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Abstract. This study presents random load forecasts for the Nigerian 330 kV 38-bus transmission
grid using a complex trend analysis technique. By considering randomness of monthly load peaks
and normal distribution function, yearly load mean and confidence intervals were predicted for the
transmission buses from an obtained 10-year historical load population. Also using the proposed
algorithm of the mentioned technique, long-term random load forecasts for the transmission system
were obtained. The obtained forecasts were compared with results from an earlier prediction model
created for the same grid, which comprises a Monte Carlo technique that considers the location’s
predominant control variables as population and GDP growth; the maximum obtainable error was
24%. The obtained results of forecasts and comparison are applicable for determining effective
transmission system planning policy in Nigeria for the forecast period.

Introduction

A current issue in the existing Nigerian power system is planning for expansion. According to
[1-3], the existing transmission network (TN) does not meet the requirement for security and
reliability. Consideration for load growth is critical to expansion planning [4]. Efficient and
adequate future networks may not be achieved if only static load, as in [5], and deterministic time
series models are considered for load prediction. Though all forecast models depend on treatment of
historical data, obtained time step extremes and mean or most frequent value, based on an
appropriate probability distribution, will serve as basis for achieving more adequate system
reinforcement’s plans [6-9].

Electricity TNs are connected to loads, which are random variables [10] and imply a load flow
dynamism under random load scenarios. Consequently, planning becomes more difficult under
random loads since the system economic and technical assessments are measures of the system
operation and performance [11-13]. However, it is opined that the dynamism of the values of the
load variable is bounded by a population (or sample) space, which the planned TN should
accommodate without failure of normal operating mode parameters.

On the studied TN, [14] proposed a rigorous probabilistic forecast model for a region, which is
juxtaposed for validation of the approach proposed in this study. The probabilistic forecasts study in
[14] comprised a specific Monte Carlo technique that considers location predominant driving
factors as population and GDP growth. In this study, however, random load forecasts are carried out
to obtain an equally robust basis for achieving adequate network expansion plan for Nigerian
transmission network and system generating capacity.

Even though random load implies that one cannot predict its value, the distribution may be
determined [15, 16]. In line with [15] and [16], normal probability distribution function (pdf) that
represents the historical load variable data is chosen or determined for both approaches. The results
obtained from the computation are ten-year random load forecasts and are applied as inputs for
investigating the operations and performance of the existing bulk transmission grid of Nigeria using
power flow analysis. The existing Nigerian 330 kV TN diagram is presented in Figure 1. It shows
29 bulk load buses, the connections of the power lines, and 12 functional generating stations. The
names of the buses are presented in Table 1.
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Figure 1: Diagram of existing 330 kV 38-bus TN of Nigeria.

Methodology

Adopting random variable modelling concepts in [15, 16], random loads are modeled in this
study using available historical yearly load data with appropriate confidence intervals. The annual
peak load is considered as the mean for each observed year of a historical period of 2005 to 2014.

In this concept, the applied load forecast algorithm with consideration for load randomness is
formulated and presented as in Equations (1) to (16). According to [15], the probability of a
continuous random active load P, measured in MW, falling in an arbitrary interval (a, b) is given
in Equation (1).

b
pla <P, <b} = f £(P,).dP 1)

where f(P;) is the probability density function (pdf), P; is the continuous random active load
measured in year t, and a, b are arbitrary intervals. As in [16], considering P; to have a normal

distribution, then:
1
/ 2mop, P,?

where Wp, and op, are mean and standard deviation of active load P, MW respectively.

The expected value or mean, the second moment and the variance or central second moment of
the random load are respectively defined and evaluated as in Equations (3) to (5).

_ (Pt - HPtPt)z

Pt~N(|-lPtrO-Pt):>f(Pt): 20 P2
Pt t

exp

(2)

b
BRI = o, = | Puf(PO.dP ©)
b
E[P?] =j P2 f(P,).dP (4)
b
UPt2 = f (Pt_ llpt)z-f(Pt)-dP = E[Ptz] - llptz (5)

where aptzis the variance of the active load P.
In this study, the variations of the monthly peak loads P;,, in the year t is considered as the
variation of P;. In the historical period, gp, is obtainable from these variations. However, in the
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forecast period the regression of gp, is proposed as an approximate estimate. Consequently, the
standard deviation gp, is computed as in Equation (6).

b
E[P, %] — 2 teoOP
fa (Pl = v, ©

pt + op,,,., t€FP
where OP historical data period (2005 to 2014), FP is forecast period (2015 to 2024), and f is
slope of regression and op, . is standard deviation in 2005, which is obtained from regression
analysis in Excel worksheet.
In order to forecast the determined corridors of loads into the future, a complex time-series

forecast was done. Following [17], the formulations are as represented in Equations (7) to (13). The
load:

Py =S¢t T, (7
where S; is the seasonality in the load data set, I; is the irregularity and T; is the trend series
Sl = —t ,MA(P _fit R 8

where MA(P;) is a 2-period moving average of historic time series load.
In year-step load data series, seasonality is obscured, that is:
Sely =1, VS = 1 9
From obtained values of I; the mean irregularity for a data period of k time-steps (or number of
years considered) is obtained using Equation:

I
I = % = constant (10)
In order to extract the trend components time-step values, Equation (11) is applied:
P
Te=— (11)

Using linear regression analysis method, the regression equation for the load’s trend values T is
obtained as:

Pso0s
T; = at + T30, T2005 = ] (12)

where «a is slope of the load trend.

Considering Equations (2) to (13), the load forecast model becomes:

Pf.={TI +30p} VP ~N(PL ., 0p) (13)

where P/, is the forecasted load in year t.

Equation (12) shows that based on a normal pdf, the forecast load for any year can be any value
within the bounded space of T,/ & 30p,. Also, the minimum, mean and maximum load forecast
scenarios are denoted P/ 1, ¢, PY oy, 1, and PY ., ¢« tespectively, and imply that:

mein.,t =Tl — 30—Pt; Pfav.,t =T¢l; meax.,t =T + 30—Pt (14)

The load forecast algorithm is illustrated in the flowchart that is presented in Figure 2.

The percentage forecast error of P/, compared with aforementioned alternative or earlier
probabilistic model X; is evaluated using Equation (15):

P/ —X
ef, = (fX—t) *100% (15)
t

Where X, is obtained forecast values in [14] and was based on Monte Carlo technique.

Summarily, the obtained forecast using this algorithm is compared to the one obtained in [14]
using percentage mean (absolute) error (PME):

pr e f

fr
Where fp forecast period (fp = 10).

PME;, = (16)
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The values of e/, and PME;f, for the two models were evaluated for the respective year step
load boundaries and means.
[ Start ]

\_*
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Fort = 1,2, ..thase;m = 1,2,...12; Input P; ,,; X,
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Figure 2: Flowchart of Forecast Algorithm for the Nigerian TN.

Results and discussion

The obtained time series standard deviations of historical load, using the first option of Equation
6, is presented in Table 1 for selected transmission grid (TG) buses. These values show some
variability that suggested a need for adopting regression equation (second option in Equation 6) to
obtain usable values for the forecast period’s year levels. This variability in year-level standard
deviations of selected buses could imply a condition where the system was not in its full capacity to
serve most of the connected loads.

The obtained values from standard deviations regressions for the selected TG buses were applied
in Equation 12 to simultaneously obtain the year step pdfs and cdfs as well as the minimum, mean
and maximum forecast loads. Obtained normal pdf and cdf of load for a sample load bus are
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presented in Figure 3. This bus, denoted bus 4, is a transmission station (TS) in the north region of
the transmission grid and country. The year step probabilistic mean and extremes forecast values
are shown in Table 2 for selected buses.

The pdf and cdf in Figure 3 represent a corridor of expected random loads with varying
probabilities for the base year. The least probable, the most likely, and the probable maximum
forecasts, that is, probabilistic minimum, mean and maximum load values were approximately 411
MW, 550 MW and 689 MW respectively.

Table 1: Obtained standard deviations of historical load for selected buses in year-levels.

opP
BUS NAME BUSNO 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014
SHI 4 6.4 6.1 11.8 21.9 21.6 59.1 40.8 28.4 6.1 46.4
KAT 11 0.3 0.8 0.4 0.3 0.9 0.1 0.7 0.2 0.1 0.3
JEB 3 29 4.1 11.3 0.6 1 14 1.3 2.6 1.2 0.5
KAD 5 8 233 40.9 34.6 33.6 18.7 84.9 43.5 18.6 55.2
KAN 38 6 24.5 14.4 46.4 16.6 133 19.6 44.6 40.2 30.9
JOS 6 10 16.9 23.6 3.6 20 12.2 11.5 9.4 3.8 6.3
GOM 7 43.5 24.8 50.1 30 21.4 14.6 17.4 144 29.4 10.1
YOL 10 4.1 1.6 28.6 8.3 4.9 29 2.5 7.3 8.4 8
AKA 33 46 31.6 27 62.8 40.7 18.9 28.4 26.3 33 28
EGB 30 30 24.9 26.8 29.4 355 23.7 36.7 153 28.9 20.8
AJA 31 2 42.8 4.9 43.7 32 16.3 12.6 224 14.9 40.8
IKE 20 2 40 16.2 724 329 11.8 69.3 9 87 56.6
0SO 17 4.7 1.9 9.6 12.5 18.7 35.5 16 313 8.7 45.5
AJA 14 6 12 43 30.5 1.5 10.2 2.8 2.1 32 6.7
NEW 36 2 20.3 44.2 38.7 25.1 12 14.4 124 10 10.2
ONI 22 3 3.5 37 17.3 26.1 40.2 18.2 43.4 57.9 92.1
ALA 24 0.8 18.3 17.9 15.9 30.5 34.4 9.7 19.6 19.5 76.2
AFA 25 1.7 1.9 1.6 6 204 28.9 6.2 6 66.3 63.2
GWA 12 24 4.1 4.1 4.1 4.1 4.9 4.1 4.1 52 14.4
DAM 8 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.3 0.2 0.7
0.010 1.2
0.009
0.008 1.0
0.007 0.8
0.006
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Figure 3: Base-year pdf and cdf for TS bus 4 in 2014.
Table 2: P/, values for selected buses under minimum, mean and maximum loading scenarios.
2016 (P, MW) 2018 (P, MW) 2020 (P, MW) 2022 (P, MW) 2024 (P, MW)
Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max
SHIRORO 519.36 661.35 773.70 593.10 753.83 890.85 666.84 846.31 1008.01 740.58 938.80 1125.16 814.31 1031.28 124231
KATANPE 19.33 21.11 21.18 21.39 23.18 23.33 23.44 25.25 25.48 25.50 27.32 27.64 27.56 29.39 29.79
JEBBA 29.89 35.87 40.15 35.30 42.26 47.84 40.72 48.64 55.54 46.14 55.03 63.23 51.56 61.41 70.93
KANO 225.57 420.72 577.25 248.84 459.89 649.10 272.12 499.07 720.95 295.39 538.25 792.80 318.67 577.42 864.65
KADUNA 240.26 370.08 499.90 256.55 399.88 543.21 272.84 429.68 586.52 289.12 459.48 629.84 305.41 489.28 673.15
JOS 72.42 128.95 286.84 72.86 132.40 313.18 73.30 135.86 339.52 73.74 139.32 365.86 74.19 142.77 392.20
GOMBE 125.77 196.62 319.36 127.03 200.28 351.08 128.29 203.93 382.79 129.54 207.58 414.51 130.80 211.24 446.22
EGBIN 150.11 249.25 327.30 155.46 256.64 332.00 160.81 264.03 336.71 166.16 271.42 341.41 171.51 278.81 346.12
AJA 213.27 316.57 411.93 227.02 341.03 453.36 240.78 365.50 494.78 254.53 389.96 536.21 268.28 414.43 577.63
IKEJA-WEST 251.80 563.33 746.81 276.11 578.38 776.43 300.43 593.43 806.05 324.74 608.48 835.67 349.05 623.52 865.28
0OSOGBO 235.20 351.66 471.77 246.83 384.16 524.40 258.46 416.65 577.04 270.08 449.15 629.67 281.71 481.64 682.30
AJAOKUTA 63.38 95.66 138.13 62.83 96.48 143.65 62.27 97.30 149.18 61.72 98.13 154.70 61.16 98.95 160.22
NEW-HAVEN 224.99 274.12 310.27 239.56 287.06 322.92 254.12 299.99 335.57 268.68 312.93 348.23 283.24 325.86 360.88
ONITSHA 189.14 444.40 699.66 201.16 507.60 814.04 213.19 570.80 928.41 225.21 634.00 1042.79 237.23 697.20 1157.17
ALAOIJL 318.32 392.28 538.70 338.60 415.82 588.33 358.88 439.37 637.97 379.16 462.91 687.60 399.43 486.46 737.24
AFAM 111.80 265.73 445.46 115.52 301.23 519.29 119.25 336.73 593.11 122.98 372.23 666.94 126.70 407.74 740.77
GWAGWALADA 121.57 151.61 173.12 124.95 159.09 186.40 128.34 166.57 199.67 131.72 174.05 212.95 135.11 181.52 226.23
DAMATURU 8.59 10.06 11.46 8.70 10.40 12.00 8.82 10.74 12.53 8.93 11.07 13.06 9.04 11.41 13.59
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The results of Table 2 and for other TG buses were summarized to depict the probabilistic load
forecast range and mean values for the entire forecast period (that is, not just for a year level). The
obtained summaries include Figures 4 and 5, which relate these values to the regional location of
the TG buses. The regions are north (N), west (W), east (E), and south (S). Figure 4 shows that
forecast loads can vary randomly within significant ranges at TG buses 22 (E), 4 (N), 1 (N), 38 (N),
5-7 (N), 10 (N), 25 (S), 33(W), 31 (W), 20 (W), 17 (W), 37 (W), 18 (W) and 16 (W). This situation
indicate a need to critically determine the adequacy of existing or base year TG capacity in the
forecast period. Figure 5 depicts the forecast randomness range for each region and the whole grid.
The TG load is expected to randomly vary between 4.7 GW and 13.8 GW. The regions with the
highest forecast randomness range and peaks are the north (N) and west (W) with optimistic
extremes reaching approximately 5.1 GW and 5.3 GW respectively; the lowest is south (S) region,
with probable peak incidence of approximately 1 GW. These values are just about the size of the
existing base year generating capacity. The impact of these values would be TG planning for
adequate capacity on the long term.
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Figure 4: Probabilistic Forecast Minimum, Mean, and Maximum at each T.S in the Forecast Period.
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Figure 5: Probabilistic Forecast Minimum, Mean, and Maximum for each Region and the TG in the Forecast Period.

The probabilistic load forecast error obtained after being compared with an alternative existing
model is presented in Figure 6.
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Figure 6: Annual probabilistic load forecast error compared with an existing model.

Figure 6 shows that the 2015-2024 percentage mean forecast error obtained for minimum, mean
and maximum forecast loads relative to an alternative Monte-Carlo (MC) model for the Nigerian
grid were 14%, 21% and 24% respectively. This gives an average error factor of approximately 0.2
that should be applied in order to obtain relative conversion of the earlier MC model to the model
applied for the forecasts in this paper. This implied that the technique would produce a more
optimistic maximum forecast load for the forecast period, which should be considered in system
planning.

Conclusion

Probabilistic long term load forecast has been carried out for Nigerian TG using proposed system
specific algorithm. From the analyses of results, the following major conclusions are made. Firstly,
the Nigeria TG exhibits a randomly varying load with specific year step extremes and mean.
Secondly, the forecast load from 2015 to 2024 would vary randomly between 4.7 GW to 13.8 GW,
which significantly exceeds existing generating capacity. Thirdly, the existing TG has never been
loaded within this range, suggesting a critical need to urgently investigate the need for Nigeria’s TG
expansion planning, especially the regional links. Fourthly, the regions with the highest forecast
randomness range and peaks are the north (N) and west (W) with a combined optimistic value of
approximately 10.4 GW (75.4%); whereas the conventional primary sources of fossil fuels for
developing significant thermal generating stations are in the south region. Consequently, the
adequacy of S-N and S-W links would be very critical and be evaluated for adequacy. Finally, the
applied forecast algorithm compares with an earlier MC based technique with an average 20%
error, raising the possible optimistic load usable for adequate system planning and reinforcement
design. In line with these results of forecasts and comparison, adequate transmission system
reinforcement design and implementation is recommended to mitigate power supply problems in
the forecast period.

This study is supported by USAID/PEER
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