehicle zones, and as a result, 
the partitioning process can be simplified (Ouyang 
2007, Lei et al. 2012). In contrast, Ninja Van assigns mul
tiple vehicles to each zone, and the job allocation among 
vehicles has a direct impact on the work span, and this 
requires new zoning ideas. To this end, we develop a 
flexible zoning optimization framework that explicitly 
integrates VRP solutions and allows us to model gen
eral multivehicle zones with diverse vehicle capacities. 
Doing so also opens the door for harnessing the power 
of state-of-the-art routing algorithms and heuristics in 
our zoning framework.

Data-Driven Solution Algorithm from Primal-Dual 
Formulation
The key building block of our zoning framework is a 
subgradient algorithm derived from the dual formula
tion of our zoning optimization model. Combining the 
convexity property of the dual problem and the struc
ture of the work span function, we are able to establish 

the convergence condition of the subgradient algo
rithm. The condition is managerially relevant because it 
reflects how vehicle capacity impacts the work span. 
Moreover, because demand variability is significant, as 
observed from Ninja Van’s operational data, we devel
oped data-driven methods to evaluate the subgradient 
information using ideas from stochastic and robust 
optimization. This way, our solution algorithm natu
rally connects demand data with the final zoning out
come, which presents a unique data-driven zoning 
paradigm.

Difference-in-Differences (DiD) Analysis
To rigorously evaluate the efficacy of the proposed 
algorithm, rather than adopting the conventional prac
tice of only comparing mean differences between the 
treatment group (i.e., stations that receive the new 
zones) and the control group (i.e., stations that continue 
using the current zones), we collected data before and 
after the implementation of the new zoning policy to 
facilitate a DiD experimental design. Through this 
approach, we can account not only for unobserved, 
time-invariant station and driver attributes but also for 
unobserved changes in conduct among competitors 
(e.g., competing couriers adjusting their service poli
cies) caused by the new zoning policy. In our estima
tions, we use cluster-robust standard errors at the 
station and driver levels to account for contemporane
ous dependence among deliveries at the individual sta
tion and driver, respectively. This approach tends to 
provide a more conservative estimate of statistical sig
nificance. We further strengthen our empirical identifi
cation by applying a propensity score weighting 
procedure to construct matched samples prior to imple
menting the DiD regressions.

Our Zoning Framework
We now introduce our zoning framework in four steps, 
from data collection to model validation.

Step 1: Data Collection
To facilitate model development, we collected a com
prehensive set of operational data in the focal city from 
Ninja Van’s database. This includes data on deliveries, 
route information, orders, station performance, and 
driver profiles. Table 1 summarizes the data sets and 
their respective variables. For example, the delivery 
data set includes order identification (ID), route ID, 
driver ID, delivery attempt date and time, customer 
location in terms of latitude and longitude, and out
come of the delivery attempt (i.e., a successful or a 
failed delivery). We merged these data sets to assemble 
the final data set for our analysis.

Carlsson et al.: Zoning Systems for Equitable and Efficient Last-Mile Delivery 
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Step 2: Input Calibration and Estimation
We needed to calibrate three parts of the work span 
function for the optimal zoning policy design: (i) sort
ing time at the station, (ii) en route travel time, and (iii) 
service time for on-site package delivery. For the sort
ing time, we trained a regression model using observed 
sorting time at each station as the target variable. The 
feature variables include the daily package volume, 
zone area size, number of zip codes, and sorting labor. 
The regression model estimates the sorting time as a 
function of the zoning decision. For en route travel 
time, we estimate the travel time between a pair of cus
tomer locations based on the ℓ1 distance, which is 
adjusted to align with the practical road network. This 
is to save the use of commercial mapping tools, which 
Ninja Van did not employ and can be expensive to 
acquire for its daily use. We also consider different 
vehicle speeds for the two types of vehicles deployed 
by Ninja Van. For on-site service time, because there is 
a huge variability among drivers and reliably estimat
ing a driver-specific and site-specific service time can 
be too noisy, we followed Ninja Van’s suggestion to 
assume a five-minute fixed service time.

Step 3: Model Formulation and Solution 
Development for Zoning Optimization
We use K to denote the number of delivery stations. As 
we discuss above, Ninja Van seeks to minimize the 
maximum work span of delivery stations of its last- 
mile delivery network by reconfiguring the zoning sys
tem. This can be formulated as a general zoning optimi
zation problem as follows:

Problem 1 (General Zoning Optimization for Last-Mile 
Delivery). The objective function is to minimize the max
imum work span of delivery stations. Decision vari
ables are the delivery zone for each delivery station k �
1, … , K. Constraints are that delivery zones cover the 
whole service region and are nonoverlapping.

Specifically, we can define a work span function for 
each delivery station, and this depends on the delivery 
zone through the assigned customer locations and the 
location of the station. The decision variables are 

essentially geometric objects with boundaries and 
shapes that define the set of customer locations for 
which each delivery station is responsible. Because 
each zone is served by only one delivery station, the 
output from Problem 1 consists of K zones. Problem 1
aims to maneuver the shapes of delivery zones to redis
tribute delivery jobs among stations to ensure that the 
maximum work span is minimal. Note that the work 
span function generally does not admit a closed-form 
expression because the routing time hinges on the VRP 
solution, and the geometric objects cannot be described 
with a finite number of variables. The constraints of 
Problem 1 follow from the concept of Ninja Van’s deliv
ery system, in which each customer location in the ser
vice region must be assigned to exactly one delivery 
zone. Consequently, we can cast Problem 1 as a parti
tioning problem similar to political districting.

Addressing Problem 1 for Ninja Van poses two tech
nical challenges. First, there are infinitely many ways 
to partition the service region into zones, and the 
shapes of zones can be arbitrary, which makes Prob
lem 1 an infinite-dimension optimization problem that 
is difficult to solve or even evaluate. The intricate rela
tionship between work span and the assigned demand 
locations only further complicates solving the prob
lem. Second, observed package demand and customer 
locations vary from day to day; therefore, the work 
span function is random, and we need to consider its 
distribution when solving Problem 1. We discuss how 
our framework overcomes these two challenges 
below.

Restriction to a Special Class of Partitions. To obtain 
optimal zones in a tractable and interpretable way, we 
consider a class of partitions following the concept of 
an additively weighted Voronoi diagram (AWVD). 
Under an AWVD, a point x in the delivery region is 
assigned to a delivery zone for station k if x is closer to 
the station than any other stations measured by an 
additively weighted distance function. Specifically, the 
distance function is the difference between a typical dis
tance function (e.g., ℓ1 norm) and a station-specific 
weight parameter wk: dist(x, k) �wk. The partition under 

Table 1. Our Data Sets and Key Variables

Data set Variables

Delivery data Parcel ID, route ID, driver ID, attempt date time (e.g., 2023-11-05 15:23:18), customer location 
(latitude, longitude), attempt outcome (success, failure)

Route data Route ID, driver ID, hub ID, route start time, route end time, total parcels for delivery, number of 
delivered parcels (i.e., successful delivery)

Order data Order ID, order height, order length, order width, promised arrival time
Station data Station ID, station location (latitude, longitude), number of employees, operating hours, sorting time
Driver data Driver ID, employment type (full time, part time), employment start date, employment end date, 

vehicle type (2-wheel, 4-wheel)
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AWVD satisfies Equation (1):

x is assigned to station k � [dist(x, k)� wk]

≤ [dist(x, k′)� wk] ∀k′: (1) 

Based on the above definition, when increasing the 
weight value of a station, the distance function value 
associated with the station tends to be lower, and as a 
result, more points are likely to be assigned to its deliv
ery zone. We present example partitions from an 
AWVD in Figure 3, wherein the partition in Figure 3(b)
is transformed from Figure 3(a) by increasing the 
weight of the station at the origin.

Given the simple definition from Equation (1), sys
tem operators can intuitively interpret the weight 
values and understand their relationships with the par
tition. Correspondingly, the zoning optimization prob
lem is reduced to searching for the optimal weight 
values, (W∗1, …,W∗K) such that the optimal partition 
from the AWVD achieves the minimum work span. 
Admittedly, doing so does not examine all possible 
zoning compositions and may result in suboptimality. 
However, if we assume the work span function can be 
expressed as an integral of a measurable density func
tion on the service region, an optimal AWVD, which 
balances the work span across stations and also mini
mizes the maximum work span (Carlsson et al. 2016), 
exists. Moreover, the optimal zones from the AWVD 
maintain contiguity and are easy to implement and 
manage. The contiguity property of the AWVD is parti
cularly important to Ninja Van because the station 
managers would oppose delivery zones that are com
posed of disconnected areas.

Subgradient Algorithm. We solve for the optimal 
AWVD by a subgradient algorithm. To establish the 
validity of the subgradient algorithm, we consider a 

utility-maximizing equitable zoning problem with two 
inputs: (i) a station-specific utility function and (ii) a 
probability density function whose integral over the 
service region is normalized to one. We denote this den
sity function by f (·).

Specifically, this problem takes the form of Problem 2.

Problem 2 (Utility-Maximizing Equitable Zoning). The 
objective function is to maximize the aggregated util
ity over the service region. Decision variables are the 
zone assignment of every point in the service region. 
Constraints are that (i) the probability mass is equal
ized among zones and (ii) each point is assigned to 
exactly one zone.

In Problem 2, the goal is to maximize the overall util
ity of all zones by properly assigning points to zones, 
ensuring that each zone receives a fair amount of treat
ment according to the probability density function. The 
assignment decision is equivalent to the partition deci
sion of Problem 1. Pavone et al. (2011) establish that the 
optimal solution to the dual of Problem 2 (the linear 
relaxation problem) gives an optimal AWVD that bal
ances the probability mass among zones. Specifically, 
we can define the utility function to be negative of the 
distance function dist(x, k) for station k � 1, … ,K. Then, 
the optimal dual variables to constraints (i) of Problem 
2 coincide with the desirable optimal weight values of 
the AWVD. Accordingly, the objective function of the 
dual problem is

1
K
XK

k�1
wi +

ZZ

service region
f x( ) max

k
�dist x, k( )� wk
� �

dx, 

where the dual variables are the weights of AWVD. Let 
f (·) be proportional to the work span density function if 
it exists; then, the derived AWVD equalizes the work 
span among zones.

Figure 3. Additively Weighted Voronoi Diagrams with Six Stations 

Notes. Stations are the centers of the gray circles, and the circle radius indicates the weight of the AWVD. Partition (b) is derived from partition 
(a) by increasing the weight for station at point (0,0).

Carlsson et al.: Zoning Systems for Equitable and Efficient Last-Mile Delivery 
INFORMS Journal on Applied Analytics, 2025, vol. 55, no. 5, pp. 412–423, © 2025 INFORMS 417 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

28
] 

on
 2

2 
Ju

ne
 2

02
6,

 a
t 2

3:
56

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



We can deduce from Carlsson et al. (2016) that a valid 
subgradient G (w1, … ,wK) � (G1, … ,GK) to the convex 
dual problem satisfies

Gk �
1
K � normalized work span of zone k, (2) 

where the normalized work span can be interpreted as 
the ratio of the work span of zone k to the total work 
span of all zones; we provide the detailed derivation 
in the appendix. This implies that the subgradient is 
straightforward to obtain provided that we can evalu
ate the work span of each zone under the current parti
tion of the AWVD. Specifically, we can solve the VRPs 
based on historical demand data given a partition. Run
ning the subgradient algorithm based on Equation (2) 
iteratively allows us to arrive at the optimal weight 
value because of convexity.

The Convergence Conditions and Their Insights. As 
we discuss above, we are yet to formally establish the 
conditions under which the optimal AWVD can solve 
Problem 1 without any loss of optimality. The key is to 
show that the work span function can be expressed as 
an integral of an appropriately chosen f (·) (i.e., the 
work span density function). To this end, we examine 
the routing time that may not admit an explicit form for 
a VRP that minimizes the work span with heteroge
neous vehicles. Ninja Van’s current fleet consists 
mainly of small, two-wheeled vehicles that have lim
ited capacity, which is complemented by large, full-size 
vans; therefore, we restrict our attention to these two 
types of vehicles and treat the full-size vans as loosely 
uncapacitated vehicles. It can be shown that the optimal 
work span is restricted by either (i) small, capacitated 
vehicles or (ii) large (uncapacitated) vehicles. In case (i), 
we can verify from the minimax principle that the opti
mal delivery job allocation is made so that each capaci
tated vehicle attains approximately the same work 
span as the uncapacitated vehicle. In this case, the opti
mal work span is approximately the optimal travel time 
from solving the traveling salesman problem (TSP) 
divided by the number of vehicles. Based on the 
Beardwood–Halton–Hammersley theorem, the optimal 
TSP tour length going through customer locations in an 
area can be estimated by the integral of 

ffiffiffiffiffiffiffiffiffi
ρ(x)

p
over that 

area, where ρ(·) is the demand density function (Beard
wood et al. 1959). Thus, the work span function admits 
an integral form, and the subgradient algorithm con
verges to the optimal solution for the AWVD. For case 
(ii), the previous argument works as long as the routing 
time of a large vehicle dominates, and the work span is 
mostly determined by its TSP tour length. Neverthe
less, in general, the work span cannot be approximated 
as an integral function in case (ii) when the large vehi
cles take more time than the small ones. Companies 
such as Ninja Van that aim to compete with delivery 

speeds prioritize the use of small vehicles (often many) 
to reduce work span. Note that, although large vehicles 
carry more packages, they do not necessarily incur a 
longer routing time because they are often dispatched 
to areas with higher demand density (i.e., with shorter 
distances between locations), which is preferable for 
minimizing work spans. Therefore, we validate that the 
convergence condition for the proposed subgradient 
algorithm is not very restrictive with a simulation study 
in step 4 below.

Stochastic and Robust Solution. Applying the subgra
dient algorithm requires the estimation of the work 
span for each zone as indicated by Equation (2). As we 
mention above, the work span is random because of its 
dependence on stochastic demand. We implemented 
two approaches to evaluate the work span from histori
cal demand data. The first approach follows the classic 
stochastic optimization routine to estimate the work 
span by sample average approximation (SAA), which 
draws samples from historical data and uses their aver
age as the estimate. SAA tends to be more reliable 
because of its larger sample size. However, the compu
tational burden of solving SAA increases substantially 
as the sample size increases as it does in our case, in 
which large-size VRPs must be solved for each sample. 
Alternatively, instead of increasing the sample size, we 
also consider a sample robust approach in which we 
take the maximum work span on the sample data as 
our estimate. This approach is more conservative than 
SAA because it plans for the worst case. To further 
accelerate the subgradient algorithm, we parallelize the 
computation of the VRP solution for each sample. We 
choose between stochastic and robust solutions based 
on validation using historical data. Figure 4 provides 
an illustrative process diagram of our zoning frame
work: the subgradient algorithm updates the weights 
of the AWVD iteratively, wherein each iteration 
involves evaluating the work span of every delivery 
zone based on VRP solutions on historical sorting time 
and demand data.

Advantages of Our Solution Approach. To summarize, 
our solution approach, which combines an AWVD and 
the subgradient algorithm, provides theoretical and 
practical benefits. From a technical standpoint, it has 
convergence guarantees under conditions that are rele
vant to Ninja Van and other delivery settings. This 
extends existing zoning research in logistics to handle 
multiple vehicles with different capacities and speeds 
serving the same zone. From a practical perspective, 
the zones obtained from the optimal AWVD are contig
uous and easy to interpret. In particular, the partition is 
controlled by a single weight vector, and a manager can 
adjust the weight associated with a delivery station to 
account for other practical considerations in an intuitive 
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manner. For example, if a delivery station has a tempo
rary capacity constraint because of a labor shortage, its 
weight can be increased to reduce the zone size and the 
package volume. Moreover, the subgradient algorithm 
is easy to implement and compatible with existing VRP 
algorithms: the normalized work span can be com
puted by calling any of the state-of-the-art VRP solvers, 
particularly open-source packages. This is particularly 
appealing for Ninja Van because it eases the need to 
develop in-house VRP algorithms, saving engineering 
costs and facilitating a fast implementation process. 
Finally, the compatibility of our approach with stochas
tic and robust optimization makes it a desirable choice 
for data-driven decision making. Depending on the 
data quality and underlying demand distribution, a 
manager can flexibly tweak our approach using data to 
improve out-of-sample performance.

Step 4: Validation Through Simulation
Using the calibrated inputs and parameters from step 2, 
we evaluate and validate the solution approach by sim
ulating the zoning system obtained from one month of 
Ninja Van’s data prior to implementation. First, we 
tested the efficiency of the subgradient algorithm on 
random data samples and found that the algorithm 
converged within 20 iterations. Given that the solution 
time for the VRP subroutines can be kept within min
utes, the total solution time of our subgradient algo
rithm would only be a few hours for a reasonable 
number of samples. Such a solution-time requirement 
is relatively minor because the zoning problem does 
not need to be resolved often. We provide a sample 
zoning result from our algorithm in Ninja Van’s focal 
city in Figure 5.

Then, we compare the zoning results from the SAA 
solution and the sample robust solution according to 
their out-of-sample work span performance, for which 
we split the data into a training set and a test set. For 
this specific month of data, the SAA solution leads to a 
slightly shorter maximum average time span than the 

sample robust solution on the test set, whereas both 
dominate the current zoning system. Specifically, we 
observe that our proposed zoning using SAA reduces 
the maximum average span by 20% compared with the 
current zoning. In terms of average driver delivery 
time, we observe a 17% reduction over the current zon
ing. We also verify that the proposed zoning induces a 
more equitable work span distribution: the gap 
between the maximum and minimum average work 
span is 33% lower than that of the current zoning, and 
the standard deviation of the work span decreases by 
25%. We present the box plot of the station work span 

Figure 4. (Color online) Our Zoning Framework 

Figure 5. (Color online) A Sample Zoning Result from the 
Proposed Zoning Optimization Model Using Ninja Van’s 
Data 

Note. Delivery stations are represented by triangles, each of which 
covers a shaded area (zone).
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from simulation in Figure 6, and this shows that the 
proposed zoning makes a notable change to the distri
bution of the work span by shifting it downward. Speci
fically, the median work span under the proposed 
zoning (right box plot) is lower than that of the current 
zoning (left box plot). Both groups exhibit similar inter
quartile ranges, suggesting that the variability across 
the middle 50% of stations remains comparable. How
ever, the proposed zoning has a shorter overall range— 
from minimum to maximum—indicating reduced 
extremes in workload and a more consistent distribu
tion of work across stations.

Implementation
Supported by the promising simulation result, we 
implemented the proposed zoning system in a major 
city in Southeast Asia after deliberating with Ninja Van 
on the zoning result. The implementation was set up to 
facilitate a DiD analysis to estimate the causal effect of 
the new zoning system.

Ninja Van Inputs to Refine the Model
We discussed the proposed zoning system with Ninja 
Van’s senior management team before the zoning was 
scheduled to update. In addition to the key metrics, 
such as average work span and (driver) delivery time, 
we also presented the 90% quantile of delivery time, 
probability of meeting the 12-hour work span thresh
old, average station order volume, and average driver 
order volume. These data provided additional insights 
into the distribution of workload among stations and 
drivers. Ninja Van’s operations team reviewed the 
results and proposed several adjustments using on-the- 
ground operational constraints and labor considera
tions. For example, the zoning was revised to conform 
with geographical boundaries, such as main roads and 

rivers. We also made adjustments to ensure that the 
order volume of delivery stations and the number of 
drivers did not drop below a specific threshold to main
tain operational efficiency and workforce engagement. 
Further discussions were held to fine-tune the zoning 
plans, taking into account potential impacts on service 
quality and customer satisfaction. The management 
team approved the final revised zoning plan, which 
was scheduled for implementation on November 27, 
2023. This collaborative approach not only ensured that 
we were able to rigorously evaluate the efficacy of the 
proposed zoning system but also that it was viable 
from an operational perspective and aligned with the 
company’s strategic goals.

Field Implementation
We implemented the pilot in a major city in Southeast 
Asia, in which the test area is separated by a river. We 
randomly selected the area (and corresponding sta
tions) on the left side of the river as the treatment area 
and stations to receive the new zones and the area (and 
corresponding stations) on the right side of the river as 
a control area in which stations receive no adjustments 
to their current zoning policy. This setup allowed us to 
control for environmental and market factors that 
affected our results. The treatment area included 17 sta
tions and 369 drivers, whereas the control area com
prised 40 stations and 850 drivers (see Figure 7). 
Comparing the results before and after the implementa
tion with both the treatment and control areas provided 
us with rigorous estimates of the benefits of the pro
posed zoning system (and also the statistical signifi
cance of the results).

Ninja Van launched the new zoning system on 
November 27, 2023. To establish a baseline, the com
pany avoided making any significant operational 
adjustments or policy changes from October 26 to 
November 26. Each delivery station fell under the 

Figure 6. (Color online) Simulated Average Work Span 
Under Current and Proposed Zonings 

Figure 7. (Color online) The Trial Area 

Notes. ~ and � denote treatment and control stations, respectively. 
The diagram is not drawn to scale and the station locations do not 
represent the locations we implemented in practice.
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responsibility of a station manager. All station man
agers in the treatment area implemented the new zones 
effective November 27. The drivers in these stations 
were not informed of any zoning changes; they contin
ued to receive their daily package assignments from 
their station managers. We monitored all deliveries 
until approximately December 20 to avoid monitoring 
during the Christmas period.

Benefits and Impact
In this section, we discuss three aspects of the benefits 
and impact: improved time performance (i.e., nonmo
netary), monetary benefits, and managerial takeaways.

Improved Time Performance
Consistent with the objective function of our zoning, 
the direct benefit of the zoning system we developed 
lies in the reduced work span. Based on the field data, 
we documented that the average work span for stations 
in the treatment area is 6.6% (i.e., 38.92 minutes) shorter 
than that of stations in the control area (see Figure 8(a)). 
We achieved this without affecting the total demand 
and driver allocation. Because the work span is closely 
related to the delivery time of drivers, we also observed 
that the average delivery time per driver was reduced 
by 3.5% (i.e., 15.15 minutes) for drivers on routes in the 
treatment area compared with those in the control area 
(see Figure 8(b)). Naturally, the decrease in delivery 
times could boost customer satisfaction as a result of 
the improved delivery service quality. In addition, 
reduced delivery time implies that the drivers could 
finish their work earlier, limiting their overtime work.

We also assessed the balancing benefit of the new 
zoning system. Specifically, we documented that the 
implemented system led to a 6.7% lower standard devi
ation of station work span and a 13.6% lower standard 
deviation of driver delivery time. These were consistent 
with the simulation and our expectations, but we note 

that we did not observe the differences in standard 
deviation at the 0.05 significance level because of a 
larger standard error than that of the mean effect. 
According to our analysis and Ninja Van’s practices, 
we attribute the lower statistical significance to two 
possible reasons. First, in actual practice, drivers may 
not adhere strictly to the optimal route sequences iden
tified in our numerical analysis. Previous research 
documents the problem of drivers deviating from 
system-recommended routes (Liu et al. 2021, Lim et al. 
2023). Second, upon the focal company’s request, we 
imposed additional constraints on the final zoning plan 
to guarantee a minimum average driver volume per 
station. This constraint was intended to ensure each 
driver handles a minimum volume daily, but it inher
ently led to deviations from the optimal assignments. 
We anticipate seeing more significant improvements in 
the key metrics if these constraints are not in place. In 
particular, Ninja Van would observe shorter and more 
balanced delivery times among its drivers as it moves 
to improve the routing algorithm and drivers’ adher
ence, and this can form a positive feedback loop to the 
zoning system we developed.

Monetary Benefits
We assess the economic impact of our zoning algorithm 
on the costs of operating the delivery stations in the 
focal market. Using monthly operating costs, which 
include fixed (e.g., lease equipment, miscellaneous) 
and variable (e.g., labor, utilities, security, cleaning) 
expenses, we estimate the average cost per station is 
82,353.38 Thai Baht (or US$2,223.54). About 50% of this 
cost is variable. Our model suggests a 6.6% reduction in 
these variable costs. With 57 delivery stations, this 
means a monthly savings of 2,717.66 Thai Baht (US$89.80) 
per station, totaling 1,858,879.44 Thai Baht (US$50,189.74) 
annually for the focal market. Nationwide, with 500 

Figure 8. (Color online) The Improvement of the Proposed Zoning vs. Current Zoning in the Field Experiment 

(a) Absolute Reduction in Time (b) Relative Reduction in Time
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stations, we project the annual savings will reach 
16,305,960 Thai Baht (US$440,260.92).

Managerial Takeaways
The new zoning system provided the management 
team at Ninja Van full transparency into how custo
mers from different areas were assigned to delivery sta
tions. It minimized subjective biases from human 
judgment and facilitated automating the zoning deci
sion making in a data-driven way. More importantly, 
learning the mapping from zoning to work span distri
bution enabled Ninja Van to identify the bottleneck sta
tions at which the staffing decision could be improved. 
For Ninja Van and many logistics companies in devel
oping countries, disruptive technologies such as drones 
and automated sorting systems are an appealing but 
costly investment. The new zoning system presented a 
scalable and low-cost solution that could lead to 
improved operational outcomes without making 
sweeping changes to the existing infrastructure and 
labor agreements.

Long-Term Implications
The implementation of the new zoning solution has 
several long-term implications for Ninja Van’s opera
tional efficiency and agility, customer satisfaction, and 
worker welfare. First, by strategically adjusting deliv
ery zones, companies such as Ninja Van can optimize 
delivery routes, reduce fuel consumption, and lower 
vehicle maintenance costs. This efficient allocation of 
resources not only cuts down on operational expenses 
but also enhances overall productivity. Maintaining a 
high level of productivity is critical to Ninja Van as it 
looks to sustain growing delivery demand in South
east Asia. Moreover, the zoning system we develop is 
sufficiently flexible to reflect different objective func
tions and workforce/vehicle compositions, which will 
allow Ninja Van to quickly adjust to different market 
conditions. For example, if crowd-sourcing drivers is 
introduced, the zoning system can be updated by sim
ply revising the VRP solution subroutine to adjust for 
uncertain driver schedules. Second, optimized deliv
ery zones enable more accurate and consistent deliv
ery times, better meeting customer expectations. 
Furthermore, faster and more reliable deliveries imply 
higher customer satisfaction and loyalty, and these are 
essential for Ninja Van’s competitive advantage. The 
data-driven zoning approach also allows for better ser
vice differentiation, catering to specific regional 
demands and preferences. Finally, proper zoning and 
workload distribution help prevent overworked dri
vers, reducing the risk of accidents and improving 
overall job satisfaction. By limiting long working 
hours and balancing workloads, the company can 
enhance worker welfare, and this, in turn, will lead to 

lower turnover rates and higher employee retention. 
This holistic approach not only benefits the workforce 
but also enhances the company’s reputation as a 
responsible employer, creating a win–win scenario for 
both the company and its drivers.

Summary
In this study, we describe our development of a new 
data-driven delivery zoning system that Ninja Van 
implemented to improve its last-mile delivery opera
tions. Our field implementation documented reduced 
work spans, delivery times, and operational cost sav
ings that, by extrapolation from monthly to yearly esti
mates, amount to roughly half a million U.S. dollars per 
year. Specifically, we present an easy-to-implement 
and flexible four-step zoning optimization framework. 
The technical core of our framework (step 3: model for
mulation and solution development for zoning optimi
zation) involves iteratively solving VRPs using actual 
demand data and dividing the delivery area with addi
tively weighted Voronoi diagrams. By doing so, we are 
the first to integrate the VRP solution framework with 
additively weighted Voronoi diagrams for use in parti
tioning applications that account for demand uncer
tainty. The key recipe for deriving solutions efficiently 
is to leverage the easily computable subgradient infor
mation from the dual formulation of the partitioning 
problem. The computation of the subgradient is adapt
able to stochastic and robust optimization formulations 
and compatible with state-of-the-art routing algo
rithms. This framework offers a structured approach 
for other logistics companies to examine alternative ser
vice zoning policies and direct their zoning processes to 
be data-driven and oriented to fairness. We also expect 
the zoning framework to be applicable to nonprofit set
tings, such as humanitarian logistics, in which response 
time represents a key objective.
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Appendix. Optimization Model Formulation 
and Solution

We present first the general zoning optimization model 
with deterministic demand d. Specifically, let d ∈ ZM be a 
demand vector for M possible demand locations, where 
dm is the order quantity from location m. The decision 
variables are denoted by {R1, : : : , RK}, where Rk represents 
zone k and is a subset of the service region. Furthermore, 
let Workspan(d, pk, Rk) denote the work span function for 
station k, which depends on the depot location pk and 
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zone Rk. Then, Problem 1 can be formulated as
min

R1, : : : ,RK
max
1≤k≤K

Workspan(d, pk, Rk), (A.1) 

s:t:
[K

k�1
Rk � service region, (A.2) 

Rk ∩Rk′ � 0, ∀k ≠ k′ k,k′ � 1, : : : ,K, (A.3) 

where Constraint (A.2) ensures the coverage of the service 
region and Constraints (A.3) ensure that the zones are non
overlapping. In practice, the observed order demand varies 
from day to day, and so does the work span of every sta
tion. Following the SAA scheme, we can replace Workspan 
(d, pk, Rk) by the sample average 

PN
n�1 Workspan(dn, pk, 

Rk)=N over N demand samples {d1, : : : , dN}. Accordingly, 
the sample average work span is used for gradient compu
tation in Equation (2). Similarly, we can use the sample 
worst case work span in the case of robust optimization.

We then present more details about the dual problem 
for finding the optimal AWVD, which is also discussed in 
Carlsson et al. (2016). Recall that the dual problem is

min
w

1
K
XK

k�1
wi +

ZZ

service region
f (x)max

k
[�dist(x, k)� wk]dx, 

and we can verify that a subgradient of the above objective 
function G(w1, : : : , wK) � (G1, : : : , GK) can be computed by

Gk �
1
K
�

ZZ

Rk(w)
f (x)dx, k � 1, : : : , K:

This is because (let G∆ � (G∆
1 , : : : , G∆

K) with G∆
k ��

RR

Rk(w)
f (x)dx) for any w and w′, the following inequality holds:
ZZ

service region
f (x)max

k
[�dist(x, k)�w′k]dx

≥
XK

k�1

ZZ

Rk(w)
f (x)(�dist(x, k)�wk)dx+G∆

k (w
′
k �wk)

� �

�

ZZ

service region
f (x)max

k
[�dist(x, k)�wk]dx+G∆(w′ �w):

With historical data, we can evaluate 
RR

Rk(w)f (x)dx as the 
normalized work span of zone k.
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