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1|Introduction    

The blood supply chain is a lifeline to modern health care systems, directly supporting and maximizing patient 

survival. Because an artificial substitute has not yet been developed, every unit of blood must be drawn by 

voluntary donation, tested, separated into red cells, platelets, and plasma, and refrigerated under strict 

temperature controls. Final products pass through a hierarchical system of fixed donor centers and mobile 

donor sites, regional blood banks, and specialized distribution centers to hospitals. 

This network is very sensitive; blood components perish quickly, supply and demand fluctuate with seasons, 

donor drives, or random disasters, and each transfusion must satisfy ABO–Rh compatibility. Even in regular 

conditions, orchestrating shortage risk versus outdating requires constant strategic and operational planning. 

During emergencies such as the 2003 Bam earthquake, where only 23% of the 108 000 units contributed were 

used, or the COVID-19 outbreak that cut donations by as much as 30%, such issues are evident [1].  
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Earlier studies have addressed parts of the problem using deterministic cost minimization, two-stage 

stochastic programming, or robust optimization to mitigate extreme shocks. None of them, however, adopted 

multi-product flows, perishability, blood-type matching, and a multilayer network structure within a single 

integrated framework. 

In this work, we first simulate a blood-layer network that includes collection sites, a central hub bank, regional 

banks, and end-user hospitals. A robust optimization method then places product-age limits and demand-

supply variance under worst-case pandemic-like scenarios. The model pursues two objectives: minimum 

response time and total cost, and uses an enhanced ε-constraint approach to generate the Pareto frontier. 

Validation uses real-world data from the Tehran Blood Transfusion Organization. 

The remainder of the paper is structured as follows. Section 2 discusses important research on blood chain 

modeling. Section 3 introduces the methodology and proposed robust, multi-product optimization. Section 

4 gives Tehran data and numerical results, and Section 5 offers conclusions and recommendations for further 

research. 

2|Literature Review 

At the beginning of the 2000, researchers relied on deterministic models with fixed demand, supply, and travel 

times. Katsaliaki [2] showed that simple inventory policies could deliver substantial savings. To better capture 

uncertainty, two-stage stochastic programming emerged. Najafi et al.’s chance-constrained formulation [3] 

reduced shortages, spoilage, and emergency transfers, while Xu and Szmerekovsky [4] decoupled strategic 

and operational decisions to improve resilience across demand scenarios. Zhang et al. [5] later used a Markov 

decision process for platelet allocation, cutting wastage by about 20 %. 

Robust optimization was then adopted to protect against worst-case conditions. Ben Tal and Nemirovski [6] 

demonstrated that robust solutions sustain performance without sacrificing quality under data uncertainty. 

Building on this idea, Jabbarzadeh et al. [7] developed Iran’s first disaster-ready blood network, and Hamdan 

and Diabat [8] utilized disruption scenarios and a Lagrangian approach to reduce worst-case delivery cost and 

time by up to 40 %. This paper serves as a base paper for the present research. Recent work has shifted 

toward hybrid, flexible formulations. Khalilpourazari and Hashemi Doulabi [9] introduced a fuzzy-interval-

based robust model with chance constraints, and Tirkolaee et al. [10] applied possibilistic programming during 

the COVID-19 pandemic. For post-disaster relief, Entezari et al. [11] proposed a bi-objective stochastic 

routing model that reduced shortages by 53%, while Abdolazimi et al. [12] built a multi-objective, data-driven 

network using Benders decomposition for pandemic conditions. 

While these advancements exist, the deficit lies in an integrated model that simultaneously covers all of the 

prominent products, platelets, red cells, and plasma, properly considers product age and perishability, is robust 

under pandemics or crises, and keeps total cost at a minimum in relation to response time. This deficit is 

addressed through our work by developing a two-objective, multi-product robust optimization model, 

validated with real data from the Tehran Blood Transfusion Organization. 

3|Methodology 

In this section, we present our multi-objective blood supply chain and two-stage robust optimization model 

for Tehran’s blood supply network, using an augmented ε-constraint to balance cost and delivery time under 

uncertainty. 

3.1|Overall Description 

We develop a two-stage, multi-product optimization model for the blood supply chain in Tehran that 

encompasses the entire donor-to-patient process. The system is to be a four-tiered architecture: 1) a donation 

tier that combines mobile donations with fixed donation points, 2) a processing tier where whole blood is 

separated into red cells, platelets, and plasma, 3) a storage tier comprised of a single central hub bank and a 
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few regional banks, and 4) a demand tier comprising receiving hospitals. Stage one, strategic choices—pre-

made before the appearance of any uncertainty—choose which permanent centers to open. Once an 

uncertainty scenario occurs, stage two, operating decisions, place the mobile facilities, truck raw blood, and 

components through the network, manage inventory stock across age classes, deliver orders to hospitals, and 

discard old units. The model concurrently minimizes overall cost (transport, holding, shortage and wastage, 

fixed cost) and network response time, trading off cost as the objective function against an extended ε-

constraint for travel time to outline the Pareto frontier. Robust optimization techniques are incorporated to 

keep the solution viable under extreme supply and demand shocks such as earthquakes or pandemics. All 

parameters are normalized using simulation-based estimates from the Tehran Blood Transfusion 

Organization; thus, the resultant framework is always in contact with operational reality and ready to be tested 

in practice. 

3.2|Mathematical Model Formulation 

In this section, we present the mathematical formulation of the problem under study. 

3.2.1|Notations 

Sets: 

Parameters: 

I Set of blood donors, indexed by i = 1, …, |I| 

J Set of temporary collection posts, indexed by j = 1, …, |J| 

P Set of permanent collection centres, indexed by p = 1, …,|P| 

K Set of all blood banks, indexed by k = 1, …, |K| 

K¹ ∈ K central (hub) processing bank 

K² ⊆ K set of regional (nonhub) banks 

H Set of hospitals, indexed by h = 1, …, |H| 

B Set of blood groups (O⁺, O⁻, …), indexed by b ∈ B 

F Set of blood components (red cells, platelets, plasma), indexed by f ∈ F 

T Set of planning periods, indexed by t 

S Set of uncertainty scenarios, indexed by s 

A Product age levels, indexed by a 

E Valid component age pairs {(f,a) | a ≤ Lf + 1} 

DONts
ib Maximum donors in region i with blood group b in period t under scenario s 

DEHbts
hf  Demand at hospital h for component f and blood group b in period t under scenario s 

CPFps Capacity of permanent collection centre p under scenario s 

CMFjs Capacity of mobile blood collection j under scenario s 

CDFks Direct donation capacity of Bank K under scenario s 

STBk Total storage capacity of Bank K 

FCPp Fixed cost to open or activate the center p 

FCMj Fixed cost to set up mobile blood collection j 
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Decision variables: 

CJMij Transport cost per whole blood bag from donor i to mobile blood collection j 

CPPip Transport cost per whole blood bag from donor i to center p 

CKDik Direct transport cost per bag from donor i to bank k 

CPDpk1 Transport cost per bag from the center p to the central bank k1 

CJDjk1 Transport cost per bag from mobile blood collection j to central bank k1 

CXDk2k1 Transport cost per whole blood bag from nonhub bank k2 to central bank k1 

CDXfk2
k1

Transport cost per product f from central bank k1 to nonhub bank k2 

CKHfh
k Transport cost per product f from bank k to hospital h 

TJMij Travel time from donor i to mobile blood collection j 

TPPip Travel time from donor i to center p 

TKDik Travel time from donor i to bank k 

TPDpk1 Travel time from the center p to the central bank k1 

TJDjk1 Travel time from mobile blood collection j to central bank k1  

TXDk2k1 Travel time from nonhub bank k2 to central bank k1 

TDXfk2
k1

Travel time for product f from k1 to k2 

TKHfh
k Transport cost per product f from bank k to hospital h 

CHPf Holding cost per unit of product f per period 

CSPf Shortage cost per unit of product f at the hospital 

CWPf Waste cost per unit of product f after expiration 

MATbp

bd Compatibility matrix entry (1 if donor group bp can serve demand bd) 

PNLbp

bd Penalty for using an incompatible donor group bp for demand bd 

Lf Shelf life of product f 

αk1
f Conversion rate from whole blood to product f at central bank k1 

Ps Probability of scenario s 

n The maximum number of centers that can be opened 

N Maximum number of active facilities for donors 

M Big-M 

xp 1 if permanent collection center p is opened, 0 otherwise. 

zts
j

 1 if mobile blood collection j is active in period t under scenario s, 0 otherwise. 

apts
ip 1 if whole‐blood allocation from donor i to center p is used in period t, scenario s, 0 

otherwise. 
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Objective functions: 

ajts
ij 1 if whole‐blood allocation from donor i to mobile blood collection j is used in period t, 

scenario s, 0 otherwise. 

akts
ik 1 if whole‐blood allocation from donor i to bank k is used in period t, scenario s, 0 otherwise. 

pcts
pk1

1 if allocation from center p to hub bank k¹ is used in period t, scenario s, 0 otherwise. 

jcts
jk1 1 if allocation from mobile blood collection j to hub bank k¹ is used in period t, scenario s, 0 

otherwise. 

clts
k2k1 1 if allocation from bank k² to central bank k¹ is used in period t, scenario s, 0 otherwise. 

khts
kh 1 if allocation from bank k to hospital h is used in period t, scenario s, 0 otherwise. 

qpbts
ip Units of whole blood of group b from donor i to centre p in period t, scenario s 

qjbts
ij Units of whole blood of group b from donor i to mobile blood collection j in period t, 

scenario s. 

qkbts
ik

Units of whole blood of group b from donor i to bank k in period t, scenario s. 

qcbts
pk1

Units of whole blood of group b from centre p to hub bank k¹ in period t, scenario s. 

qmbts
jk1

Units of whole blood of group b from post j to hub bank k¹ in period t, scenario s. 

qlbts
k2k1

Units of whole blood of group b from regional bank k² to hub bank k¹ in period t, scenario s. 

qbbats
k1k2f Units of component f (group b, age a) sent from hub bank k¹ to regional bank k² in period t, 

scenario s. 

qhbpats

khfbd Units of component f (donor group bₚ, age a) sent from bank k to hospital h for demand 

group bd in period t, scenario s. 

iats
kfb

Inventory of component f, group b, age a at bank k at end of period t, scenario s. 

wats
kfb

Wasted units of component f, group b, at age a=Lf +1 at bank k in period t, scenario s. 

shats
hfb

Shortage of component f, group b at hospital h in period t, scenario s. 

min f1 =  ∑ FCPp

p

xp + ∑ FCMj

j,t,s

zts
j

 

+ ∑ (

i,b,t,s

∑ CPPip

p

qpbts
ip

+ ∑ CJMij qjbts
ij

j

+ ∑ CKDikqkbts
ik

k

) 

+ ∑ (

k1,t,s

∑ CPDpk1

p,b

qcbts
pk1

+ ∑ CJDjk1  qmbts
jk1

j,b

+ ∑ CXDk2k1qlbts
k2k1

k2,b

) 

+ ∑(

t,s

∑ CDXK1fK2

e,k,b

qbbats
k1k2f + ∑ CKHkfh qhbpats

khfbd

r,k,h,b

)

+ ∑(

t,s

∑ CHPf

k,f,b,a

iats
kfb + ∑ CSHf shbts

hf

h,f,b

+ ∑ CWPfw(Lf+1)ts
kfb

k,f,b

)

+ ∑ (

e,k,b,h,t,s

PNLbp

bd + Lf − (a − 1))qhbpats
khfbd . 

(1) 
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The first objective, F1, consolidates all cost components of the blood supply network into a single expression: 

it sums the fixed opening costs of mobile and temporary collection centres; the transportation costs of whole 

blood from donors to permanent centres, mobiles, and banks the shipping costs of processed components 

to the central hub (k1) and onward to regional banks (k2);  the delivery costs from banks to hospitals; and 

finally the combined inventory holding, shortage penalty, waste costs, and penalties for blood group matches 

or near expiry units. 

The second objective, F₂, captures the system’s total transport time: it aggregates the travel times for moving 

whole blood from donors to all collection points and banks, the transit of processed components from the 

hub k1 to each regional bank k2, and the final distribution to hospitals. Minimizing F2 thus optimizes both 

network design and routing to reduce delivery times for blood and its products. 

Constraints: 

min f2 =  ∑(

t,s

∑ TPPip

i,p,b

qpbts
ip

+ ∑ TJMij qjbts
ij

j,j,b

+ ∑ TKDikqkbts
ik

i,k,b

) 

+ ∑ (

k1,t,s

∑ TPDpk1

p,b

qcbts
pk1

+ ∑ TJDjk1  qmbts
jk1

j,b

+ ∑ TXDk2k1qlbts
k2k1

k2,b

)

+ ∑ TDXK1fK2

k,f,b,a,t,s

qbbats
k1k2f + ∑ TKHfh

k

k,f,b,a,t,s

qbbpats
khfbd . 

(2) 

∑ xp ≤ n.

p

 (3) 

∑ zts
j

≤ N − n,

j

                                     ∀ t, s. (4) 

apts
ip

≤ xp,                                                ∀ i, p, t, s. (5) 

ajts
ij

≤ zts
j

,                                                 ∀ i, j, t, s. (6) 

∑ ajts
ij

+ ∑ apts
ip

+

p

∑ akts
ik

k

≤ 1,    ∀ i , t, s.

j

 (7) 

pcts
pk1

≤ xp,                                             ∀ p, t, s. (8) 

jcts
jk1

≤ zts
j

,                                               ∀ j, t, s. (9) 

∑ khts
kh

k

≤ 1,                                          ∀ h, t, s. (10) 

∑ qpbts
ip

≤

i,b

CPFpsxp,                            ∀ p, t, s. (11) 

∑ qjbts
ij

≤

i,b

CMFjszts
j

,                             ∀ j, t, s. (12) 

∑ qkbts
ik ≤

i,b

CDFks,                                ∀ k, t, s. (13) 

qjbts
ij

≤ DONts
ibajts

ij
,                                ∀i, j, b, t, s. (14) 
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qpbts
ip

≤ DONts
ibapts

ip
,                             ∀i, p, b, t, s. (15) 

qkbts
ik ≤ DONts

ibakts
ip

 ,                                  ∀ i, k, b, t, s, (16) 

qcbts
pk1

≤ M pcts
pk1

,                                        ∀i, k1, b, t, s. (17) 

qmbts
jk1

≤  Mjcts
jk1

,                                         ∀j, k1, b, t, s. (18) 

qhbpats
khfbd ≤ M khts

kh,                                     ∀ k, h, f, bd,bp, a, t, s. (19) 

∑ qpbts
ip

i

= qcbts
pk1

,                                       ∀ p, b, k1, t, s. (20) 

∑ qjbts
ij

i

= qmbts
jk1

 ,                                       ∀ j, b, k1, t, s. (21) 

qlbts
k2k1

≤ M clts
k2k1

,                                        ∀ b, k1, k2, t, s. (22) 

∑ qkbts
ik

i

= qlbts
k2k1

,                                      ∀ k1, k2, b, t, s. (23) 

∑ iats
kfb ≤

f,b,a

STBk ,                                           ∀ k, t, s. (24) 

WBbts
k1

= ∑ qmbts
jk1

j

+ ∑ qcbts
pk1

p

+ ∑ qlbts
k2k1

k2

+ ∑ qkbts
ik1

k1

,

INk1ts
fb = αf WBbts

k1
,

OUTk1ts
fb = ∑ qhbpats

k1hfbd

h,bd

+ ∑ qbbats
k1k2f.

k2

 

∑ iats
k1fb

Lf

a=1

+ w(Lf+1)ts
k1fb = ∑ INts

fb

T

t=1

− ∑ OUTk1ts
fba ,      ∀ k1, f, b, t, s.

a,t

(25) 

INk2ts
fb = qbbats

k1k2f,

OUTK2ts
fba = ∑ qhbpats

k2hfbd

h,bd

.
 

∑ iats
k2fb

Lf

a=1

+ w(Lf+1)ts
k2fb = ∑ INk2ts

fb

T

t=1

− ∑ OUTk2ts
fba

a,t

, ∀ k2, f, b, t, s. (26) 

wbts
kf = ∑ ia(t−1)s

kfb

Lf

a=1

 ,                            ∀ k, f, b, t, s. (27) 

∑ qhbpats
kfbd ≤

bp,a

∑ iats

kfbp ,

bp,a

                     ∀ k, h, bd , t, s. (28) 



Designing a blood supply chain network: A bi‐objective robust optimization approach 70

Constraints (3)–(11) specify the basic network topology and the admissible shipment routes for each period 

and scenario. They require that at most n fixed collection posts are open and at most N–n mobile posts are 

in use, that any donor donates blood down at most one open outward path, that center or post deliveries to 

the central hub bank occur only if the nodes are open, and that each hospital be served by exactly one bank. 

They also restrict the inflow of whole blood to set centers, mobiles, and direct transfers from banks by their 

capacities. Constraints (12)–(16) connect inbound flows to the actual number of available donors or the 

activation status of each path, preventing any flow that lacks donor supply or is not permitted by the path. 

With Big-M logic, Constraints (17)–(19) also prohibit outbound shipments from centers, posts, or banks to 

hospitals except when the relevant binary "allocation" variable is activated. Flow balance constraints (20) and 

(21) require the input and output totals to agree exactly at all fixed centers and mobile posts. Constraints (22) 

and (23) do the same for deliveries to and from the central node to and between region banks, and Constraint 

(24) forces the total capacity in each bank. Inventory and waste balances in the hub and regional banks are 

imposed by Constraints (25) and (26), which balance incoming, outgoing, and expired units; Constraint (27) 

balances any end-of-period stock that becomes waste in the next period. Constraints (28) and (29) prevent 

shipping more units than currently in inventory to hospitals or between banks.  Constraint  (30)  ensures that the 

demand for each blood product at hospitals is satisfied through supplied units and allowable shortage levels 

across all periods and scenarios. 

Finally, Constraints (31) and (32) are constraints on the sign of the variables. 

3.3|Conversion to a Single-Objective Model 

To formulate the bi-objective model into a single objective and identify the Pareto frontier, we apply the 

augmented ε-constraint approach. The F1 cost function is used as the main objective, and the delivery time 

function of F2 is used as a constraint with an upper limit ε as the delivery time tolerance. It implies that the 

initial two-objective formulation is reduced to the following: 

∑ qbbats
k1k2f ≤

k2,a

∑ iats

kfbp

bp,a

,                      ∀ k1, f, t, s. (29) 

∑ qhbpats
kfbd

k,bp,a

+ shbts
hf = DEHts

hfbd ,   ∀ h, f, bd, t, s. (30) 

xp, zts
j

, apts
ip

, ajts
ij

, akts
ik, pcts

pk1

, jcts
jk1

, clts
k2k1

, khts
kh ∈  {0,1},          ∀ i, p, j, k, h, t, s. (31) 

qpbts
ip

, qjbts
ij

, qkbts
ik , qcbts

pk1

, qmbts
jk1

, qlbts
k2k1

, qbbats
k1k2f,

qhbpats
khfbd , iats

kfb, wats
kfb, shats

hfb ≥ 0 , ∀ i, j, p, k, h, b, a, t, s.

(32) 

min
x

F1(x) +  δ
S1

r1
, 

(32) 
s.t. 

F2(x) + S1 = ϵ. 

𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 (3) − (31).  
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3.4|Robust Model 

Aghezzaf et al. [13] suggest a robust optimization approach that incorporates a deterministic model into a 

two-stage stochastic program. Let S = {1, …, |S|} be the set of scenarios with probabilities ps. One would 

like to determine decisions x ∈ X that are good on average and under worst-case conditions by solving: 

Here, ξs
∗ is the optimal cost when situations occur in the deterministic model, and ξs is the actual cost when s 

is encountered. The parameters μ and λ balance worst-case robustness (μ large) against expected value (λ 

large). 

In the Eq. (33), ξs represents the value of the first objective function. 

The objective function (33) can be linearized by letting Q =  max
s

(ξs − ξs
∗) and, incorporating the constraints 

This results in the following optimized formulation: 

Finally, we have the final model: 

3.5|Demand Distribution 

To evaluate the performance and robustness of our proposed model under various scenarios, we developed 

a synthetic dataset that best captures the statistical behavior of true demand observations. This argument was 

accomplished in two main steps: 1) identifying the best fit distribution: we used various families of 

distributions (e.g., Normal, Lognormal, etc.) with the Python Fitter library to fit the empirical data and selected 

the best goodness of fit, and 2) generation of synthetic data: we generated the sample from the selected 

distribution using its estimated parameter to create the simulation dataset. To assess whether the synthetic 

data fit the empirical pattern, we used the Kolmogorov–Smirnov test. The test calculates the statistic D as the 

supremum of the absolute difference between the empirical and theoretical cumulative distribution functions 

and provides the corresponding p-value. 

min
x

μ max
s

(ξs − ξs
∗) + λ ∑ Ps

s

ξs, 

(33) 
s. t.  

x ∈ X. 

Q ≥ ξs − ξs
∗, ∀ s ∈ S.  

β = min μ . Q + λ. ∑ Ps

s

ξs, 

(34) 
Q ≥ ξs − ξs

∗, ∀ s ∈ S. 

s. t. 

(3) − (32).

min β +  δ
S1

r1
, 

(35) 
s. t.  

F2(x) + S1 = ϵ,

Q ≥ ξs − ξs
∗, ∀ s ∈ S,

𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 (3) − (31).
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I. Null hypothesis (H₀): the data follow the selected distribution. 

II. Alternative hypothesis (H₁): the data do not follow the selected distribution. 

We set the significance level to α = 0.05. If the p-value ≥ α, we do not reject H₀ and the distribution is deemed 

acceptable for simulation; otherwise, we reject H₀ and exclude that distribution. 

Table 1. Distribution fitting results. 

 

4|Data Overview and Numerical Results 

In this section, we first describe the Tehran case study and data sources, then outline the implementation 

setup, and finally present key numerical results and Pareto analyses to demonstrate the model’s performance. 

4.1|Case Study 

To validate our model, we conducted a case study of the blood supply chain in Tehran. The city has 22 regions 

and six permanent blood donation sites. Additionally, 13 other regions were considered potential locations 

for temporary donation booths. The network comprises four blood banks: 

Vasal Blood Bank is the central bank, and three regional banks serve storage and hospital delivery. The latter 

three are also capable of direct collection. We selected 25 hospitals, one from each region except Region 6, 

as local demand nodes. Donor-center capacities were obtained from the Iran Blood Transfusion 

Organization's bed statistics, and transport distances and costs were estimated using Google Maps data. 

Throughout this case study, we did our best to replicate real‐life circumstances as closely as possible. The 

model's structure and parameters were thus perfectly fitted to Tehran's current blood supply system. 

4.2|Implementation and Results 

The model was implemented in Python using the Pyomo library and solved with the CPLEX optimizer on a 

laptop with an Intel Core i7-13650HX processor and 32 GB RAM. Two configurations were tested: the first, 

where blood group substitution is performed according to ABO–Rh compatibility rules, and the second, 

where any substitution is not allowed. The numerical result is shown with the Pareto frontier plot. 

D = sup
x

|Femprical(x) − Ftheroretical(x)|.  (36) 

S Prod. Dist. Params. P‐V 

S1 F1 Normal μ = 975.49, σ = 249.02 0.9342 

S1 F2 3‐component Normal 
mixture 

w = [0.525, 0.205, 0.270], μ = [1487.03, 611.25, 2708.49], σ = 
[317.10, 167.12, 621.98] 

0.8834 

S1 F3 2‐component Normal 
mixture 

w = [0.404, 0.596], μ = [441.45, 899.91], σ = [181.61, 209.02] 0.8164 

S2 F1 Burr Type XII c = 7.440, d = 2.482, loc = 0.058, scale = 1158.24 0.9914 

S2 F2 3‐component Normal 
mixture 

w = [0.503, 0.205, 0.292], μ = [2208.15, 1620.22, 826.78], σ = 
[243.54, 251.74, 256.29] 

0.8143 

S2 F3 3‐component Normal 
mixture 

w = [0.294, 0.506, 0.199], μ = [967.97, 739.79, 328.70], σ = 
[160.17, 120.29, 71.60] 

0.9903 

S3 F1 Normal μ = 983.07, σ = 167.92 0.9697 

S3 F2 Relativistic 
Birnbaum–Saunders 

ρ = 2.8929, loc = 407.00, scale = 441.06 0.9207 

S3 F3 3‐component Normal 
mixture 

w = [0.2107, 0.4922, 0.2970], μ = [363.70, 791.70, 1001.19], σ = 
[86.25, 126.57, 118.86] 

0.9675 
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Table 2. Results for 𝛍 = 𝟎. 𝟐𝟓, 𝛌 = 𝟎. 𝟕𝟓 without Compatibility. 

 

 

 

 

 

 

 

Table 3. Results for μ=0.25, λ=0.75 with Compatibility. 

 

 

 

 

 

 

To assess model behavior, we tried three values for μ: 0.25, 0.50, and 0.75, with λ set accordingly (e.g., μ= 

0.25, λ =0.75). We measured the solution output and solve time for each value. Our results show that 

increasing λ reliably decreases the expected cost F₁. Furthermore, permitting blood group substitution based 

on ABO–Rh compatibility results in lower total costs than the no-substitution case. Such flexibility in 

inventory management reduces extreme inventory shortages and lowers shortage and waste penalties. 

Although it creates additional transportation routes, thus increasing F₂ travel times and distances, it is 

sufficiently offset by more intelligent routing and faster fulfillment of demand, resulting in a reduced system 

cost. 

Pareto plots also show that when λ is large  and cost is low,  the curves shift down, as in Figs. 1 and 2. The 

plots easily demonstrate that by selecting a set of weight parameters, a decision maker can choose the optimal 

trade-off between delivery time and operating cost. 

 

Fig. 1. Pareto-frontier without considering blood group compatibility. 

 

 

𝛜 F1 F2 Time(s) 

0 7.13*109 0 3.94 

208629 6.32*109 208530 12.8 

417259 6.32*109 417213.9 54.49 

625888 6.32*109 625752.9 62.99 

834517 6.32*109 834491.2 233.71 

1043147 6.32*109 1042955 74.77 

1251776 6.32*109 121711 316.44 

𝛜 F1 F2 Time(s) 

0 7.13*10⁹ 0    9.94 

302624 6.03*10⁹ 302621.5 85.29 

605248 5.29*10⁹ 605233.8 350.41 

907871 4.65*10⁹ 907865.7 1535.65 

1210495 4.15*10⁹ 1205586 1880.7 

1513119 3.69*10⁹ 1513093 2097.89 

1815743 3.05*10⁹ 1815734 3841.51 
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Fig. 2. Pareto-frontier considering blood group compatibility. 

 

5|Conclusion 

We proposed a robust, bi-objective multi-product model for Tehran’s blood supply chain network that 

explicitly handles perishability, blood group compatibility, and both fixed and mobile donation sites. Using 

an augmented ε-constraint approach, we minimized system cost and delivery time while mapping the Pareto 

trade-off and demonstrating solution stability under extreme demand and supply shocks. Our case study 

shows that blood group substitution reduces costs at the expense of slightly longer delivery times, and 

adjusting robustness weights allows decision-makers to balance cost and time.  Future work could include 

dynamic donor behavior, real-time inventory tracking, stochastic travel times, and hybrid forecasting methods 

to scale the model to larger networks and to validate it in operational blood services. 
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