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Anomalous disturbances including transport link failures, facility closures and abrupt capacity losses
significantly impair the performance of supply chains. Static network structures and constant safety-
stock policies are not adaptive to the development of unexpected disruption patterns. To the best of
our knowledge, this paper is the first to address shipment re-routing and inventory pre-positioning si-
multaneously in an integrated way for a multi-echelon supply chain under repeated stochastic disrup-
tions. The network is represented as a Markov Decision Process with state comprised of node-level
inventories, backorders and link status and actions determining shipment amounts on open routes and
pre-positioning at strategic nodes. The aim is to minimise long-term expected total cost, subject to
service-level constraints. Owing to high state–action dimensionality, DRIP-MDP is solved by applying
simulation-based approximate dynamic programming with value function approximation. The perfor-
mance is measured based on five metrics: the expected total cost (×105), the service level (%), unsatis-
fied demand (the units/period), average inventory (units) and a resilience index R. Comparative studies
involving four established policies (SS-FR, RTSP, IOP, MRH) demonstrate that DRIP-MDP attains
the lowest cost (0.78 compared to 1.00, 0.92, 0.95, and 0.89), the highest service level (97.8% versus
93.0–95.2%), and the least unmet demand (55 units/period versus 120, 100, 95, and 90). The average
inventory under DRIP-MDP is 1210 units, which is comparable to the baseline range of 1180–1400
units, while the resilience index has improved to 0.91, in contrast to the 0.78–0.85 range of existing
approaches. The results indicate that DRIP-MDP offers enhanced cost efficiency, service performance,
and resilience while avoiding unnecessary inventory expansion, hence presenting a viable solution for
disruption-aware supply chain operations.
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1. Introduction.

Nowadays global supply chains are confronted with a highly
volatile, uncertain, and disruption-prone setting such as nat-
ural disasters, pandemics, geopolitical tensions, infrastructure
breakdowns, and cyberattacks. These types of events have the
potential to instantly dampen production capabilities, shut down
key transportation routes, and skew demand patterns, which
can culminate in shipments being held up, unforeseen inven-
tory mismatches, and diminished service levels. Typical plan-
ning methods in Supply Chain Management (SCM) are based
on traditional, static network designs, fixed routing plans, and
predetermined safety-stock levels calibrated on “normal” op-
erations rather than extremely dynamic disruption events. As
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a consequence, we see many companies overspend on redun-
dancy and inventory or react to events from which they never
recover (e.g., severe unmet demand or extended times needed
for recovery). Within this backdrop, there has been a surge in
interest in analytical and intelligent decision-support tools that
explicitly model uncertainty over time, account for intricate re-
lationships between inventory and flows, and facilitate adaptive,
state-dependent control policies to improve cost effectiveness as
well as supply chain resilience [1].

The proposed work constructs a holistic dynamic re-routing
and inventory pre-positioning framework, called DRIP-MDP
(Dynamic Re-routing and Inventory Pre-positioning via Markov
Decision Process), for the problem of supply chains subject to
periodically occurring stochastic disruptions. In DRIP-MDP, a
multi-echelon (multi-stage) network is mathematically descri-
bed as an MDP with states representing the inventory and back-
logs at various points of the network as well as the status of
transportation links, and actions jointly make routing and pre-
positioning decisions [2]. The objective is to find the most
cost-effective action so that in expectation over the long run,
total cost is minimized subject to service-level constraints. In
order to deal with the huge state–action size space, we use a
simulation-based Approximate Dynamic Programming (ADP)
approach with value function approximation. The framework
is compared with four known policies and assessed by means
of five measures: expected cost, service level, unmet demand,
average inventory, and resilience index R [3].

The frequent and severe disruptions in global supply chains
lay bare the value of static network designs and fixed safety-
stock policies, leaving firms with a choice between expensive
redundancy and brittle, lean operations. Current models com-
monly consider dynamic re-routing and inventory pre - posi-
tioning as two separate problems, because decision-making for
flows and stock locations are not jointly optimized, taking into
account disruption risk. A lot of them are scenario-driven and
short-term and neglect to consider how today’s routing and in-
ventory policies can impact tomorrow on vulnerability and re-
covery speed. Although there is a large body of literature ad-
dressing sequential, state-dependent planning problems formu-
lated as Markov Decision Processes (MDPs), prior research in
supply chains usually addresses either inventory or routing ex-
clusively. The situation calls for a scalable disruption-conscious
MDP framework that is able to jointly coordinate the two levers.
Approximate Dynamic Programming (ADP) and Reinforcement
Learning (RL) alleviate the curse of dimensionality in such set-
tings, which inspired us to develop DRIP-MDP for cost-effective
optimization of service levels and resilience.

A workstream that has been taken up regards field disrup-
tion risk by considering inventory pre-positioning models for
scenarios. These studies apply two- or multi-stage stochastic or
mixed-integer programming to determine where and how much
stock should be pre-positioned over a multilevel network for
each disruption scenario to minimize the total cost of inven-
tory holding, shortfall/backorder costs, and facility / transporta-
tion costs while satisfying service level goals. Routing deci-
sions, however, are either deterministic or simplified and are
not adapted to subsequent moves as disruptions propagate over

time in the model. A second MDP-based inventory manage-
ment system for unreliable supplies or capacities is used in a
second stream. In such models, inventory stock and the Marko-
vian state of supply (supply level) are tracked while the pol-
icy specifies order quantities to minimize long-run cost in the
presence of random supply interruptions. While this scenario
demonstrates the power of MDPs in disruption-aware control,
routing is not explicitly modeled, and inventory pre-deployment
is either non-existent or highly stylized, which highlights the
need for a more holistic framework such as DRIP-MDP [4].

It is worth noting that the presented DRIP-MDP model ad-
vances over prior work by simultaneously considering dynamic
re-routing and inventory pre-positioning from an integrated end-
to-end perspective in a completely sequential state-dependent
way. Contrary to baseline pre-positioning models, which fail
to make reactive decisions and hence can only handle training
on a small set of pre-assumed disruption scenarios while hav-
ing the routing information fixed or simplified in them (during
all decision epochs), our method is able to not only monitor
during the whole course the system status (inventories, back-
logs, and link statuses) but also adjust both flows and stock po-
sitions with respect to all times. In contrast to inventory-only
MDP models in which supply is unreliable, the proposed model
generalizes both state and action spaces for an entire multi-
echelon network and decides explicitly not only how much to
order but also where to hold and how to move inventory un-
der stochastic disruptions. From an operational perspective, the
multi-echelon supply chain is formulated as an MDP with a cost
function that includes transportation expenses, holding costs,
shortage costs, and pre-positioning/disruption penalties; as ex-
act dynamic programming becomes infeasible, DRIP-MDP em-
ploys simulation-based Approximate Dynamic Programming to
build an approximation of the value function and refine policy
iteratively. When used, the learned DRIP-MDP policy acts as
a closed-loop controller: at each decision epoch, it takes the
current state of the network as input and produces coordinated
routing and pre-positioning decisions to minimize long-run ex-
pected cost in order to improve service levels and resilience [5].

The novelty of the proposed DRIP-MDP approach is to op-
timally control dynamic rerouting and inventory pre-positioning
concurrently, rather than separately optimized as in previous
work for disruption-prone multi-echelon supply chains under
a single MDP model. Different from previous approaches that
handle routing and prepositioning independently or adopt a static-
scenario-based formulation, DRIP-MDP simultaneously cap-
tures the interaction between inventory dynamics and link-level
disruptions over time and learns adaptive state-dependent poli-
cies through approximate dynamic programming. Its use al-
lows both where to hold and how to move inventory to be de-
cided collectively for the dynamic patterns of disruption at each
time, providing a joint optimization of cost, service level, and
resilience.

The major contribution of the proposed model is described
as follows:

1. The work formulates joint dynamic re-routing and inven-
tory pre-positioning in disruption-prone, multi-echelon
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supply chains as a single Markov Decision Process (MDP),
explicitly capturing inventories, backlogs, and link-level
disruption states in one coherent model.

2. DRIP-MDP control framework: It proposes DRIP-MDP,
an Approximate Dynamic Programming (ADP) based fra-
mework that learns adaptive, state-dependent policies for
routing and pre-positioning, overcoming the curse of di-
mensionality that limits classical dynamic programming
and multi-stage stochastic programming.

3. Coordinated routing–inventory decisions: The model en-
ables coordinated decisions on “where to hold” and “how
to move” inventory in response to evolving disruptions,
rather than optimizing inventory or routing in isolation
or using static scenario-based plans.

4. Comprehensive benchmarking: The proposed policy is
systematically compared against four representative base-
lines (SS-FR, RTSP, IOP, MRH) using a common testbed,
highlighting performance differences across multiple op-
erational regimes.

5. Multi-metric resilience evaluation: The study evaluates
performance using five key metrics (expected total cost,
service level, unmet demand, average inventory, and re-
silience index ??), demonstrating that DRIP-MDP simul-
taneously improves cost efficiency, service continuity, and
resilience without excessive inventory growth.

The rest of this paper is organized as follows. Section II
reviews related work on disruption-aware supply chains, in-
ventory pre-positioning, and MDP-based control. Section III
presents the proposed DRIP-MDP framework and the Approx-
imate Dynamic Programming solution procedure. Section IV
reports and discusses the numerical results. Section VII con-
cludes the paper and outlines future research directions.

2. Literature Survey.

Reference [6] develops a multi-objective two-stage stochas-
tic programming model with possibilistic parameters to co-optimize
pre-disaster relief item pre-positioning and multi-period post-
disaster distribution, where lateral transshipment between dis-
tribution centers is explicitly modeled to improve responsive-
ness and fairness. Computational results indicate that the model
can greatly minimize cost, reduce the priority of sharing allo-
cation, and accommodate transshipment to reallocate shortage
between regions, and the TH approach provides well-spread
Pareto-efficient solutions. In additional sensitivity analysis, we
have also obtained the effect of demand uncertainty, inventory
availability, and transshipment capacity on the system perfor-
mance. Nevertheless, the framework relies on scenario-based
and possibilistic representations, which may fail to completely
model extreme disaster volatility, and the computational cost
grows with network size.

In [7] the author firstly developed a simulation-driven de-
cision support model for optimal quantification and spatial al-
location of pre-positioned humanitarian inventory for seismic
events (i.e., optimal stock levels of hygiene kits, rolls, mats, and

tents) considering territorial characteristics such as administra-
tive references by population. The application of the model to
two past Italian earthquakes shows significant savings in pro-
curement, storage, transport, and fulfillment costs, as well as
a faster and more targeted emergency response if compared
with real-case operations. The results support the idea that pre-
positioning increases readiness and makes more efficient use of
disaster response, with evident cost and operational effects. Yet
the method relies on a network of historical data, local assump-
tions, and scenario realism, hampering generalizability across
different types of disasters or to risk dynamics that transform at
pace.

Reference [8] introduced a spreadsheet-based trade-offmodel
based on the operational context of Médecins Sans Frontières
to achieve a cost-effective prepositioning strategy of medical
items, having explicitly included Mean Time between Disas-
ters (MTBD), transport mode selections, inventory swap op-
tions, and end-of-shelf-life policies. When applied to a case
of cholera outbreak in Zimbabwe, the model shows the strong
impact of MTBD on optimal stock levels, timely replenish-
ment, and modality choice and also highlights financial ben-
efits due to joint use of emergency and regular program stocks,
respectively. The model provides a pragmatic decision sup-
port scheme for humanitarian agencies and managers to choose
prepositioning strategies across different disaster frequencies.
But its precision is limited by data accuracy, and significant un-
certainties like demand variability and lead time distributions
would benefit from a richer base of training data to generate the
statistical model.

The work [9] developed a mixed-integer linear program-
ming model that combines location, allocation, and routing de-
cisions considering perishable and imperishable goods. Their
proposed model was applied to both pre-positioning and post-
disaster distribution operations under multimodal transporta-
tion with different types of vehicles, considering constraints
related to delivery time windows, a shortage in demand seek-
ing suppliers via a scenario-based game theory approach, along
with the BWM-TOPSIS weight method. When applied across
multiple test cases and confirmed using the 2019 Iran flood, the
model is shown to have the capacity to trade off between cost
and reaction time in addition to outputting practical information
on facility placement/commodity routing/priority-based servic-
ing of demand points. Sensitivity analysis demonstrates how a
manager’s preference between speed and cost impacts network
configuration and performance. However, the generation of nu-
merous scenarios, in addition to parameter uncertainty and the
computationally demanding MILP formulation of the model,
may constrain scalability and real-time performance for large
or rapidly changing disaster environments.

Reference [10] presented a multi-stage stochastic program-
ming model to deal with the uncertain and time-varying disas-
ter demand in dynamic pre-positioning with multi-period pro-
curement and return decisions. Relative to three alternative ap-
proaches, computational analyses based on EM-DAT data in-
dicate that dynamic prepositioning uniformly lowers total cost
and achieves greater shortage risk reduction than single-stage
and non-return strategies. The findings also show the bene-
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fit of favorable return prices in reducing remaining unmet de-
mand and optimizing resource flexibility. Though the SAAM
methodology makes the model scalable to different sizes of
populations, performance of the model is sensitive to scenario
quality and underlying assumptions regarding data reliability
and assumptions on procurement and return pricing structures,
which can hinder generalization in extremely volatile or data-
poor disaster environments.

These works contribute to humanitarian logistics by build-
ing on more advanced models of pre-positioning and post-disaster
distributions, although they also indicate significant handicaps
that hamper practical deployment. While the proposed models
incorporate uncertainty, perishability constraints, multi-modality
in transportation, dynamic procurement policies, and equity con-
siderations, they are limited by the scarcity and unreliability of
high-quality data in disaster-prone regions. Most of those meth-
ods depend on the generation of scenarios, possibilistic assump-
tions, or historical records, which may not be able to reflect a
high degree of volatility and rapid evolution when real emer-
gency events happen. Various models require computationally
expensive mixed integer programming or multi-stage stochas-
tic formulations and thus are not scalable to large networks or
real-time decision settings. Some work also suffers from lim-
ited access to operational data, in particular with demand un-
certainty, lead times, and supply chain disruptions that limit the
level of precision and generalizability. Such limitations further
emphasize the need for flexible, data-driven, and computation-
ally efficient methods to aid field-level decision-making in very
dynamic humanitarian situations.

3. Proposed Methodology.

The proposed methodology, referred to as Dynamic Re -
routing and Inventory Pre-positioning via Markov Decision Pro-
cess (DRIP-MDP), formulates the multi-echelon supply net-
work under disruptive conditions as a Markov Decision Pro-
cess with states defined in terms of inventory and backlog lev-
els at each node and link disruption status, while actions are
used to simultaneously decide on shipping quantities over avail-
able routes and strategic intervention at nodes. The cost func-
tion, which consists of transportation, holding, shortage, pre-
positioning and disruption costs (penalties), is formulated with
the objective of minimising the infinite-horizon discounted ex-
pected cost under service-level guarantees. Since dynamic pro-
gramming is computationally intractable, DRIP-MDP uses a
simulation-based approximate dynamic programming with a lin-
ear value function to approximate the cost-to-go and minimise
one-step lookahead cost plus estimated downstream minimised
one-step ahead costs for policy improvement. We estimate the
value function parameters via TD updates on simulated tra-
jectories under typical demand and disruption scenarios, in-
terleaved with ϵ-greedy exploration to trade-off between learn-
ing and exploitation. Post training, the learnt DRIP-MDP pol-
icy functions as a closed-loop controller that, at each decision
epoch, observes the current state of the network and produces
coordinated routing and pre-positioning actions while its per-
formance is compared against four baseline policies along five

dimensions: expected total cost; service level; unmet demand;
average inventory; and resilience index R [11].

Figure 1: Block diagram of proposed model.

Source: Authors.

Fig. 1 illustrates the entire process of the DRIP-MDP frame-
work, which involves both offline training and online deploy-
ment. During the offline phase, network and scenario data are
utilised to first develop an MDP representation of the supply
chain and a simulation environment for generating stochastic
demand and disruption scenarios. This simulator steers the
ADP/TD-learning module to repetitively update the value func-
tion and hence refine the control policy, thus learning a trained
DRIP-MDP that maps system states into routing and pre - po-
sitioning actions. In the online level, we provide DRIP-MDP
with up-to-the-minute inventory and backlog levels and link
status information, for whom using the trained policy gener-
ates shipment and pre-positioning decisions. These choices are
realised on the network’s substrate, leading to changes in flows
and inventory.

A. MDP-Based Modeling of the Supply Chain.
Disruption-aware supply chain management is naturally a

sequential decision problem, as routing and inventory decisions
made in one period affect the future cost, service, and vulner-
ability. To account for such temporal dependency under un-
certainty, the proposed framework represents the supply chain
as an MDP. An MDP representation allows an explicit connec-
tion between the current working state of the network, applied
control actions and the stochastic development of demand and
disruptions. This further enables a principled approach to the
design of state-dependent policies that are optimised for long-
term performance, as opposed to simply myopic (or scenario-
specific) responses. In this paper, the MDP model is an analyt-
ical backbone which the DRIP-MDP control strategy is based
on [12].

The disruption-prone multi-echelon supply chain is mod-
eled as a discrete-time MDP defined on a directed graph G =
(N, E), where Ndenotes the set of nodes (suppliers, plants, dis-
tribution centers, and retailers) and Edenotes the set of trans-
portation links. Time is discretized into decision epochs t =
0, 1, 2, . . . , and at each epoch the system is described by a state
vector st. The state includes, for each node i ∈ N, the on-hand
inventory Ii,tand backlog Bi,t, and for each link e ∈ E, a bi-
nary disruption indicator Ze,t ∈ {0, 1}, where Ze,t = 1 denotes
an available link and Ze,t = 0denotes a disrupted link; addi-
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tional components such as effective capacity can be included
if required. The action attaken in state stjointly specifies ship-
ment quantities xe,talong all currently available links e ∈ Ewith
Ze,t = 1, implementing dynamic re-routing, and pre-positioning
quantities qi,tthat move inventory to selected nodes, subject to
flow balance, capacity, and budget constraints. The state transi-
tions are governed by inventory balance and disruption dynam-
ics: for each node i, the inventory evolves according to

Ii,t+1 = Ii,t +
∑

j:( j,i)∈E

x ji,t −
∑

k:(i,k)∈E

xik,t + qi,t − Di,t. (1)

where Di,tis the random demand at node iduring period t,
while link status Ze,tfollows a stochastic disruption–recovery
process (e.g., a Markov chain with given failure and repair prob-
abilities). The one-period cost function c(st, at)aggregates trans-
portation cost, holding cost on positive inventories, shortage or
backorder penalties on backlogs, pre-positioning cost for repo-
sitioned stock, and any additional penalty associated with using
disrupted or low-reliability routes. The control objective is to
determine a stationary policy π : S → Athat maps each state
stto an action at = π(st)and minimizes the infinite-horizon dis-
counted expected cost

min
π

Eπ

 ∞∑
t=0

γt c(st, at)

 , γ ∈ (0, 1). (2)

subject to service-level requirements at retailer nodes. This
MDP formulation provides the foundation for the DRIP-MDP
control policy developed using Approximate Dynamic Program-
ming.

B. DRIP-MDP control policy and value function approxi-
mation.

The DRIP-MDP control policy is constructed using a value-
function–based ADP approach to overcome the curse of dimen-
sionality inherent in large, disruption-prone supply chain net-
works. Instead of computing the exact value function V∗(s)for
all states s ∈ S, a parametric approximation V̂(s; θ)is intro-
duced to estimate the long-run expected cost-to-go from state
s, where θdenotes a vector of trainable parameters. The fea-
ture representation used in V̂(·; θ)aggregates relevant informa-
tion from the state, such as total and node-wise inventories and
backlogs, indicators of link availability or disruption, and struc-
tural properties of nodes (e.g., connectivity or route redundancy).
This enables the approximation to generalize across a large con-
tinuous or high-dimensional state space while capturing the main
drivers of cost and resilience [13].

Given a current approximation V̂(s; θ), the DRIP-MDP pol-
icy πθis obtained via one-step lookahead minimization. For an
observed state st, the policy selects an action atby solving

a∗t = arg min
a∈A(st)

{
c(st, a) + γ E

[
V̂(st+1; θ)

∣∣∣ st, a
]}
. (3)

where c(st, a) is the one-period cost and γ is the discount
factor. The expectation over the next state st+1 is approximated
using sampled demand and disruption realizations under the

known transition dynamics. This optimization problem enforces
all flow balance, capacity, and budget constraints and therefore
yields a feasible, state-dependent joint decision on dynamic re-
routing (shipment quantities xe,t) and inventory pre-positioning
(quantities qi,t).

The parameters θ are learned from simulated trajectories
using temporal-difference (TD) updates. After each transition
(st, at, ct, st+1), a TD error

δt = ct + γ V̂(st+1; θ) − V̂(st; θ).

is computed, and θ is updated by

θ ← θ + α δt ∇θV̂(st; θ).

where α is the learning rate. Policy evaluation (updating
θ) and policy improvement (solving the one-step lookahead to
update the decision rule) are alternated under an exploration
strategy (e.g., ϵ-greedy) until convergence criteria on value es-
timates and policy stability are met. The resulting DRIP-MDP
policy is a closed-loop control law that maps any observed state
of the disrupted supply chain to coordinated routing and pre-
positioning actions that approximately minimize long-run ex-
pected cost while maintaining required service levels.

C. Simulation-Based ADP Training Procedure.
The DRIP-MDP policy is learnt in an offline manner via an

approximate dynamic programming (ADP) approach based in
simulation that refines, iteratively, the value function approxi-
mation and control actions. The training set-up reproduces a
multi-echelon supply chain under typical demand and disrup-
tion conditions, enabling the algorithm to be subject to different
states of the world and realise response generation without im-
pacting real operations. Training: each run is composed of mul-
tiple episodes; an episode is defined as a finite planning horizon
starting from a random but feasible initial state (e.g., nominal
inventories and fully available or partially disrupted links) [14].

At each decision epoch within an episode, the current state
stis observed and an action atis selected according to an explo-
ration - enhanced policy, typically an ϵ-greedy variant of the
current DRIP-MDP policy: with probability 1−ϵ the action is
obtained by solving the one-step lookahead minimization

at = arg min
a∈A(st)

{
c(st, a) + γ E

[
V̂(st+1; θ)

∣∣∣ st, a
]}
.

and with probability ϵa perturbed or randomly sampled fea-
sible action is chosen to ensure sufficient exploration of the
state–action space. Given stand at, the simulator draws real-
izations of demand and disruptions according to the specified
stochastic models, updates inventories, backlogs, and link sta-
tus to produce the next state st+1, and computes the realized
one-period cost ct = c(st, at).

After each transition (st, at, ct, st+1), the value function pa-
rameters ?are updated using a temporal-difference (TD) learn-
ing rule. The TD error

δt = ct + γ V̂(st+1; θ) − V̂(st; θ).
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quantifies the discrepancy between the current value esti-
mate and the observed sample return, and the parameters are
adjusted via

θ ← θ + α δt ∇θV̂(st; θ).
where α is the learning rate. This constitutes the policy

evaluation step, gradually improving V̂ as more trajectories are
sampled. Periodically, a policy improvement step is performed
by re-solving the one-step lookahead problem using the updated
value approximation, thereby tightening the mapping from states
to routing and pre-positioning decisions.

Finally, the training process proceeds over many episodes
until specific convergence criteria are satisfied when it comes to
the simulated policy, like the stabilising average episode cost,
a bounding variance of the TD error, or an order of magni-
tude in regional deviation of the obtained induced policy. Post-
convergence is done when the learnt DRIP-MDP policy con-
tains the result of the simulation-based ADP training. The re-
sult obtained is an online decision rule, which can direct near-
optimal dynamic re-routing and inventory replacement actions
based on any seen state at a disrupted supply chain [15].

D. Online deployment and performance evaluation.
The DRIP-MDP policy is implemented as an online deci-

sion - support module of the supply chain planning system after
the offline training. In each decision epoch, the online state of
having a plan is realised based on operational information such
as available on-hand inventory and backlog at all nodes and ob-
served availability stage on transportation links. This state vec-
tor is provided to the learnt policy, which leverages one-step
lookahead based on value functions to predict a recommended
action, i.e., shipment quantities along available routes (dynamic
re-routing) and inventory pre-positioning handouts to selected
nodes. The decisions are checked against constraints and exe-
cuted or propagated to the planner with no additional learning
or exploration in action.

Extensive simulation experiments on a typical multi-echelon
network are conducted to assess the performance of the de-
ployed DRIP-MDP policy, which is benchmarked against three
state-of-the-art strategies: static safety stock with fixed rout-
ing (SS-FR), robust two-stage stochastic programming (RTSP),
inventory-only pre-positioning (IOP) and myopic re - routing
heuristic (MRH). For each policy, long-term simulations with
several demand and disruption scenarios generate five perfor-
mance metrics: expected total cost (*10?), service level, unmet
demand (units/period), average inventory (units), and a recov-
ery index describing resumption to normal service after disrup-
tions. We observe that the online DRIP-MDP policy consis-
tently incurs a lower cost, provides higher and more stable ser-
vice levels, yields a lower unmet demand level and shows bet-
ter resilience while requiring moderate inventory for achieving
performance parallel to the best-known offline performance on
real-world disruption-aware supply chain problems [16].

4. Results And Discussion.

Experimental results of the proposed DRIP-MDP frame-
work are presented and analysed in this section. The optimisa-

tion is based on five performance characteristics: expected total
cost, service level, lost sales unmet demand, average inventory
and the resilience index R. We compare the DRIP-MDP against
four baseline policies (SS-FR, RTSP, IOP, and MRH) on dif-
ferent disruption scenarios in a generic multi-echelon supply
chain testbed. Quantitative results are consolidated and visu-
alised with tables and figures for the different algorithms. We
evaluate the effectiveness and robustness of the model based on
these performance results [17].

Table 1: Performance comparison of DRIP-MDP with existing
algorithms.

Source: Authors.

Table 1 presents the quantitative comparison results in terms
of all five evaluation metrics for all algorithms. The expected
total cost of the proposed DRIP-MDP (0.78×105) is lower than
those of the static and heuristic baselines, demonstrating that
it is more cost-effective. It also has the highest service level
(97.8%) and the lowest unmet demand (55 units/period), which
means it reduces cost without sacrificing customer service. Av-
erage inventory under DRIP-MDP (1210) is less than or equiv-
alent to that of the current procedures, indicating that profits are
not derived from excessive stock-keeping. Finally, DRIP-MDP
achieves the maximum resilience index, which outperforms all
other competing policies by recovering quicker and more resis-
tively from disruptions.

Figure 2: Expected total cost (×105) comparison between ex-
isting policies and the proposed DRIP-MDP.

Source: Authors.

Figure 2 shows the expected total cost (×105) for existing
policies (blue line) and the proposed DRIP-MDP (orange line)
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over various algorithm/scenario indices. For each index (SS-
FR, RTSP, IOP, MRH and Proposed Model), the orange line is
under the blue one, which suggests that with DRIP-MDP, we al-
ways have a lower cost than other existing strategies. The most
expensive point appears to be SS-FR, and both curves in general
tend to decrease as more intelligent decision policies are lever-
aged. Even in instances where an algorithm that is currently
available, e.g., MRH, lowers the cost when compared to static
algorithms, DRIP-MDP results in a better curve within their
comparison. This margin is due to the aforementioned cost sav-
ings achieved by taking into account both routing and inventory
pre-positioning simultaneously, in a coordinated manner within
the MDP. In the last proposed DRIP-MDP, cost-level values are
reached again, presented by the minimum point in the figure
whose low reflects a higher economic efficiency in the face of
disruptions [18].

Figure 3: Distribution of service levels.

Source: Authors.

Figure 3 depicts the service level distribution obtained by
various algorithms. The mass tends to be around the mid-90%,
which mirrors the typical performance of the reference policies.
However, one particular point of the distribution (around 98%)
has been more present than others, and it corresponds to this
DRIP-MDP that requires less but at a better service level. The
percentage plot shows that about 40% of the runs are around
95%, whereas quite some runs get into the highest service-level
bucket, due again to DRIP-MDP. On the whole, the figure indi-
cates that the introduced scheme not only preserves its prevalent
performance around the 95% service level, but it also moves
part of the distribution toward perfect services and, as a result,
endows both the means and the tails with goodness.

Figure 4: Unmet demand time series, test prediction, and future
forecast under the proposed DRIP-MDP.

Source: Authors.

Figure 4 illustrates the unmet demand (units/period) over
the time series of training and testing, as well as forecast hori-

zons. The historical training data are shown in the blue curve,
which oscillates between about 13 and 28 units of unmet de-
mand, showing a clear trend across time. The green part is the
testing period, and the black dashed line indicates the model’s
predictions within the same horizon; close overlap between these
two traces suggests good capacity for capturing unmet demand
dynamics by the model. The red dashed segment shows the
forecast of the future under the learnt DRIP-MDP policy, ex-
hibiting a descending trend and convergence toward lower un-
met - demand levels compared to the past periods. This be-
haviour indicates that DRIP-MDP will help to drive the mag-
nitude and volatility of shortages down for future operations; it
should yield a more reliable service performance once deployed
[19].

Figure 5: Average inventory profile across algorithms with
EMA smoothing.

Source: Authors.

Figure 5 compares mean inventory levels under different al-
gorithms. The true average inventory is plotted in the blue line,
and the orange line shows an exponentially weighted moving
average (EMA, span = 3) to accentuate trends. Inventory builds
slowly from SS-FR to RTSP, then jumps higher still as we drop
to IOP starvation by imposing the highest attachment and so
stocking the largest inventory (as indicated at the top of this
curve). As we move from IOP to MRH and then to the pro-
posed model (DRIPMDP), both true and average inventory lev-
els are reduced, reflecting a tendency toward more dynamic sys-
tem control against stockpiling. Note in the right-hand side of
the figure, it reasserts that DRIP-MDP holds lower inventory
than all the methods, which makes us conclude that our policy
both reduces cost and improves service level without holding
high stocks.

The resilience index for all the algorithms is shown in Fig-
ure 6, with a target minimum value of R = 0.80 indicated as a
horizontal dashed line. The blue solid line demonstrates the im-
provement of resilience from static SS-FR policies (below the
target value) over RTSP and IOP policies (both above thresh-
old) to MRH in terms of \rho. The red diamond corresponds
to the DRIP-MDP point, highlighting that our method achieves
the highest resilience index among all algorithms and is con-
siderably over the target line. The shaded region indicates the
lower-than-target range and shows that only the most dynamic
policies operate in this desired resilience range consistently. In
general, it can be verified that DRIP-MDP has the most pow-
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Figure 6: Resilience index R across algorithms with target
threshold and proposed DRIP-MDP.

Source: Authors.

erful disruptive coping and recovery ability among competitive
strategies.

Experimental results demonstrate that the (DRIP-MDP) pol-
icy proposed herein significantly outperforms all four bench-
mark policies (SS-FR, RTSP, IOP, MRH) on the entire per-
formance measure set. DRIP-MDP leads to the least average
total cost while at the same time having the highest service
level and lowest unmet demand (comparison table, cost plot
and demand plot). The average inventory profile shows that
these gains are achieved without much stock being held: the
inventory level under DRIP-MDP is just equal to, or less than,
that of the best existing policy and far lower than that of IOP,
making benefits not from delaying retail orders. Finally, the
R curve indicates that DRIP-MDP has better resilience than
the target threshold and is strictly greater than all other base-
lines. Taken together, these results confirm that the coordina-
tion of dynamic re-routing and inventory pre-positioning via an
MDP/ADP-based model provides a better trade-off between ef-
ficiency, serving performance, and resilience [20].

Conclusions.

This paper concerned the disruption management problem
in multi-echelon supply chains to simultaneously solve dynamic
re-routing and inventory pre-positioning. The DRIP-MDP frame-
work describes the supply chain as a Markov Decision Process
with states representing inventory levels, backlogs and link-
status information, and actions being shipments and pre - posi-
tioning decisions governed by capacity constraints and budget
restrictions. To circumvent the curse of dimensionality, DRIP-
MDP uses a simulation-based ADP approach featuring value
function approximation and one-step look-ahead to give rise to
state-dependent policy which can be used as a real-time closed-
loop controller. Comprehensive simulation experiments show
that DRIP-MDP achieves MAH values over four representative
baselines (i.e., SS-FR, RTSP, IOP, and MRH) with respect to
five performance metrics. The newly introduced policy has the
smallest expected total cost, highest service level and least un-
met demand among existing algorithms, and it results in a mean
inventory at or below that of all other methods. Furthermore,
the resilience index R found that DRIP-MDP achieves more

rapid and complete recovery from disruptions than all other
competing strategies, meaning that the combined routing–pre-
positioning design has improved both efficiency and robustness
rather than sacrificing one for the other. Future lines of work
will do the extension to multiple products and firms in which
coordination among decentralised decision-makers is needed as
well as learning from real operational data of derivative disrup-
tion parameters. Another potential direction can be the incor-
poration of environmental objectives as metrics, e.g., carbon
emissions, in cost parameters for joint economic and sustain-
ability optimisation.
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