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A SMART LOGISTICS INFORMATION AND ANALYTICS SYSTEM
FOR LAST-MILE DELIVERY OPTIMISATION

Purpose. To develop a Smart Logistics information and analytics system that supports decision-making in last-
mile delivery optimisation and logistics partner selection based on operational data analysis and multi-criteria evalu-

ation of service quality.

Methodology. An integrated approach is proposed that combines a microservice architecture, rule-based decision
logic, geospatial services and multi-criteria optimisation methods. To aggregate heterogeneous carrier performance
indicators (SLA, delivery price and NPS), the generalised Harrington desirability function is applied, enabling indi-
cators of different nature to be transformed into a unified evaluation scale.

Findings. The architecture and operational algorithms of the Smart Logistics system were developed to support au-
tomated carrier selection and personalised delivery decisions. The proposed carrier ranking model was tested using real
logistics performance data from major Ukrainian cities. The results demonstrate that the desirability-based approach
improves the objectivity of carrier evaluation and allows regional differences in service performance to be considered.

Originality. The study proposes a hybrid approach to last-mile logistics management that integrates rule-based
decision logic, data-driven analytics and multi-criteria optimisation using Harrington’s desirability function for car-

rier evaluation.

Practical value. The developed system can be applied in digital logistics platforms and e-commerce environments to
improve delivery efficiency, automate carrier selection and adapt logistics decisions to regional service characteristics.
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Introduction. Innovative approaches in logistics span
a wide range of technologies and methods that strength-
en the efficiency, competitiveness and environmental
performance of logistics processes. The proposed Smart
Logistics information and analytics system has strong
potential to enhance existing logistics operations. It sup-
ports route optimisation, lowers costs and improves
supply chain management for the delivery of goods and
services to the final recipient.

Smart Logistics relies on advanced intelligent tech-
nologies to optimise logistics workflows. It leverages in-
formation and analytics tools to automate end-to-end
operations and to increase both execution efficiency and
decision accuracy. A defining feature of the proposed
system architecture is the integration of multi-criteria
optimisation methods. This makes it possible to justify
partner selection using heterogeneous performance in-
dicators for transportation services.

The system is designed as an integrated solution that
enables logistics operators to configure delivery param-
eters in line with customer requirements while ensuring
effective data management. As a result, the system re-
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mains versatile and adapts to different scenarios, from
highly personalised services to large-scale order pro-
cessing. At the same time, automated carrier selection
faces a key methodological challenge. It requires com-
paring quality criteria that differ in nature and units of
measurement. Typical examples include on-time deliv-
ery compliance (SLA) expressed as a percentage, service
cost measured in monetary units and customer satisfac-
tion (NPS) expressed in points. Conventional linear
weighting approaches do not reflect the non-linear per-
ception of quality. They can therefore lead to poorly
grounded decisions when individual indicators deviate
substantially from their target values.

To address this issue within the Smart Logistics
framework, the study proposes using the mathematical
apparatus of the generalised Harrington desirability
function. This approach enables a correct transformation
of heterogeneous indicators into a unified dimensionless
quality metric. It supports an objective assessment of lo-
gistics partners with different operating strategies and fa-
cilitates the selection of the optimal option while ac-
counting for regional specifics and business priorities.

Literature review. Research on Smart Logistics draws
on three partially overlapping bodies of work such as
connectivity and sensing infrastructure, computational
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methods for routing and resource optimisation and
structured evaluation frameworks for multi-criteria de-
cision support. Taken individually, each direction has
advanced considerably over the past decade. Taken to-
gether, however, they do not yet produce a coherent
implementation model for last-mile delivery that is si-
multaneously data-driven, interpretable and enforce-
able under real operational constraints.

The Internet of Things has become the primary en-
abling layer for Smart Logistics, providing real-time vis-
ibility across transport operations, warehousing and
supply chain coordination. Ding, et al. [ 1] provide a sys-
tematic overview of the architectural elements under-
pinning [oT-based logistics, such as sensing layers, iden-
tification technologies and cloud data processing, argu-
ing that these components form the foundational infra-
structure for more accurate and responsive logistics
workflows. Song, et al. [2] extend this analysis to con-
crete deployment domains, including transport opera-
tions, logistics hubs and supply chain coordination,
while identifying persistent barriers such as standardisa-
tion, data security and scalability as primary inhibitors
of broader adoption. Tang [3] presents a practical IoI-
based logistics reference model that integrates sensor-
enabled data acquisition, analytics and automated man-
agement, confirming the viability of end-to-end digital
control in applied systems. The industrial extension of
IoT, designated as IIoT, brings additional specificity to
manufacturing-integrated logistics. Bhargava, et al. [4]
examine IloT and Al implementation in vehicular logis-
tics and supply chain contexts, underscoring the practi-
cal value of combining sensing and analytics in active
transport environments. Monek and Fischer [5] con-
tribute a focused analysis of IloT-supported material
flow tracking, showing how real-time visibility improves
transparency in production-integrated logistics opera-
tions. Ben-Daya, et al. [6] survey the intersection of IoT
and supply chain management across a wide body of lit-
erature, identifying key technological enablers and per-
sistent challenges in achieving end-to-end integration.
In the Ukrainian context, Danchuk, et al. [7] analyse
intelligent transport systems as a prerequisite for Smart
Logistics implementation in urban environments, with
specific attention to video analytics, GPS monitoring
and automated control adapted to local operating con-
ditions. Ivanishcheva [8] provides an earlier perspective
on the development directions of logistics technologies,
tracing the conceptual evolution that eventually culmi-
nated in IoT-enabled smart logistics systems. Despite
this progress, IoT and IIoT research stops well short of a
complete decision architecture. Connectivity generates
data streams; it does not specify how heterogeneous
sensor outputs should be aggregated into operationally
enforceable carrier selection logic. Data availability and
decision quality are not equivalent. This asymmetry
such as rich data supply combined with weak decision
synthesis constitutes the first structural gap that the cur-
rent study addresses.

A substantial body of work has investigated compu-
tational methods for optimising logistics decisions. Feng
and Ye [9] survey operations management research in
smart logistics, identifying routing, scheduling and re-
source allocation as core optimisation domains and not-
ing that hybrid approaches combining deterministic

rules with learning-based methods are gaining traction.
Almazroi and Ayub [10] demonstrate the practical value
of such hybrid algorithms in IoT-based cyber-physical
environments, reporting measurable improvements in
routing efficiency and resource utilisation. Cimini, et al.
[11] frame these developments within the Logistics 4.0
paradigm, examining the evolving role of the logistics
operator under increasing automation. Lin, et al. [12]
take a broader view with the Mobility 5.0 concept, posi-
tioning logistics within cyber-physical-social systems
where algorithmic decisions interact with human be-
haviour and institutional structures. Boysen, et al. [13]
provide a comprehensive survey of last-mile delivery
concepts from an operations research perspective, cata-
loguing the core decision problems such as stop se-
quencing, time-window management and fleet compo-
sition, that underpin effective execution at the terminal
stage of delivery. Empirical and review contributions
further enrich this direction. Shee, et al. [14] empirically
link more effective Smart Logistics practices to im-
proved sustainability outcomes in urban contexts.
Chung [15] offers a cross-disciplinary review of Al, big
data and automation in logistics and transport, reinforc-
ing the consensus that technology convergence drives
the development of smart mobility systems. Blockchain-
based approaches examined by Issaoui, et al. [16] and
Khatib, et al. [17] explore distributed ledger technolo-
gies as a basis for improved transparency and trust in
supply chain interactions and smart logistics ecosys-
tems. Spatial planning of logistics infrastructure, in-
cluding quantitative determination of optimal service
areas for logistics centres, is addressed by Taran, et al.
[18], whose approach provides a methodological com-
plement to region-differentiated carrier performance as-
sessment. The broader transport systems context in-
cluding braking performance models for freight trains is
treated in related work by Novytskyi, et al. [19], illus-
trating how mathematical modelling of transport pro-
cesses contributes to operational efficiency across mul-
tiple transport domains. A consistent limitation cuts
across this literature. Optimisation models generally as-
sume well-scaled inputs and do not specify how algo-
rithmic recommendations should behave when they
conflict with mandatory business rules. Carrier certifi-
cation requirements, regional weight restrictions and
cash-on-delivery availability are typical examples of op-
erational constraints that purely algorithmic designs
tend to bypass. More importantly, interpretability for
human operators is rarely considered. High solution
quality is not equivalent to operational trust. The ab-
sence of a transparent, rule-enforced decision layer
through which algorithmic outputs must pass before ex-
ecution represents the second structural gap that this
study addresses.

The multi-criteria dimension (MCDM) of logistics
decision-making has received consistent methodologi-
cal attention. The generalised Harrington desirability
function, introduced by Harrington (1965) and extend-
ed by Derringer and Suich (1980), provides a mathemat-
ically coherent mechanism for transforming heteroge-
neous quality criteria into a single dimensionless score
via geometric mean aggregation. This structure ensures
that critically poor performance on any individual crite-
rion cannot be concealed by compensating strengths in
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others. Standard linear weighted-sum models do not
share this property. The method has been applied across
engineering, pharmaceuticals and transport logistics.
Dubnitskiy, et al. [20] extend its scope to interval-de-
fined inputs, improving robustness in assessment tasks
where input values carry measurement uncertainty. Au-
lin, et al. [21] apply the desirability function to multi-
criteria evaluation of vehicle technical condition during
operation, demonstrating its practical effectiveness in a
transport engineering context. Building directly on this
methodological basis, the present study operationalises
the generalised desirability framework for KPI-based
carrier ranking within a rule-based microservice archi-
tecture. The broader context for multi-criteria evalua-
tion in logistics is provided by several complementary
works. Kauf [22] argues that Smart Logistics should be
positioned as a strategic component of Smart City de-
velopment, implying that evaluation metrics must inte-
grate economic, environmental and social criteria rather
than optimise on a single dimension. Spatial aspects of
logistics service quality, particularly how regional fac-
tors affect delivery efficiency and network performance,
are addressed by Taran, et al. [18]. Related work on ur-
ban passenger transport by Taran and Litvin [23] high-
lights the importance of operational and spatial param-
eters in transport system design, providing methodolog-
ical parallels relevant to last-mile logistics planning. The
central challenge in this stream is integration rather than
method development. MCDM frameworks are typically
applied in isolation: criteria are defined, weights are as-
signed and alternatives are ranked, but the ranking pro-
cedure is not embedded within a live decision pipeline
that accommodates operational constraints, geospatial
inputs and continuously updated performance data.
Connecting a mathematically rigorous ranking model to
an executable, self-adapting component within a mi-
croservice architecture for last-mile delivery remains an
open implementation problem.

The three reviewed streams share a consistent struc-
tural weakness. IoT and IloT provide high-resolution
operational data but do not supply the decision synthe-
sis layer required to act on it effectively. Al and hybrid
algorithms offer computational adaptability but lack
mechanisms for enforcing business rules and providing
interpretable outputs to operations personnel. MCDM
frameworks supply methodological rigour for multi-
criteria evaluation but remain disconnected from live
decision pipelines that must respond to heterogeneous,
regionally variable performance data. No existing
model fully integrates all three elements into a working
last-mile carrier selection system. The Smart Logistics
information and analytics system proposed in this
study is designed to close this gap. It couples a rule-
based decision layer, which ensures enforceable com-
pliance with business constraints, with a data-driven
Al module and a mathematically grounded MCDM
mechanism based on the Harrington desirability func-
tion. This combination addresses the specific deficien-
cy identified above such as the absence of interpretable
and context-aware carrier selection logic in existing
last-mile delivery models.

The purpose of this research is to develop a Smart
Logistics information and analytics system for last-mile
delivery optimisation, to formalise a hybrid decision ar-

chitecture that combines rule-based processing with
Al driven analytics and to construct a multi-criteria car-
rier evaluation model based on the generalised Har-
rington desirability function applicable for objective
ranking of logistics partners under heterogeneous KPI
scales and region-specific performance variation.

Methods. The development of the Smart Logistics
information and analytics system relies on a set of meth-
ods for analysing and optimising logistics processes
(Fig. 1).

The application of these methods makes it possible
to address a range of tasks, including modelling and
simulation of transport flows, demand forecasting using
machine learning, optimisation of delivery routes and
inventory management based on big data analytics.

To provide a rigorous basis for the multi-criteria se-
lection of the optimal carrier under heterogeneous per-
formance indicators, the method of the generalised
Harrington desirability function was used (Aulin, V.,
Rogovskij, 1., et al.). This approach converts heteroge-
neous transportation criteria into a single dimensionless
quality scale d € [0; 1], where 0 corresponds to a com-
pletely unacceptable value and 1 represents the ideal
value.

Harrington’s desirability function has two principal
types of relationships, selected depending on how the
criteria express the desirability of transport service qual-
ity indicators. A desirability function with a one-sided
constraint is used when the desirability of a criterion
changes sharply after a threshold is reached. The con-
straint system for this type is given by

O’ y<ymin
d(y)z{la Y2 Vi W

Equation for a partial desirability function with a
one-sided constraint can also be expressed in an expo-
nential form, which allows the desirability level to vary
smoothly between the minimum and maximum values

d(y) = exp[—exp (-)")], (2

where d(y) the partial desirability function reflecting the
acceptability (or desirability) of the criterion value y and
y'" is the coded value of the criterion, which can be com-
puted as

Y =by+by, (3)

where b, and b, are coefficients of a linear transforma-
tion that must be determined to ensure appropriate scal-
ing of the criterion y and its mapping to the required
desirability level.

A desirability function with a two-sided constraint is
applied in cases where the desirability of a criterion is
maximal within a specified interval and decreases out-
side this interval. The constraint is defined as

d=0’ y<yminiy>ymax
d:L yminsygymax

Accordingly, the desirability function with a two-
sided constraint is written as

d=exp(-'"). ®)

To compute the coded parameter y’ the following
expression can be used

4
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Domain analysis

- Study of last-mile logistics processes, market needs, constraints and risks

N

Systems analysis

- Decomposition of the logistics system into functional components

Modelling

modules

- Development of rule models, geolocation processing models and Al

Artificial intelligence methods

- Training of classification, clustering and forecasting models

Experimental study

- Comparison of the rule-based approach versus the Al-based approach
- Assessment of Al impact on accuracy, speed and customer satisfaction

Smart Logistics information and analytics system

Comparative analysis

Fleetbase, Drools)

- Analysis of functionality and architecture of existing solutions (Postis,

NN N NN

Fig. 1. Analysis methods used in developing the Smart Logistics information and analytics system

yr:2y_(ymax+ymin)
Ymax ~ Ymin

The shape parameter # can be obtained by assigning
a given criterion value y a target desirability level d' from
the “good” to “very good” range of the desirability scale

ln[lnlJ
dl
n=———=.
ln| y'|
The generalised desirability function D is used to as-
sess the overall quality of a process or object described
by several criteria, each represented through a partial
desirability function. It aggregates the individual desir-
ability indicators into a single metric, enabling an inte-

grated evaluation of the studied process. The generalised
desirability function is calculated as

D= HISnSqd'(: ’ (8)

where 7 is the number of criteria, d, denotes the partial
desirability functions for individual criteria and «,, are
weighting coefficients that reflect the relative impor-
tance of the partial criteria d,,.

Applying this method enables an objective compari-
son of alternatives (carriers) in situations where one op-
tion may outperform others on certain criteria while
underperforming on others.

Results. The key elements of the proposed Smart
Logistics information and analytics system architecture
are presented in Fig. 2. The architecture reflects a mod-

. (6)

(7

ern approach to managing logistics processes. It inte-
grates a microservice-based design, embedded artificial
intelligence (Al), rule-based algorithms, a database of
user preferences, the Internet of Things (IoT'), big data
and automation, as well as analytical dashboards for per-
formance assessment. This combination improves op-
erational efficiency and helps reduce costs. Implement-
ing the proposed system enables enterprises to respond
to current market challenges, strengthen the effective-

Microservice
architecture

based on
Java/Spring
Boot
Analytical Rule engine
dashboards for with flexible
performance logic
evaluation configuration
Geolocation
Al module for services
forecasting (Google API,
logistics KPIs Nomln_anm,
Locations
Dictionary)
User
preferences
database
(Whitelist)

Fig. 2. Key elements of the Smart Logistics information
and analytics system architecture
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Fig. 3. Algorithms and processes of the Smart Logistics information and analytics system

ness of logistics operations and provide a higher level of
customer service.

The interaction between these core architectural ele-
ments made it possible to design the algorithms and op-
erational workflows of the Smart Logistics information
and analytics system (Fig. 3).

In this design, the system’s algorithms and opera-
tional workflows are implemented as a microservice so-
lution built around three core services: Smart Logistics
(rules and processing), Customers and Geo & Core,
which stores information related to the shipment data-
base. The primary domain entities of Smart Logistics
include Tasks, Rule Sets/Rules, Geo Data and the White
List. Together, they define the processing logic and the
way results are applied to shipments within Core. The
operational workflow in Smart Logistics is organised
around shipment lists (manifests): an operator selects a
Manifest, chooses a Rule Set, creates a Task, initiates
processing and then confirms the outcome. At each
stage, tasks can take the following statuses: CREATED,
IN PROGRESS, FINISHED and CONFIRMED.

The technological stack and infrastructure comprise
Java/Spring Boot, MySQL, the RabbitMQ broker and
AWS services (S3, API Gateway, Fargate/EC2/ECS)
for deployment and storage. The architecture also in-
cludes monitoring and service components such as mind
maps (Grafana/Prometheus/Loki), Zuul, Spring Cloud
Consul, OAuth2 and a WebUI (Admin Panel) for ad-
ministration. In addition, geoservices are integrated
through a dedicated geocoding microservice using

Google Geocoding and, optionally, OpenStreet Nomi-
natim. The White List stores preferred customer “pick-
up points” and makes it possible to bypass geolocation
during result application to shipments in Core. Rules in
Smart Logistics are constructed from attributes (e.g.,
country, weight/dimensions/volumetric weight, price/
COD, distance to the nearest PUDO, etc.) and com-
parators (Equal/Not equal/Greater/Between) that drive
the choice of carrier and service type for each shipment.
The system also supports launching multiple tasks and
comparing outcomes, as well as validation and manual
correction of errors after processing.

The findings indicate that last-mile shipment opti-
misation can be effectively built on a hybrid combina-
tion of rule-based and Al-driven approaches. The rule-
based component ensures transparency and controlla-
bility by enforcing clearly defined rules, such as carrier
selection by country or region, constraints on shipment
weight and dimensions, handling cash-on-delivery
availability and limits on acceptable distance to the
nearest pickup point. This layer guarantees compliance
with baseline business requirements. In parallel, the Al
module can analyse large volumes of historical ship-
ment data, including average delivery time, completion
of specific delivery stages, on-time delivery rate, the
number of returns, customer satisfaction levels and re-
gional delivery performance. These data are then used to
build predictive models.

Based on the identified patterns at the country, re-
gion, or even city level, Al can dynamically adjust pri-
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Quantity: 100

!
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Left Parcels*
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!

Parcels Quantity: 10
Delivery Type: HD

Fig. 4. A model of rules, rule sets and the information-processing logic for shipments in the developed Smart Logistics

information and analytics system

orities for carrier selection, delivery time windows and
pickup point alternatives. Combining these two ap-
proaches allows the system to balance reliability with
adaptability: rules provide stability and predictability,
while Al introduces flexibility and higher efficiency
through learning from real operational data. Overall, the
rule model, rule sets and the processing logic of the
shipment information flow in the Smart Logistics infor-
mation and analytics system are presented in Fig. 4.

A key component of Smart Logistics is a self-tuning
mechanism for the rule system based on historical de-
livery data. To enable dynamic adaptation of the logis-
tics process, a self-tuning approach is proposed that
combines rule-based logic with Al-driven analysis of
historical records. During operation, the system accu-
mulates delivery statistics, including average execution
time, SLA compliance, the number of delays and re-
turns and customer satisfaction levels. These data are
aggregated by country, region and city and then pro-
cessed by an analytics module that identifies patterns
and trends. On this basis, the Al algorithm generates
recommendations for adjusting rule parameters. Typi-
cal actions include changing the weights assigned to
selected criteria, introducing local exceptions, or opti-
mising carrier priorities. This indicates that the system
can gradually “learn” from practical outcomes and au-
tomatically update rules without manual intervention.
In doing so, it forms a closed loop of continuous im-
provement in which each completed delivery enriches
the knowledge base and increases the accuracy of fu-
ture decisions.

An innovative approach to integrating geolocation
services with Al mechanisms to improve the accuracy of
address matching is also proposed in the study. High
geocoding precision was identified as critical for suc-
cessful last-mile delivery. Therefore, geolocation inte-
gration should combine validated external tools (Google
API, OpenStreet Nominatim) with proprietary address
dictionaries and AI modules. The approach includes us-
ing a Locations Dictionary that stores countries, re-
gions, settlements, postal codes and alternative names
and abbreviations in different languages. This supports
not only correct address-line generation but also the
prevention of errors caused by duplicates or multiple
spelling variants. The developed Al algorithms analyse
the statistics of previous deliveries and can learn from
deviations. For example, if a particular address repeat-
edly triggers geocoding errors or map displacement, the
system automatically enriches the dictionary or refines
recognition rules.

In addition, Al can combine information about ZIP
codes, regions and the selected PUDO to improve cor-
rection in problematic cases. This integration enables a
multi-level validation mechanism, ranging from stan-
dard geoservices to an internal dictionary and a self-
learning model. Over time, it reduces the number of er-
rors, improves routing accuracy and provides a more
reliable user experience.

A carrier ranking model based on combined Key Per-
formance Indicators (KPIs) was implemented, specifi-
cally SLA, price and NPS. To improve the effectiveness of
logistics partner selection, a multi-factor ranking model is
proposed that relies on an integrated performance indica-
tor. This indicator is built from the core KPIs: SLA (on-
time delivery compliance and operational stability), price
(average shipment cost, including any additional services)
and NPS (customer satisfaction index).

Each carrier receives a score for these parameters,
after which the system calculates a weighted rating. KPI
weights can be configured to reflect business priorities.
For example, in e-commerce logistics, SLA may be as-
signed a higher priority, whereas low-cost delivery mod-
els may place greater emphasis on price. Importantly,
SLA and NPS can be evaluated not only at the national
level but also across regions and cities. This allows the
model to account for local service-quality characteris-
tics of a given carrier. Such an approach makes the se-
lection process more flexible and accurate, because car-
riers may demonstrate different performance levels
across geographic areas. Overall, Smart Logistics pro-
vides an objective and transparent partner selection pro-
cedure that simultaneously considers economic factors,
service quality and customer experience.

The results of applying the combined KPI-based
ranking model using data collected during 2025 in
Ukrainian cities with populations exceeding one mil-
lion, namely Kyiv, Lviv and Odesa, are demonstrated
below. Each of these cities is served by the same carriers
that provide last-mile delivery services. Using the pro-
posed methodology, we obtain an integrated carrier rat-
ing for the selected cities (Fig. 5, Table 1).

In Kyiv, Carrier 4 leads due to very high SLA perfor-
mance, while Carrier C ranks slightly lower because of a
higher price level. Carrier B is competitive mainly be-
cause of its lower cost. In Lviv, the best performance is
demonstrated by Carrier C, which provides a stronger
balance between SLA and NPS, but it loses ground due
to weaker SLA. In Odesa, Carrier C again takes first
place due to high SLA and NPS, while Carrier B main-
tains a strong position because it offers the lowest price.
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Table 1

Integrated carrier scores in the analysed cities
(weights: SLA =0.5, price =0.3, NPS=0.2)

City Carrier
A B C
Kyiv 0.77 0.70 0.76
Lviv 0.71 0.65 0.80
Odesa 0.66 0.68 0.80

Overall, the results indicate clear local differences in
carrier performance depending on the city. The ob-
tained evidence supports the argument for region-spe-
cific ranking. The pattern is further illustrated using ra-
dar charts of carrier KPIs across regions (Fig. 6).

The radar-chart analysis indicates that in Kyiv, Car-
rier A shows the strongest SLA, Carrier B is the most
competitive on price and Carrier C demonstrates the
highest NPS. In Lviv, Carrier C stands out due to a bal-
anced combination of SLA and NPS, while Carrier B
remains price competitive. In Odesa, Carrier C leads by
SLA and NPS, whereas Carrier B retains a strong posi-
tion because it offers the lowest price. This visualisation
clearly shows that carrier quality and performance should
be assessed locally, rather than only at the national level.

To improve objectivity and strengthen the mathe-
matical rigour of carrier ranking, the baseline weighted-
scoring model was complemented with the generalised
Harrington desirability function. Unlike a simple
weighted sum, which can mask critically low values of
individual KPIs by compensating them with high values
of other indicators, Harrington’s desirability function
uses a geometric mean. As a result, the overall score de-
creases automatically when at least one criterion takes
an unsatisfactory value. This leads to a more balanced

Lviv

Price

NPS

a b

Fig. 6. Radar charts of carrier KPIs across regions:
a— Kyiv; b — Lviv; ¢ — Odesa
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selection of a logistics partner. For instance, it prevents
a carrier with very low SLA from receiving a high overall
rating solely due to a minimal price.

For each of the three key KPIs, partial desirability
functions were constructed based on expert assessments
and the analysis of historical logistics operations data.
The quality components of the logistics process (SLA,
price, NPS) were transformed into partial desirability
functions d and the integrated generalised quality indi-
cator D was calculated. The computation assumed that
the relationship between a process quality indicator and
its corresponding partial desirability function is linear.
In other words, the minimum acceptable value of a
quality indicator corresponds to the lowest desirability
level, whereas the best value corresponds to the highest
desirability level. The quality indicators and the admis-
sible ranges used in the study are provided in Table 2.

It should be noted that the quality components of
the logistics transportation process listed in Table 2 are
subject to one-sided constraints. Therefore, the values
of the partial desirability functions for each criterion
take the form shown in Table 3.

A subset of the averaged values of the logistics pro-
cess quality indicators, derived from the collected per-
formance data of carriers operating in Kyiv, Lviv and
Odesa during 2025, is presented in Table 4.

For one-sided constraints of the form y < y,,.., the
transformation of a controlled parameter y into a partial
desirability value d was carried out using (2). To deter-
mine the coefficients b, and b, in (3), assuming a linear
relationship between y and d, the following calibration
was adopted: the lowest acceptable value of a compo-
nent corresponds to a desirability level of 0.37 (“poor”),
while the best value corresponds to the maximum desir-
ability level of 0.80 (“very good”) (Table 3). Accord-
ingly, from (3) it follows that for = 0.8, )’ = 1.5; and for
d=0.37,y"=0.0058.

Solving the resulting system of equations yields the
coefficients b0 and b1 and provides the relationships be-
tween the partial desirability functions and the quality
indicators of the logistics process

dg 4 =exp|-1.56+4.032-y, |, y =80.95;
dprice :exp[2459_1235y2:|5 h2) :79120, (9)

dyps =exp[ -1.604+0.104-y, ], y,=7,0.85.

Using the constructed partial desirability functions,
integrated carrier scores were recalculated for the three

NPS
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Table 2
Measurement ranges for logistics process quality

indicators
Quality indicator Unit of measurement Range
SLA, % dimensionless (percentage) 70—98
Price UAH 60—150
NPS dimensionless (score) 6.0-9.2
Table 3

Baseline desirability-function values
and the corresponding quality-indicator levels
for the logistics process

. Value of the Value (?f the . Qualitati\./e
.Qu.ahty logistics process pa nle.ll. 1nterpretgt10n
indicator SR desirability | of the indicator

quality indicator .
function level
SLA, y, 80 % 0.37 poor
95 % 0.8 very good
Price, y, 120 0.37 poor
79 0.8 very good
NPS, y; 7.0 0.37 poor
8.5 0.8 very good
Table 4
Excerpt of the KPI input dataset for carriers across
regions
Region Carrier Vi V) V3
Kyiv A 94.3 95.4 8.05
B 91.3 59.0 7.90
C 92.8 91.3 8.20
Lviv A 92.0 91.3 7.98
B 90.5 59.0 7.83
C 93.5 93.3 8.28

Ukrainian regions (Kyiv, Lviv, Odesa) based on real op-
erational data collected in 2025. The indicator weights
were set to aSLA = 0.5, aPrice = 0.3 and aNPS =0.2,
consistent with the weighting scheme used to compute
the integrated quality scores of the logistics process (Ta-
ble 1). For each carrier in each region, the generalised
desirability function D was calculated using (8). An ex-
cerpt of the calculation results is presented in Table 5.
The analysis of the obtained results revealed sub-
stantial differences in carrier ranking when using Har-
rington’s desirability function compared with linear
weighting. The desirability-function method proved
more sensitive to critical KPI values. Carriers with un-
balanced KPIs (for example, very low SLA combined

with low price) received a markedly lower generalised
score D due to the multiplicative structure of (8), where-
as linear weighting can compensate weaker dimensions
with stronger ones.

In Kyiv, Carrier A4 retained the leading position due
to exceptionally high SLA (dg;,=0.787), which ensured
a high desirability score even under higher transporta-
tion costs. Carrier C, despite relatively balanced KPI
values, received the lowest score because it did not dem-
onstrate distinctly strong performance in any individual
category. Carrier B, in turn, achieved second place pri-
marily because it offered the most favourable price.

In Lviv, Carrier C confirmed its competitive advan-
tage by achieving the highest generalised desirability
score D due to an optimal balance across all three indi-
cators. Carrier B, supported by the lowest price, was able
to compensate for weaker SLA and took second place.
Carrier A ranked third.

The visualisation of partial desirability functions
(Fig. 7) clearly illustrates the benefit of normalising het-
erogeneous indicators. All KPIs are mapped onto a
common [0,1] scale, which simplifies interpretation and
helps identify operational bottlenecks in carrier perfor-
mance. In contrast to radar charts based on raw KPI
values (Fig. 6), where differences in measurement units
can distort the visual comparison, the desirability-based
representation supports a more consistent assessment
across criteria.

The mathematical model based on Harrington’s de-
sirability function was integrated into the rule-based
component of the Smart Logistics system as an addition-
al criterion for selecting the optimal carrier. The deci-
sion-making procedure includes the following stages:

1. Collection of current carrier KPI values from the
analytical database (SLA, price, NPS), specified for the
relevant delivery region.

2. Computation of partial desirability functions dg; 4,
d,ie and dypg for each available carrier using (9) with
pre-calibrated coefficients.

3. Calculation of the generalised desirability func-
tion D for each carrier using (8), considering the as-
signed KPI weights.

4. Ranking of carriers by D in descending order and
selecting the carrier with the highest overall desirability
value.

5. Application of additional rule-based filters (e.g.,
constraints on weight and dimensions, COD availabili-
ty, etc.) for final validation of the selection.

A key advantage of the proposed approach is the
ability to adjust KPI weights a,, dynamically based on
accumulated data on actual delivery performance. The
system’s Al module analyses the relationship between

Table 5
Excerpt of desirability-function calculation results for carriers across regions
Region Carrier dg 4 Dyrice dyps D Integrated | Rankby | Rank by integrated
o, 0.5 0.3 0.2 indicator D indicator

Kyiv A 0.787 0.665 0.704 0.736 0.77 1 1
B 0.687 0.894 0.665 0.732 0.70 2 3
C 0.736 0.701 0.741 0.725 0.76 3 2
Lviv A 0.714 0.701 0.684 0.702 0.71 3 2
B 0.670 0.894 0.644 0.725 0.65 2 3
C 0.758 0.688 0.754 0.737 0.80 1 1
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Fig. 7. Partial desirability functions of carrier KPIs across regions:

a— Kyiv; b — Lviv; ¢ — Odesa

the generalised desirability value D and real-world out-
comes, including on-time delivery, the number of re-
turns and customer feedback and then adapts the weights
to improve predictive accuracy. For example, if a given
region shows a strong association between NPS and
overall customer satisfaction, the weight oypg can be in-
creased automatically for that region.

The study also proposes a personalised delivery logic
based on the user’s behavioural profile. A modern logis-
tics system can substantially improve service quality by
tailoring delivery decisions to individual preferences.
For this purpose, a behavioural profile is constructed
that includes order history, order frequency, preferred
time windows, typical pickup locations (courier delivery
versus a specific PUDOQO) and the user’s response to pre-
vious deliveries (repeat refusals, complaints, ratings).
Based on these data, the AI module identifies individual
patterns. For instance, it may detect that a customer in a

Rule

Order * Name

2

Leave empty for auto-naming

Femens

X Nearest PUDO distance
Parcel weight

Parcel volumetric weight

given city prefers evening deliveries or consistently se-
lects a particular pickup point. The system can then au-
tomatically recommend these options for new orders,
rank delivery alternatives by acceptance probability, or
even proactively optimise routing for a group of users
with similar profiles. In this way, personalised logic not
only reduces failed delivery attempts but also strength-
ens customer loyalty by making the service more conve-
nient and aligned with individual needs.

Rule-based processing in Smart Logistics (Figs. 8—9)
serves as a powerful automation tool that accelerates
decision-making based on predefined rules. Such rules
are defined through priorities, including weight, vol-
ume, dimensions, COD availability, delivery type
(PUDO, HD), delivery geography and carrier parame-
ters (price, SLA, speed). Rule priority and condition
combinations are implemented through logical opera-
tors such as greater than, less than, equal and between.

Service type * Market type *

- STANDARD v

CANCEL B SAVE

Is COD
Parcel dimension

Parcel value

Fig. 8. Output of the implemented rule microservice, where the decision logic is embedded in configurable rules

Rule
Order * Name
1 3 Rule to define Carrier Meest for Home delivery
Leave empty for auto-naming

Carriers

MEEST

Parameter *
X Parcel weight -

Operator *
Less than

Parameter *
¢ Parcel value v

Operator *
Greater than

Home delivery A

Service type * Market type *

STANDARD -

Weight (kg) *
- 2

Value *
- 100

CANCEL B SAVE

Fig. 9. Output of the implemented rule microservice, illustrating rule configuration for carrier selection
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Geolocation processing is a core component of the
Smart Logistics information and analytics system. It en-
ables accurate identification of an address location using
external APIs such as Google Maps and Nominatim and
it also supports the selection of efficient delivery routes.
The Google Maps API provides precise address geocod-
ing, route planning, delivery time estimation and real-
time traffic assessment. As an alternative, Nominatim
(OpenStreetMap API) can be used for geocoding based
on open cartographic data, which is useful for custom
deployments or for avoiding licensing constraints. In
addition, the proposed system implements an algorithm
for identifying the nearest pickup point (PUDO) using
coordinates and a ZIP code. This improves the accuracy
of region and settlement identification.

Conclusions.

1. A hybrid rule-based and Al-driven approach for
last-mile delivery optimisation was developed. It en-
ables improvements in existing logistics processes and
increases the effectiveness of supply chain management
for delivering goods and services to the final recipient.

2. The proposed Smart Logistics information and
analytics system incorporates a carrier ranking model
based on combined KPIs (SLA, price, NPS). The mod-
el relies on the mathematical framework of the gener-
alised Harrington desirability function, which supports
a consistent transformation of heterogeneous indicators
into a single dimensionless quality scale within [0,1].
This overcomes the limitations of linear weighting and
increases the system’s sensitivity to critical deviations
from target values.

3. Practical validation using real operational data
from three Ukrainian regions (Kyiv, Lviv, Odesa) con-
firmed the method’s effectiveness. Substantial differ-
ences in carrier rankings were observed compared with
the linear approach, particularly in cases of unbalanced
KPIs. The desirability-function framework enabled an
objective assessment of carriers with different strategies,
such as service-quality orientation versus price-based
competition and supported the selection of an optimal
option while accounting for regional specifics.

4. Integrating the developed mathematical model
into the rule-based component of Smart Logistics auto-
mates the carrier selection process and provides a basis
for further refinement through an AI module. This
module can dynamically adapt KPI weights and desir-
ability-function parameters based on the analysis of ac-
tual delivery outcomes.

5. A personalised delivery logic based on a user be-
havioural profile was implemented. Combined with car-
rier optimisation via the desirability-function approach,
it supports a comprehensive improvement in logistics
service quality and enhances customer loyalty.
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MeTta. Po3po0Oka iHdopmaliliiHo-aHaTiTUYHOI CUC-
TeMu Smart Logistics I MiATPUMKU TPUUHATTS Pi-
1LIeHb Y 33Jla4ax ONTUMIi3allil JOCTaBKA OCTAHHbOT MUJIi
1 BUOOPY JIOTICTUUHUX MapTHEPiB HAa OCHOBI aHaJi3y
ornepauiiHUX JaHUX i GaraTOKpuUTepiaaIbHOIO OLiHIO-
BaHHS STKOCTI ITOCJIYT.

Metoauka. 3arpOrOHOBAHO IHTETPOBAHWIA MiaXis,
1110 TIOETHYE MiKPOCEPBiCHY apXiTEKTYpY, JOTIKy MpU-
MHSATTS pillleHb Ha OCHOBI MTpaBuUJI, T€OMPOCTOPOBI cep-
Bicu It MeTonM GaraToKpuTepiaabHOi onTuMizartii. s
arperyBaHHsI pi3HOPIAHUX TMOKAa3HUKIB e€(PEeKTUBHOCTI
nepeBi3HUKiIB (SLA, BapTicTh noctaBku Ta NPS) 3a-

CTOCOBaHa y3arajbHeHa (YHKIIisl 6a’kaHOCTi XappiHT-
TOHa, 1110 JO3BOJISE MPUBECTU MOKA3HUKHU Pi3HOT MPU-
pOIY 10 €AMHOI IIKAJIK OLIiIHIOBaHHS.

Pe3ynbTaTn. Po3pob6ieHa apxiTekTypa il aaropuT™Mu
¢yHKIioHyBaHHS cucteMu Smart Logistics, 1110 3a0e3-
MeYyITh aBTOMAaTU30BaHUI BUOIp TepeBi3HUKIB i Mif-
TPUMKY TEPCOHATI30BAaHMUX pillleHb y TpoIecax IO0-
CTaBKM. 3aIIpOIIOHOBaHA MOJIEJIb PAHKyBaHHS ITepEeBi-
3HUKIB Mpoilia anpoballito Ha peaJbHUX TaHUX JIO-
TICTUMHUX OTNepauliii y BeJIMKUX MicTax YKpaiHU.
OTpuMaHi pe3yabTaTy CBiIYaTh Mpo Te, L0 MiAXid Ha
OCHOBIi (byHKIIii 0axkaHOCTi MiABUILYE 00’ €KTUBHICTh
OLIIHIOBaHHSI TEPEeBi3HUKIB i MO3BOJISIE BpaxOBYyBaTU
perioHajbHi BiIMiHHOCTI B SIKOCTi HallaHHSI TIOCJIYT.

HaykoBa HOBM3HA. Y poOOTi 3aIIpONOHOBAHO Ti-
OpUIHUIA MiAXia A0 YIIPaBaiHHS JOTiICTUKOIO OCTAHHBOT
MMUJIi, 1110 iHTErPYE JIOTiKY NPUAHSITTS pillieHb Ha OCHO-
Bi IIpaBWJI, aHAJIITUYHY OOPOOKY IaHUX i OaraToKpure-
piasbHY OITUMI3allilo i3 BUKOPUCTAHHAM (PyHKIII Oa-
JKaHOCTi XappiHIrTOHA 151 OLIiHIOBaHHSI MePEBiI3HUKIB.

IIpakTuyna 3HaunmicTh. Po3pobiieHa cuctema Moxe
3aCTOCOBYBATUCS Y IU(MPOBUX JOTICTUUHUX TIATHOP-
Max Ta e-commerce-cepBicax IJis MiABUIIEHHS edeK-
TUBHOCTI JOCTaBKM, aBTOMaTH3allii BUOOPY MepeBi3HU -
KiB i agamnTallii JJOTICTUYHUX PillIeHb 10 perioHaJTbHUX
0CO0JIMBOCTEI PUHKY.

Kmouosi coBa: Smart Logistics, docmasxka ocman-
HbOI MUNL, 8UOIP Nepei3HUKA, N102ICMUYHA AHANIMUKA
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