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Abstract—Recent studies have proposed customer directrix 

load (CDL)-based demand response (DR) as a scalable scheme for 

dispatching load flexibility. However, they lack an explicit analysis 

of how network constraints shape CDL formation and thus cannot 

quantify DR contributions at different locations to mitigating con-

gestion. This paper embeds network constraints into DR target de-

sign and explicitly characterizes the mapping relationship between 

variations in line capacity limits and locational CDL (LCDL), 

which serves as a spatially specific guiding target curve for partic-

ipants. Based on the LCDL formulation, we rigorously derive the 

analytical sensitivity of LCDL with respect to line capacity, reveal-

ing the incremental change in LCDL induced by a unit change in 

line capacity. This mathematical result turns black‑box CDL out-

comes into explainable signals for DR participants. Furthermore, 

we demonstrate that this sensitivity serves as a marginal contribu-

tion indicator of the DR target at each location and time interval 

to congestion mitigation on a specific line.  Comprehensive case 

studies verify the theoretical derivation, demonstrating LCDL’s 

superiority over conventional CDL in renewable energy accommo-

dation and its scalability for larger power networks. 

Index Terms—Demand response, customer directrix load, net-

work constraint, sensitivity analysis, congestion mitigation. 

I. INTRODUCTION 

he mushrooming of distributed energy resources (DERs) 

positions demand response (DR) as a promising means of 

providing flexibility to the power gird[1][2]. The International 

Energy Agency has called for large-scale DR deployment to al-

leviate the burden of power balancing[3]. However, as the num-

ber of DR participants increases, the incompatibilities of the 

current DR schemes with large-scale DR deployment have been 

highlighted and the insufficient consideration of network con-

straints in large-scale DR has become increasingly prominent. 

The two mainstream types of current DR schemes include in-

centive-based DR  and price-based DR [4]. For incentive-based 

DR scheme, calculation of customer baseline load (CBL) faces 

several obstacles under large-scale DR, such as heavy compu-

tational burden, “moral hazard” problem, and lack of simplicity, 

etc [5]. In addition, the inherent limitations of time-varying 

prices impede the large-scale deployment of price-based DR, 

including overshoot, lack of straightforward guiding targets for 

customers, and hard to accurately and dynamically reflect the 

adjustment demands of power systems [6]. 

Customer directrix load (CDL)-based DR is a novel scheme 

proposed in [6] which is compatible with the large-scale de-

ployment of DR for its simplicity, goal-directedness, and fair-

ness. CDL characterizes what profile of load curve is beneficial 

to system power balance, and customers are guided to adjust 

their consumption toward this profile. The higher the similarity 

between a customer’s post-DR load curve and CDL, the greater 

the financial incentive received. The problems of CBL and 

time-varying prices can be promisingly overcome since they are 

omitted under CDL-based DR. An optimization model of cus-

tomer power consumption was developed to consider their 

comfort and preference under CDL-based DR [7]. In [8], the 

load and renewable energy (RE) uncertainties were embedded 

into the CDL formulation. 

With the proliferation of RE and DERs in different locations 

of power systems, the discrepancies of RE accommodation de-

mands in different locations becomes prominent and the result-

ing line congestions are exacerbated. Besides, network con-

straints have a non-negligible impact on the delivery of the flex-

ibility of DR customers in different locations [9], especially in 

large-scale DR. In other words, the contribution performance of 

DR customers is to some extent affected by network constraints 

[10]. A transmission-distribution coordinated DR mechanism 

that adopts locational CDL (LCDL) as the guiding target for 

participants at each node was proposed in [11]. Although net-

work constraints are incorporated, how they influence LCDL 

has not been analyzed and the LCDL formation mechanism re-

mains unclear. This lack of explanation for why DR target 

curves differ across nodes may reduce participants’ acceptance 

of LCDL and their willingness to participate in DR. Moreover, 

how to quantify the contributions of DR targets at different 

nodes to mitigating line congestion remains unaddressed, 

which is crucial for facilitating high-penetration RE accommo-

dation in heavily congested power systems. 

To bridge the gaps, this paper elucidates the formation mech-

anism of LCDL under network constraints by establishing the 

mapping between line capacity variations and the resulting 

LCDL change, and, on this basis, a quantitative metric is pro-

posed to quantify the contributions of locational DR targets to 

congestion mitigation. It possessed two salient features: 

(1) Construct the mapping between variations in line capacity 

limits and variations in LCDL: The analytical sensitivity of 

LCDL to line capacity is rigorously derived, revealing the in-

cremental change in LCDL induced by a unit change in line ca-

pacity. This sensitivity turns black‑box CDL outcomes into ex-

plainable signals for DR participants. 

(2) Propose a quantitative metric for contributions of 
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locational DR targets to line congestion mitigation: It is proved 

that the sensitivity of LCDL with respect to line capacity serves 

as a marginal contribution indicator of the DR target at each 

location and time interval to congestion mitigation on a specific 

line. Based on this, a quantitative metric for contribution assess-

ment is presented. 

II. METHODOLOGY 

A. Concept of LCDL 

Under large-scale DR, customers make non-negligible contri-

butions to power balancing. System resources can be classified 

into adjustable and non-adjustable. Adjustable resources in-

clude conventional units and flexible loads, while non-adjusta-

ble resources comprise inelastic loads and RE output. Varia-

tions induced by non-adjustable resources must be offset by ad-

justable ones. LCDL represents an optimally designed guiding 

target by the system operator rather than a behavioral prediction, 

characterizing the load profile most beneficial to system power 

balance and congestion mitigation. Guided by LCDL, custom-

ers reshape their load curves by shifting consumption without 

changing the total energy, and receive incentives according to 

how well their profiles match the LCDL. Fig. 1 depicts the sche-

matic diagram of LCDL. When DR is activated, the system op-

erator (SO) first calculates the power variation that needs to be 

mitigated based on the RE maximal output and power consump-

tion of non-DR customers. Then, the SO formulates LCDLs and 

release them to enrolled DR customers in the pertinent location. 

Notably, the spatial discrepancies of the power adjustment de-

mand deriving from the non-adjustable resources in different 

locations are reflected in the discrepancies of LCDLs.  

 
Fig. 1 Schematic diagram of LCDL. 

B. Formulation of LCDL 

The profile of a power or load vector T
1 2[ , , , ]Tp p pp   is de-

fined as: T( ) / (prf p p p 1) . When network constraints are 

neglected, the equality of the adjustable balancing non-adjusta-

ble is shown in (1): 

 


max
G, D, I, R,g d i r

g d i r

E E


RRC CDL P P  (1) 

where g ,d , i , r are the indexes of conventional units, DR cus-

tomers, inelastic loads, and RE plants, respectively, with the 

corresponding sets being  ,  ,  , and  . G,gE and D,dE denote 

the total energy of each conventional unit and flexible load, re-

spectively. RRC  is the system-level adjustment demand curve 

vector of conventional units. CDL  is the system-level CDL 

vector of DR customers. I,iP  is the power vector of inelastic 

loads. max
R,rP  denotes the maximal output of RE. 

Under CDL-based DR scheme, conventional units and DR 

customers, as the adjustable resources, bear the same power ad-

justment responsibility. Due to the inherent differences of 

power generation and consumption between conventional units 

and DR customers, RRC  and CDL  take on opposite profiles, 

as shown in (2). 

 t
T

RRC CDL
2

1  (2) 

where t  is the index of time slot with its set  {1,2, , }T  . The 

system-level CDL in Eq. (3) is derived by integrating global 

balance requirements from Eq. (1) with the shared responsibil-

ity principle in Eq. (2): 
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Notably, the system-level CDL characterizes the adjustment 

demand on the time scale and serves as the unified guiding tar-

get for all DR customers regardless of system network con-

straints. We define the system-level CDL as the unified CDL 

(UCDL) which will be further compared with LCDLs in Sec-

tion 3. In practice, the adjustment demand of different locations 

varies since the non-adjustable resources are distributed in dif-

ferent locations. Therefore, LCDLs are further developed to 

characterize the adjustment demand of different locations under 

network constraints, shown as problem  . The objective func-

tion is to minimize the sum of squares of LCDL variations rel-

ative to the system-level CDL, as shown in (4). Constraint (5) 

denotes that the total energy of each DR customer remains un-

changed. (6) is the profile constraint to the characteristic of cus-

tomers consuming power. (7) guarantees the power balance in 

each period. (8) represents the line capacity constraints. 
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where , ,CDL d t  denote the variations LCDL with respect to CDL , 

respectively. l  is the index of lines with its set  . min
L,lP  and 

max
L,lP  denote the line flow limits. , , ,g l d l r l i lH H H H are the 

power transfer distribution factor of conventional unit g , DR 

customer d , RE generation r , inelastic load i  on line l , re-

spectively. Let CDL d t , ,
  denotes the optimum of problem  . 

Therefore, LCDLs can be obtained in (9). 

 
d t t CDL d t

LCDL CDL d t
, , ,

,  (9) 

It should be noted that while the locational components of 

LCDL are mathematically analogous to the congestion compo-

nent of LMP, LCDL provides direct guiding targets whereas 

LMP functions as indirect price signal. Unlike price-based DR, 

where signals such as TOU or RTP derived from LMPs often 

trigger rebound effects or peak valley inversion, the proposed 

LCDL targets provide explicit profiles that ensure stable load 

adjustments. Besides, this LCDL-based DR framework is 

adaptable to diverse objectives such as RE accommodation and 

carbon reduction, offering greater versatility than conventional 
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congestion management signals. 

C. Analytical Sensitivity of LCDL to Line Capacity 

We transform the problem   into the following compact ma-

trix form: 

 min T  (10) 

s.t. :A b   (11) 

 
max
L

( ) :B v P 
 (12) 

 
max
L

( ) :B u P 
 (13) 

where T T T T
CDL CDL CDLT ,1 ,2 ,[ , ]… denotes the decision variables, 

in which T T
CDL d CDL d CDL d CDL D T, , ,1 , ,2 , ,[ , ]… , where d is the index 

of flexible load with its set {1,2, , }D  . Dual variables  ,

 ,   represent objective function sensitivity to constraint re-

laxation. While   reflects energy balance impacts,   and   

serve as congestion indicators where non zero values identify 

bottlenecks shaping locational DR targets. 

A b  denotes the equality constraints (5) and (7) in the 

original problem  : 

 

…

…

… … …

…
, , ,

T T T

t T T

T

T T T T

D T T D T T D d T T
E E E

1 1 1

1 1 1

1

1 1 1 1

1 2

1 0 0

0 1 0

0

0 0 0 1

















 






A

E E E

 (14) 
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where index i j  means the matrix has i  rows and j  columns. 

1 is the unit matrix, 1  is the zero matrix, E  is the identity ma-

trix. The first D T  rows are the constraints (5) and the last T

rows are the constraints (7) in the original problem  . 
max max
L L

( ) ( )v P B u P  denotes the inequality constraints (6) 

and (8) in the original problem  : 
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where ( )D  converts the vector into a diagonal matrix, Q is a 

diagonal matrix, equals to D D D DE E ED ,1 ,2 ,([ , , ])… . 
1
B is an elemen-

tary row transformation matrix satisfying: 
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inj
t
P is the nodal injection of the system, forming the network 

constraints (5): 

 
, , , , , ,

inj
t g G g t r R r t l i I i t
 P C P C P CCDL C P  (20) 

where 
r
C ,

l
C ,

i
C denote the inject position of the renewable en-

ergy unit, flexible load and inflexible load, respectively. 

Thus, the Karush–Kuhn–Tucker (KKT) conditions can be ob-

tained: 
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where 
1
w , 

2
w , are the slack variables. Substituting the slack 

variables into the complementary slackness conditions and take 

the derivative of the KKT condition respect to the flow limit, 

we have N S f : 
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The second item S is the sensitivity of LCDL to network con-

straints, which can be obtained by (23).  As noted in [12],  N is 

typically invertible in most practical scenarios. However, under 

specific numerical conditions, N may undergo degeneracy and 

thus become singular. The pseudo-inverse formulation in (23) 

is specifically employed to ensure numerical stability and trac-

tability in these degenerate cases. 

 
max

L

[ , , , ] ( )T TCDL 10 0 0 



S E N NN f

P
 (23) 

D. Quantifying Contributions to congestion mitigation 

Equations (24)-(27) establish metrics to quantify how nodal 

load adjustments mitigate network congestion. As we obtain the 

, ,CDL d t and S , for any , ,CDL d t , its impact to line l is: 

 
, ,l d l d CDL d tH− −=  (24) 

Eq. (24) calculates the specific power flow variation 
l d−  on 

a congested line induced by the load adjustment at node d. Eq. 

(25) identifies congestion intervals and locations by extracting 

dual multipliers from network constraints: 

 , ( 1)

, ( 1)

l t L t l

l t L t l












 

 

 (25) 

Eq. (26) defines the total contribution by aggregating impacts 

across congested periods using the Kronecker Delta for direc-

tional distinction: 

 
, ,, , , ,l t l td l d CDL d t l d CDL d t

t

TC H H

 


  (26) 

where ,i j is the Kronecker Delta. If 
1,0 1 =
 ,the line is conges-

tion on the forward directions, and if
1,0 1 =

 , the line is conges-

tion on the reverse directions. 

Eq. (27) defines the marginal contribution as the incremental 

flow reduction achieved by a unit change in the target, derived 

from sensitivity S : 

 
dT

d l d i l
l i d T

MC H S
,

( 1)




   (27) 

Thus, by formulating the total and marginal index, specific 

motivation can be exerted to motivate customers with higher 

contribution. 

III. NUMERICAL TESTS 

A. Simulation Setup 

A 3-bus system is initially employed to facilitate a clear anal-

ysis of LCDL formation mechanism and elucidate how network 

constraints influence LCDL. Depicted in Fig. 2(a), it features 
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three load nodes with DR customer load proportion being 0.3, 

0.4, and 0.3, respectively. Solar and wind plants are located at 

nodes 2 and 3. To focus on network impacts, conventional units 

are omitted and inelastic loads remain constant. The inelastic 

load curve and maximal output of RE are shown in Fig. 2(b). 

Four scenarios define line capacities [x1, x2, x3] for lines 1-2, 

1-3, and 2-3 respectively: Case 1 [8,8,8] with full connectivity, 

while Cases 2 [0,8,8], 3 [8,0,8], and 4 [8,8,0] represent specific 

link disconnections. Based on these configurations, Section 

III.B analyzes the impact of network constraints on LCDL, 

while Section III.C evaluates RE accommodation performance. 

To evaluate scalability, a modified IEEE 30 bus system with 

41 branches and 20 load nodes is further examined in Section 

III.D. This system includes 6 thermal, 4 wind, and 6 PV units, 

while flexible loads constitute 50% of the nodal demand. 

 
Fig. 2 3-bus system. (a) Topology. (b) Output of non-adjustable resources. 

B. Impacts of Network Constraints on LCDLs 

The LCDLs and power flow of each line in case 1-4 are de-

picted in Fig. 3-Fig. 6, respectively. It can be seen that LCDLs 

share the same profile as UCDL when there is no congestion. 

Obviously, UCDL is consistent with the profile of the sum of 

wind and solar output, which characterizes the system-level ad-

justment demand. When flow limits are binding, the LCDL of 

a node resembles the profile of its local or adjacent RE output. 

In the cases 1-4, effectiveness of the sensitivity is verified by 

slacking 0.2MW on the capacity limit of line 2-3 for cases 1-3 

and line 1-2 for case 4 and comparing the normalized value of 

the original LCDL (depict by solid line in (a)) and the slacked 

LCDL (depict by dashed line in (a)). No congestion is occurred 

in case 1, so the sensitivity matrix is all 0, and the solid and 

dashed line in Fig.3(a) overlap. In case 2, the sensitivity 

S1,1,2 3 0.0025  ， the original LCDL1,1 0.03227 ， the slacked 
sLCDL1,1 0.03177 in which 0.03177 0.03227 0.0005 satisfies 
sLCDL LCDL S1,1 1,1 1,1,2 30.2  very well. In case 3, sensitivity is 

bigger than case 1, S1,4,2 3 0.025  , LCDL1,4 0.0229 ,
sLCDL1,1 0.0279 , also satisfying 0.0279 0.0229 0.2 0.025 . 

The result of sensitivity analysis is quite accurate. 

In Case 1, LCDLs match the UCDL profile as line flows re-

main below capacity limits. Because constraints are not binding, 

flexibility is delivered across the network without restriction. 

Consequently, abundant capacity ensures that DR customers at 

all locations share the same adjustment responsibility, resulting 

in uniform signals. In Case 2, LCDL1 is analogous to wind 

power because strict capacities of lines 1-3 and 2-3 hinder flex-

ibility delivery from node 1 to 3, making node 1 customers bear 

wind consumption responsibility. During 13-17h, LCDL2 

matches solar power while others match wind. As line 2-3 

reaches its limit, this capacity limitation forces node 2 to con-

sume local solar energy and hinders contributions from nodes 1 

and 3. In Case 3, LCDL1 resembles solar power because node 

1 is only connected to node 2 and flow limits impede flexibility 

delivery to node 3. Consequently, Node 1 shoulders local solar 

consumption. LCDL1 is lower than LCDL2 during 9-17h be-

cause line 1-2 capacity limits transmission from node 2, pre-

venting node 1 from increasing consumption to accommodate 

more solar. In Case 4, disconnecting line 2-3 and other flow 

limits hinder flexibility between nodes 2 and 3, aligning 

LCDL2 and LCDL3 with local RE generation. LCDL1 reflects 

shared responsibility for both. Notably, line 1-2’s binding limit 

during 14-16h increases similarity to wind, while line 1-3 ca-

pacity shortages during 1-8h and 19-24h cause mismatches. 

These cases reveal that while abundant capacity allows for 

global sharing of load adjustment flexibility, line congestion ne-

cessitates the localization of balancing responsibilities through 

diverging targets. Furthermore, the established sensitivity ex-

plicitly characterizes how line capacity constraints shape these 

targets through a rigorous mathematical mapping. 

 
Fig. 3 Case 1. (a) LCDLs. (b) Line flow. 

 
Fig. 4 Case 2 (a) LCDLs. (b) Line flow. 

 
Fig. 5 Case 3 (a) LCDLs. (b) Line flow. 

 
Fig. 6 Case 4 (a) LCDLs. (b) Line flow. 

C. Performance on Accommodating RE 

 
Fig. 7 Accommodation rate of renewable energy. (a)-(d): Case 1-4. 

 
Fig. 8 Total output of virtual generators. (a)-(d): Case 1-4. 
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RE accommodation rates, defined as the ratio of actual to 

maximum power, are compared under UCDL and LCDL guid-

ance, assuming ideal adherence to each target signal. Fig. 7 de-

picts the RE accommodation under UCDL; notably, the accom-

modation rates under LCDL guidance remain at 100% for all 

cases. We assume a virtual generator with sufficient capacity is 

situated at each node to ensure supply-demand equilibrium. 

Within this framework, these virtual generators provide the nec-

essary output to satisfy the power balance constraints across all 

time intervals, shown in Fig. 8. 

In Case 1, non-binding capacities ensure full RE accommoda-

tion. Tracking UCDL yields identical performance to LCDL be-

cause abundant capacity leads to target uniformity, as shown in 

Fig. 3(a).  However, in Cases 2, 3, and 4, significant RE curtail-

ment occurs due to limited line capacity. In Case 2 (14 to 16h), 

solar curtailment arises because UCDL is considerably lower 

than LCDL2 during high solar output. Consequently, UCDL 

fails to guide node 2 customers to increase consumption to ac-

commodate local solar energy. Concurrently, network con-

straints prevent delivering flexibility from other nodes to node 

2, resulting in the observed solar curtailment. Similarly, Cases 

3 and 4 exhibit wind accommodation rates below unity during 

1 to 8h. First, UCDL is lower than LCDL3, failing to guide node 

3 customers to increase consumption for local wind absorption. 

Second, line capacity shortages hinder flexibility delivery from 

other nodes, preventing their contribution to wind absorption. 

These results indicate that UCDL’s global guidance fails dur-

ing congestion because it ignores spatial bottlenecks, leading to 

RE curtailment. In contrast, the proposed LCDL-guided DR en-

sures complete RE accommodation. 

D. Scalability analysis 

The test results for the modified IEEE 30 bus system are il-

lustrated in Fig. 9. According to Fig. 9c, Line 21 is congested 

during noon periods. When increasing this capacity by 0.1 MW, 

the resulting LCDL variations in Fig. 9b align precisely with 

the sensitivity distribution in Fig. 9d regarding both magnitude 

and direction. For instance, the LCDL changes at node 10 per-

fectly match the sensitivity coefficients across all time intervals. 

Quantitatively, the observed variations equal the product of the 

analytical sensitivity and the capacity increment (0.1MW). 

These results demonstrate the accuracy and scalability of the 

proposed sensitivity calculation method in larger networks. 

 
Fig. 9 Performance on the modified IEEE 30 bus system. 
(a) LCDL of load nodes. (b) LCDL variations for 0.1 MW increase of Line 21 

capacity. (c) Line loading rates. (d) Sensitivity of LCDL to Line 21 capacity. 

Regarding computational efficiency, matrix N exhibits a 

block symmetric structure that facilitates faster SVD techniques 

through symmetry-preserving row transformations. Numerical 

tests show that the computational burden primarily scales with 

the number of congested branches rather than the total system 

size. For the modified IEEE 30-bus system with approximately 

10 congested lines, the pseudo-inverse calculation in (23) re-

quires only 0.62s, demonstrating high tractability for near real-

time applications. While the current approach is sufficient for 

typical systems, future research will explore redundant con-

straint removal and network partitioning to further enhance 

scalability for massive power grids. 

IV. CONCLUSION 

This paper derives the analytical sensitivity of LCDL varia-

tion with respect to line capacity variation, establishing an ex-

plicit mapping between DR target formation and network con-

straints. This sensitivity elucidates how line capacity shapes 

LCDL profiles and quantifies the marginal contribution of lo-

cational DR targets to congestion mitigation on specific lines. 

Case studies validate the theoretical derivations and scalability. 

LCDLs converge to a uniform profile under non-binding con-

straints, while diverging toward local RE profiles when conges-

tion occurs, outperforming CDL in RE accommodation. 

Future work will develop incentive mechanisms to manage 

consumer uncertainty while further characterizing LCDL sen-

sitivity to renewable variations for rapid intraday updates. 

While DC power flow reveals fundamental capacity-target 

mappings, we will also integrate AC constraints to address non-

linear factors in distribution-level LCDL decomposition. 
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