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 A B S T R A C T

Solar home systems provide low-cost electricity for rural off-grid communities. As access to them increases, 
more long-term data becomes available on how these systems are used throughout their lifetime. This work 
analyses a dataset of 1,000 systems across sub-Saharan Africa. Dynamic time warping clustering was applied 
to the load demand data from the systems, identifying five distinct archetypal daily load profiles and their 
occurrence across the dataset. Temporal analysis reveals a general decline in daily energy consumption over 
time, with 77% of households reducing their usage compared to the start of ownership. On average, there is 
a 33% decrease in daily consumption by the end of the second year compared to the peak demand, which 
occurs on the 96th day. Combining the load demand analysis with payment data shows that this decrease in 
energy consumption is observed even in households that are not experiencing economic hardship, indicating 
there are reasons beyond financial constraints for decreasing energy use once energy access is obtained.
Introduction

Sustainable Development Goal 7 (SDG7) highlights the need for 
affordable, reliable, and sustainable energy access for all. Meeting 
this pressing challenge requires a dual focus on transitioning to re-
newable energy sources while simultaneously ensuring energy access 
for the 666.4 million people without electricity worldwide, 84.8% of 
whom live in sub-Saharan Africa (Guterres, 2025). Abundant solar re-
sources and dramatically decreasing costs of photovoltaic panels make 
solar-based technology solutions a prime contender for sustainable 
electrification in sub-Saharan Africa.

While there has been significant progress towards universal electri-
fication, the rate of global electrification has slowed in recent years 
due to the increasing difficulty of providing access to the remain-
ing unelectrified population, who often live in remote, isolated areas 
where grid extension is not feasible (Almeshqab & Ustun, 2019). The 
popularity of mini-grids to serve these regions is growing, but they 
require large upfront investments, which in turn require guaranteed 
sufficient demand (Narayan et al., 2020). On the other hand, solar 
home systems (SHSs) are a viable alternative with lower upfront costs 
for providing Tier 1 and 2 energy access. (Tier 1 energy access includes 
electricity for lighting, radio and phone charging with a minimum 
of 12 Wh/day, while Tier 2 access includes all Tier 1 functions plus 
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televisions and fans with a minimum of 200 Wh/day.) The simplicity 
and lower upfront costs of SHSs make them an attractive choice—across 
Africa, 74% of off-grid energy investments between 2010 and 2020 
were in SHSs (Irena, 2022).

While the roll-out of smart meters in high-income countries (HICs) 
has led to an influx of data on electricity consumption, there is a 
lack of data on electricity consumption in low- and lower-middle-
income countries (LMICs). This is particularly true for newly electrified 
households where there was no previous access to electricity. In this 
paper we analyse a large SHS dataset from the Africa-based energy 
supplier BBOXX, applying clustering techniques to understand typical 
load profiles in newly electrified households. The payment structure 
used by BBOXX for their SHS is also very different to the standard price-
per-kWh format used in HICs. Instead, a pay-as-you-go (PAYG) system 
is used; the amount each household pays is fixed per day of using the 
system, and based on the number of appliances the system powers. The 
PAYG approach allows users to top-up usage when they desire, in their 
local currency, and enables them to stop paying on certain days if they 
wish. However, when payment stops, electricity supply is also stopped.

Rural off-grid household load data is important for many stakehold-
ers, from system designers to aid sizing and design choices, to local 
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governments to aid policy decisions, to researchers trying to improve 
off-grid systems and their use. We analyse the energy consumption of 
over 1,000 households with SHS across sub-Saharan Africa. Initially, we 
cluster the time series data to obtain representative load profiles. We 
then analyse the changes in household energy use over time by looking 
at shifts from cluster to cluster, and compare this with payment data to 
better understand the drivers for energy behaviour.

Literature review

Quantifying the electrical load requirements of rural off-grid house-
holds is essential for understanding individuals’ needs and ensuring 
appropriate design and maintenance choices are made. Before access 
to big field datasets was possible, the common method of estimating 
load demand was consumer use surveys, where households were asked 
questions on anticipated appliance ownership and times of use (Boait, 
Advani, & Gammon, 2015; Boait et al., 2017; Mandelli, Merlo, & 
Colombo, 2016; Pandyaswargo et al., 2020; Sandwell et al., 2016). 
However, surveys have since been proven to be an inaccurate indi-
cator of load demand, both in terms of magnitude and time of use, 
with errors up to four times greater than actual demand data (Allee, 
Williams, Davis, & Jaramillo, 2021; Blodgett, Dauenhauer, Louie, & 
Kickham, 2017; Gelchu, Ehnberg, & Ahlgren, 2023; Hartvigsson & 
Ahlgren, 2018).

A data-driven approach is established as more accurate in litera-
ture; however, the lack of available field data is a challenge (Bisaga, 
Puźniak-Holford, Grealish, Baker-Brian, & Parikh, 2017). In some cases, 
a limited amount of load demand data is available and this can be used 
alongside other techniques. Allee et al. (2021) combine a data-driven 
approach with survey results to predict the load demand of 1,378 
Tanzanian mini-grid customers, demonstrating that the use of surveys 
can be beneficial when supplemented by measured data. Few et al. 
(2022) combine mini-grid load demand data with information on cli-
matic conditions and household level characteristics, such as appliance 
ownership, to simulate household level load profiles. Both cases show 
that additional information, beyond stand-alone load-demand data, 
further increases load demand estimation capabilities. Yet, reliable load 
demand data is still the essential starting block.

Greater granularity of the load-demand data enables useful insights 
for system design and maintenance, but sometimes aggregated data is 
all that is available. Data can be aggregated on a household level (i.e. 
for multiple households) (Bhattacharyya & Palit, 2021) or a temporal 
level (i.e. multiple households for a single time period) (Heeten et al., 
2017), but in both instances, the results are diminished compared to 
using raw granular data, and this can negatively impact design and 
maintenance choices (Jurasz, Guezgouz, Campana, & Kies, 2022).

Where ample data is available, clustering can be a useful tool for 
visualisation and understanding. In the case of load demand clus-
tering, k-centred methods are a common choice due to simple im-
plementation (Yilmaz, Chambers, & Patel, 2019). Some authors have 
made efforts to compare the effectiveness of different clustering meth-
ods (McLoughlin, Duffy, & Conlon, 2015; Rajabi et al., 2020; Wang 
et al., 2015), but different results are found in each case. This high-
lights the importance of having a clear goal for the clustering process, 
ensuring that the algorithms and distance metrics produce relevant 
clusters (Hennig, 2015; Von Luxburg, Williamson, & Guyon, 2012).

Dynamic time warping (DTW) is an elastic distance measure for 
comparing time series data that has a one-to-many mapping and is ro-
bust to shifts in time (Sakoe & Chiba, 1978). This allows a shape-based 
comparison, as proposed in Lin, Li, Tian, Fu, and Li (2019), without 
being dependent on dimensionality reduction. The benefits of using 
DTW over Euclidean distance in load profile clustering are beginning 
to be recognised in literature (Aghabozorgi, Seyed Shirkhorshidi, & 
Ying Wah, 2015; Ausmus et al., 2020; Begum, Ulanova, Wang, & Keogh, 
2015; Ratanamahatana & Keogh, 2005). However, due to its quadratic 
computational complexity, it is not commonly implemented (Rajabi 
2 
et al., 2020). Teeraratkul, O’Neilly, and Lallz (2016) and Ausmus et al. 
(2020) clustered household load profiles using DTW with k-medoids 
and k-means respectively. Both found significant improvement com-
pared to using Euclidean distance, and k-medoids has the advantage of 
using a time series from the dataset as the representative cluster centre, 
which can improve interpretability. However, use of k-centred methods 
in the cluster assignment stage makes the algorithm vulnerable to 
getting stuck in local optima because the iterative method to solve 
the k-medoids and k-means problem does not guarantee global opti-
mality. Kumtepeli, Perriment, and Howey (2024) instead formulated 
the k-medoids problem as a mixed integer program (MIP), allowing 
global optimality within the cluster assignment while using DTW for 
the distance metric. MIP is beneficial for alleviating the risk of getting 
stuck in local optima, however using MIP on very large datasets (with 
respect to number of time series) is computationally expensive and 
infeasible.

Clustering load profiles from LMICs is much less common than load 
data for HICs in literature because less data is available. Williams, 
Jaramillo, Cornell, Lyons-Galante, and Wynn (2017) characterised load 
profiles from eleven mini-grids across Africa finding trends in consump-
tion on daily and monthly time scales. However, no clustering was 
done, and household level data was not made available, so compre-
hension of household trends is not possible. Lorenzoni et al. (2020) 
conducted hierarchical clustering on the load demand data of 61 mini-
grids in LMICs, finding clusters of aggregated household data. The key 
differentiation between the clusters was the peaks in load demand. The 
authors also found that as the systems aged, and the energy connection 
tier increased, the use profile became flatter. Lukuyu, Shiran, Kennedy, 
Urpelainen, and Taneja (2023) used k-means to cluster daily load 
demand profiles of SHS customers in East Africa over a year. However, 
they used a monthly mean to represent the daily load profile for each 
household, which loses the granularity of day-to-day variability and 
gives smoothed profiles for the results.

In addition to understanding day-to-day energy use, it is impor-
tant to consider long-term behaviour, particularly in the context of 
energy access for previously unelectrified households. In these situ-
ations, behaviour is more unpredictable (Muhumuza, Zacharopoulos, 
Mondol, Smyth, & Pugsley, 2018; Riva, Tognollo, Gardumi, & Colombo, 
2018). Therefore, long-term load-demand analysis is imperative to gain 
insights into how systems deployed in LMICs are used. It is com-
monly thought that energy demands will increase as energy access is 
obtained (Muhumuza et al., 2018; Opiyo, 2020; Riva et al., 2018), how-
ever, this conjecture needs to be supported by real-world data (Riva, 
Sanvito, Tonini, & Colombo, 2019). Bisaga and Parikh (2018) compared 
energy use of households across Rwanda, splitting them into groups 
depending on the length of time they had been using systems. They 
found that households that had systems for over a year generally used 
less energy each day than those who had obtained systems within 
the last 6 months, despite the more established households having 
generally more appliances. Kizilcec, Spataru, Lipani, and Parikh (2022) 
also conducted work on Rwandan SHS energy use, finding a reduction 
in electricity demand over the first year of use for the majority of 
households in their dataset. The decrease in electricity consumption 
was even more pronounced in households that owned a TV.

Beyond the first year of ownership, Dominguez, Orehounig, and 
Carmeliet (2021) found a general increase in monthly electricity ex-
penditure after initial adoption, along with an increase in appliance 
ownership, but this plateaued at the 2–3 year mark. Conversely, Mas-
selus et al. (2024) found that rural households in Rwanda with grid 
connections decreased their electricity consumption over the first ten 
years of connection. This analysis includes monthly electrical consump-
tion data from 147,074 rural households, focusing on 174 households 
with survey data. The surveys found that household appliances largely 
consisted of lighting and entertainment devices, but economically pro-
ductive appliances were a rarity. Louie, Atcitty, Terry, Lee, and Romine 
(2023) analysed the load demand of off-grid households in the Navajo 
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Fig. 1. Geographical distribution of the downselected SHSs used in the clus-
tering process. The countries coloured white hosted no systems in our dataset.

Nation over 2 years and found a large variation both between and 
within households, the latter being impacted by seasonal changes. 
Additionally, energy use in the second year was on average 10% lower 
than in the first year, highlighting longer-term temporal load shifts.

The overall picture for long-term temporal changes in energy use 
remains unclear—increased consumption is anticipated but there are 
also datasets indicating the opposite. Further information is required to 
understand underlying causes. The barrier to rural electrification is of-
ten economic (Blimpo, Postepska, & Xu, 2020; Kizilcec & Parikh, 2020), 
but there is a research gap in understanding the link between diverse 
PAYG payment data (Mergulhão, Capra, Voglitsis, & Parikh, 2023) and 
energy use. Existing studies establish a link between energy use and 
payment, but focus mainly on payment behaviour impacts (Guajardo, 
2019) and very coarse-grained energy consumption data (Lukuyu et al., 
2023).

This work makes several contributions: firstly, a large-scale analysis 
of daily SHS load-demand profiles is undertaken, elucidating patterns in 
real-world data; secondly, progression of energy use over several years 
is considered, rather than observing a single snapshot in time; finally, 
payment and energy data are combined, enabling insight into the role 
of economic factors. This research also provides access to the measured 
data for others to use, supporting the collective efforts of researchers 
and industry to achieve SDG7.

Energy use dataset and analysis

The dataset analysed in this paper was provided by BBOXX, and 
consists of time series from 1,000 SHSs across Africa, each with a 
50W solar panel, a 12V, 17Ah lead–acid battery, and various DC 
loads, including lighting, phone charging, fans, radios and TVs. These 
systems were downselected from the wider BBOXX database using 
stratified sampling based on system lifetime so that a range of systems 
were represented (including new adopters and more established users). 
To enable longer-term analysis, all SHSs younger than 1 year were 
excluded, and the oldest system in the dataset is 1230 days old. The 
dataset covers SHSs installed between September 2018 and December 
2020, with consumption data available up to January 2022. The geo-
graphical distribution of systems in sub-Saharan Africa is shown in Fig. 
1, with most located in Kenya, Togo, the Democratic Republic of the 
Congo and Rwanda. The time for each system (normally stored as UTC) 
was corrected to local time in each country to ensure comparable solar 
and usage conditions.

The time, output current, and output voltage were used for load-
demand analysis, with non-uniform sampling, i.e., measurements were 
recorded whenever a change above a certain threshold was detected. 
3 
This was at second resolution, with a 10-minute backstop recording 
taken if no change was detected within that time. The following method 
was used to convert these measurements to hourly load demands:

1. Calculate instantaneous power 𝑃 (𝑡) at each time 𝑡 from measured 
voltage 𝑉 (𝑡) and load current 𝐼out(𝑡), 

𝑃 (𝑡) = 𝑉 (𝑡) × 𝐼out(𝑡). (1)

2. Maintain the previous value until the next time stamp (i.e. 
zero-order hold).

3. Determine the energy consumed in one hour by integrating the 
power over hourly intervals, 𝛥𝑡 = 1 h, 

𝐸(𝑡) = ∫

𝑡

𝑡−𝛥𝑡
𝑃 (𝜏)𝑑𝜏. (2)

4. For each household, construct a vector of hourly energy con-
sumption values, 𝐸, where each element is the energy consumed 
in that hour (𝑡end represents the final time step in the time series 
data), i.e., 

𝐸𝑘 = 𝐸(𝑘 ⋅ 𝛥𝑡) where 𝑘 ∈
[

1,
𝑡end
𝛥𝑡

]

. (3)

For the 1,000 systems considered, there are a total of 647,021 daily 
load profiles. Since many of these are very similar, we downsampled a 
subset from the total set to improve computational efficiency. Stratified 
sampling was used, dividing the dataset into subgroups based on daily 
energy consumption. First, the distribution of daily energy consumption 
across the entire dataset was found, then time series were randomly 
selected so as to keep the same distribution of daily energy consump-
tion in the sampled subset. The process was applied twice: Initially, for 
each household, ten representative days were selected, giving 10,000 
time series in total. This ensures that every household and the overall 
spread of energy consumption are represented. Then, we applied the 
same method to reduce this set down to 2,000 time series in total. 
These steps together ensure we have both a representatively diverse 
dataset and the option to apply an algorithm to find a global optimum 
in the clustering process (see next section). After the cluster centres 
were found, each of the 647,021 daily load profiles were assigned to 
their nearest cluster according to DTW distance. The end result is that 
each household can then be represented by a chronological sequence 
of days, where each day is labelled with the cluster that is the closest 
match to the load profile of that day.

The BBOXX dataset also contains customer payment data that has 
previously been analysed extensively (Mergulhão et al., 2023). For this 
work, the relevant payment information is the time series of remaining 
credit for each SHS. The PAYG approach uses fixed daily rates, where 
customers purchase access to electricity for a given day, rather than 
access to a metered amount of energy in a certain time period. The 
contracts vary both by location and load: household energy limits are 
restricted based on the number of appliances owned, which relates to 
the customer tariff. To allow comparison between households, we con-
vert the credit in local currency to the number of days of electricity use 
remaining. This removes the need for conversion between currencies 
and payment amounts. Once a household runs out of credit, the system 
enters a ‘disabled’ state where discharging is not permitted until further 
payment—this is deemed an economic outage (Ferrall, Callaway, & 
Kammen, 2022). The clustering exercise previously described ignored 
this condition (i.e., clustered systems may or may not be in this stage), 
but we later consider it when analysing the results.

The PAYG model charges a fixed daily rate determined by the 
number of appliances connected, which defines the household’s tar-
iff. Each tariff corresponds to a technical energy ceiling, set through 
adjusted cut-off voltages, and once activated for the day, customers 
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can use electricity freely up to this limit. Payment therefore governs 
whether electricity is available on a given day, not how much is 
used once a system is active. Financial improvement can increase 
consumption through additional appliances or tariff upgrades, whereas 
financial hardship will likely result in skipping payment days rather 
than reducing use on paid days.

We also calculated another payment metric, the utilisation rate, 
defined as the number of days a household is not in the economic 
outage state divided by the number of days the household has owned 
the system. For example, a household with a utilisation rate of 0.9 
experienced economic outages on 10% of total days since SHS purchase.

Clustering method

This work uses our DTW-MIP clustering algorithm, fully described 
in Kumtepeli et al. (2024). A brief overview of the approach is given 
here for readability and completeness. The DTW distance (cost) be-
tween individual elements of two time series 𝑥 and 𝑦 of length 𝑛 and 𝑚
(indexed by 𝑖 and 𝑗), respectively, is given by 

𝑐𝑖,𝑗 = (𝑥𝑖 − 𝑦𝑗 )2 + min

⎧

⎪

⎨

⎪

⎩

𝑐𝑖−1,𝑗−1
𝑐𝑖−1,𝑗
𝑐𝑖,𝑗−1

(4)

where the final element 𝑐𝑛,𝑚 is the total DTW distance between series 
𝑥 and 𝑦. This problem can be solved using dynamic programming. 
Here we chose not to use a warping window to restrict the parts 
of one time series that can be mapped to another (Sakoe & Chiba, 
1978). This allows long-range similarities to be found between peaks 
in energy consumption, i.e., whether they occur at night or in the 
morning. Dynamic time warping already penalises warping because 
more warping means more pairwise comparisons that are embedded 
in the final cost. Therefore, the hard constraint of a window is not 
necessary.

The DTW distance between each time series is stored in a symmetric 
matrix 𝐷𝑝×𝑝, where 𝑝 is the total number of time series. A binary square 
matrix 𝐴𝑝×𝑝 is used for MIP cluster assignment, where 𝐴𝑖𝑗 = 1 if time 
series 𝑗 is in cluster with centroid 𝑖. There are 𝑘 clusters (5b), and each 
time series must be in one cluster only (5c). Clusters can be found by 
solving the optimisation problem 

min
𝐴

∑

𝑖

∑

𝑗
𝐷𝑖𝑗 × 𝐴𝑖𝑗 (5a)

subject to
𝑝
∑

𝑖=1
𝐴𝑖𝑖 = 𝑘, (5b)

𝑝
∑

𝑖=1
𝐴𝑖𝑗 = 1 ∀𝑗 ∈ [1, 𝑝], (5c)

𝐴𝑖𝑗 ≤ 𝐴𝑖𝑖 ∀𝑖, 𝑗 ∈ [1, 𝑝]. (5d)

To choose the value of 𝑘, the algorithm was repeated for 2 to 8 
clusters. We then compared the costs and silhouette scores (Shahapure 
& Nicholas, 2020) to select a final value 𝑘 = 5.

Results and discussion

The results of this study are divided into three sections. The first 
presents representative daily load demand profiles identified through 
clustering. The second focuses on long-term changes in household 
energy use, first exploring consumption trends and then long-term 
trends in cluster allocation over the entire dataset. Finally, we consider 
links between payment data and electricity use.
4 
Daily clustering

Fig.  2 depicts the centroids of the five clusters resulting from 
the DTW-MIP clustering exercise, and heatmaps for each cluster. The 
centroids are the individual time series at the median of each cluster. 
The clusters are archetypally named by the dominant load profile char-
acteristic within the cluster; however, they are not exclusive categories, 
and there is some overlap in usage levels and times between clusters. 
It is also helpful to examine all the time series within each cluster to 
gain further insight into discrepancies between and within clusters. The 
heatmaps present each time series in each cluster as a row, with lighter 
blues representing low energy consumption and darker blues indicating 
high consumption. Overall, the results confirm the general agreement 
between the cluster representatives and their associated time series.

Table  1 shows the allocation of time series across clusters within 
the subset, along with the results from the extrapolation to the whole 
dataset. The validity of the extrapolation is generally acceptable, with 
a larger proportion of time series in the economic outage subset of low 
use, but there is a reasonable consistency between the full dataset and 
subset.

Table  2 shows characteristics of the time series within each cluster, 
analysed on the whole dataset, including the peaks and information 
on appliances and time of energy use. A peak within a time series is 
defined as having double the amplitude of the mean energy consump-
tion of the time series, at least two hours apart from another distinct 
peak (to reduce the risk of fluctuations across the threshold counting 
as two peaks). Additionally, to prevent profiles with low consumption 
returning many peaks, a peak must have a minimum amplitude of 
10W. The appliance power reflects the sum of the rated power of 
all appliances owned by a household, but these are not necessarily 
switched on or drawing power simultaneously or continuously.

The low use cluster stands out as distinct from the other clusters, and 
signals that either there is an economic outage, or there is virtually no 
usage despite payment. To differentiate between these two scenarios, 
a new subset was created, classifying low use time series as economic 
outage if the credit balance was also zero. It is notable that 24% of 
days in the dataset belong to economic outage and low use combined. Of 
these, 75% (i.e., 18%/24%) correspond to economic outages, but there 
is still a significant proportion of days where the systems are paid for, 
but not used.

The moderate use cluster is large and has the next lowest mean daily 
consumption. Typical moderate use (heatmap, Fig.  2) is characterised 
by consistent low use throughout the day, with more energy consumed 
in the evening and a slight increase in morning use. The evening use 
spans between 15:00 and 21:00 and therefore crosses sunset at around 
18:00, but drops to almost no consumption after midnight. The peak 
demand is fairly low and few households with days in this cluster have 
TVs, which is reflected in the low mean appliance power. Alternatively, 
households with TVs and higher power appliances are not using all 
them on days when they are in this cluster.

Nighttime use is another large cluster, with a slightly larger mean 
daily consumption than moderate use, however there is significant 
overlap in the daily energy consumption between these two clusters. 
For days in nighttime use the proportion of households owning TVs is 
low, much like for moderate use, and there is a low appliance power 
of 55W. The characteristic that distinguishes a time series from being 
in moderate use vs. nighttime use, is that nighttime use profiles consume 
most of their energy overnight between 18:00 and 06:00, whereas in 
the moderate use case electricity is consumed in the late afternoon and 
evening.

The final two clusters, double peak and single peak, represent higher 
consumption (households are likely to have a TV), with the double peak 
case slightly higher than the single. And, of course, the number of peaks 
is different between the two clusters—as seen in Table  2 and Fig.  2. A 
final distinction between these two higher consumption clusters is that 
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Fig. 2. The 5 representative cluster centres from the DTW-MIP clustering of daily SHS load demand profiles, with the heatmaps for all time series within each 
cluster below. Each heatmap row represents a 24-hour load demand within that cluster. The clusters can be archetypally named: low use, moderate use, nighttime 
use, single peak and double peak.
Table 1
Comparison of clustering results from subset vs. extrapolation to full dataset.
 Cluster Clustering subset Full dataset
 Count Proportion Mean Count Proportion Mean  
 of subset (Wh/day) of dataset (Wh/day) 
 Economic outage – – – 118258 0.18 0  
 Low use 259 0.13 4 39040 0.06 12  
 Moderate use 583 0.29 42 154765 0.24 39  
 Nighttime use 573 0.29 69 181696 0.28 73  
 Single peak 339 0.17 102 86362 0.14 102  
 Double peak 246 0.12 110 66900 0.10 122  
Table 2
Mean characteristics of all clustered time series.
 Cluster Daily peaks TV ownership (%) Weekday use (%) Daytime use (%) Appliance power (W) 
 Economic outage 0 49 72 N/A 73  
 Low use 0 48 72 50 71  
 Moderate use 0.2 17 72 50 50  
 Nighttime use 0.1 22 71 41 55  
 Single peak 1.1 84 71 46 96  
 Double peak 1.9 92 71 59 97  
 Total population 0.5 43 71 48 68  
there is a higher proportion of daytime use in double peak, caused by 
the additional morning peak alongside the evening peak.

Finally, we include the proportion of days in each cluster that are 
weekdays (Table  2), showing that there is no significant difference 
between clusters—in all cases the weekday proportion is around 72%, 
i.e., 5/7. This differs from HICs where there is often a noticeable 
difference between weekday and weekend consumption (Trotta, 2020).

In summary, there is significant heterogeneity in household en-
ergy use despite the identical technical capabilities of each system 
(e.g., same sized battery and solar panel). The causes of this might be 
financial or due to the diverse energy needs of different households on 
different days, caused by diversity in activities. There could be a case 
for supplying different intensity users with differently sized systems.

Long-term general consumption trend

Fig.  3 shows an initial increase in the mean daily consumption for 
all households, peaking on the 96th day. This is likely to be a ‘settling 
in period’ where households also purchase appliances and become 
familiar with the system. Over the first six months, daily electricity 
consumption increases for 58% of customers, but by the end of the first 
5 
year, only 43% of customers continue to increase consumption. Beyond 
the first year, 77% of users are decreasing daily consumption. This de-
crease is particularly prominent in the first 400 days, and then diverges 
depending on household energy use. The mean energy consumption 
over two years shows a 33% reduction from its peak, dropping from 
66Wh/day to 44Wh/day. This is contrary to prior literature, where 
the expectation is that consumption will continue to increase after a 
system is acquired, since users will obtain more appliances and find 
increasingly energy-intensive activities to engage with Dominguez et al. 
(2021). Instead, our results show that individual SHS users follow a 
long-term consumption trend similar to that witnessed for individual 
grid-connected users (Masselus et al., 2024; Mugyenyi et al., 2025).

Mean consumption in high-use households begins to plateau be-
yond 400 days. When economic outages are removed the decrease in 
consumption is slightly stronger, especially beyond 700 days. Another 
important observation is that when economic outages are ignored, the 
consumption in high-use households continues to increase until around 
250 days, i.e., the apparent decrease in the mean consumption of high-
use households after the peak around day 96 is actually caused by a 
high proportion of economic outages.
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Table 3
Household mean characteristics separated by dominant cluster—where they spend the majority of time.
 Dominant cluster Homogeneity (%) Utilisation rate (%) TV ownership (%) Flexible appliances Appliance power (W) 
 Economic outage 51 48 62 1.4 82  
 Low use 42 84 53 1.1 72  
 Moderate use 56 89 8 0.7 44  
 Nighttime use 61 90 19 0.7 57  
 Single peak 46 93 91 1.9 102  
 Double peak 48 92 98 1.8 99  
Fig. 3. Top: Mean daily household electricity consumption initially increases, 
but then decreases. The confidence interval becomes wider over time as the 
number of households in the sample decreases. Bottom: High-use households 
(> 50 W of appliances), left, vs. low-use (≤ 50 W of appliances), right.

In low-use households, the mean relative decrease by the end of 
the first year is even greater (24%) than in high-use households (12%). 
The decrease continues, although at a lower rate, until around 800 
days. The difference between the mean consumption with and without 
economic outages in low-use households grows quickly in the first part 
of ownership and then gradually increases over time.

A gradual decrease in electricity use can lead to oversized systems. 
This is undesirable because the full solar generation potential is not 
realised (Bhatti & Williams, 2021; Soltowski, Campos-Gaona, Strachan, 
& Anaya-Lara, 2019), batteries are not cycled optimally, shortening 
lifetime (Narayan et al., 2019; Perriment, Kumtepeli, McCulloch, & 
Howey, 2023), and customers pay for a larger system than needed, 
increasing their electricity cost. This is particularly detrimental because 
the cost of energy is a significant barrier to electrification (Kizilcec & 
Parikh, 2020; Kyere, Dongying, Bampoe, Kumah, & Asante, 2024).

Cluster allocation trend

We now analyse long-term trends in cluster allocation for individual 
households over time. An interesting finding is the lack of homogeneity 
within households, where homogeneity is defined as the fraction of 
days that a household’s demand is in its dominant cluster (the cluster 
the household spends the most time in). Table  3 shows that the mean 
homogeneity for all households is only 55%.

Higher consumption clusters (single peak and double peak) exhibit 
lower homogeneity. Table  3 also shows that households with days 
in higher consumption clusters have greater appliance power, with 
the majority owning a TV. Therefore, households with days in higher 
consumption dominant clusters have the potential to be in all clusters, 
however, the majority of households with other dominant clusters 
6 
Fig. 4. Spread of usage over clusters: for each household with a certain 
dominant cluster (rows), the proportion of time spent in other clusters is 
indicated by the columns.

do not consume larger amounts of energy due to lack of appliances. 
Additionally, in the higher consumption clusters, households have more 
flexible loads. Base households have lights and phone chargers and 
these are relatively inflexible because lighting is needed when it is 
dark and phone charging when batteries are depleted. Here, we define 
anything other than lighting and phone charging to be a flexible load. 
In the higher consumption clusters, households have appliances like 
TVs and radios which they may not use every day, leading to more 
frequent day-to-day changes in electricity consumption.

Fig.  4 depicts how households, split into their dominant clusters, 
consume energy when not following the dominant cluster behaviour. 
This further demonstrates that households dominated by higher con-
sumption can also have usage days in all other clusters, whereas it is 
very uncommon for moderate use dominated households to have days 
in the single peak and double peak clusters.

Economic outage is observed in all households, but is particularly 
prevalent in the three lower consumption dominated cases (low use,
moderate use and nighttime use). This is logical, because customers who 
initially pay less have access to smaller amounts of available energy, 
and fewer appliances, and may be more likely to face financial hardship 
or be less engaged with their system—both of which lead to missed 
payments and economic outages.

Fig.  4 also shows that clusters with similar average consumption are 
more closely linked within households (e.g., moderate use and nighttime 
use, similarly single peak and double peak). Therefore, while house-
hold energy consumption is clearly non-uniform, it is more common 
for households to vary their consumption behaviour within similar 
magnitudes of use or to not use the system at all and not pay.

Fig.  5 shows the proportion of households in each cluster on each 
day. The most important finding is the sharp increase in economic outage
over the first year. This is the primary explanation for reduced electric-
ity consumption, as previously seen in Fig.  3, and shows that customers 
either cannot afford to keep up with payments or are choosing not 
to spend their money on SHS credit. Once economic outage begins 
to plateau, low use starts to gradually increase. The low use cluster 
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Fig. 5. Top: Proportion of households in each cluster, every day. Bottom: 
High-use households (>50 W of appliances), left, and low-use (≤50 W of 
appliances), right. Black dashed line indicates when number of households 
drops below 10.

shows when households are choosing to use the system minimally 
regardless of economic considerations. The increase therefore shows 
disengagement with the system for non-economic reasons.

Previously, Fig.  4, a link between nighttime use and moderate use was 
observed. This is reinforced in Fig.  5, especially in the low-use subplot, 
where nighttime use significantly reduces over the time of analysis, while
moderate use increases. We hypothesise that this is the driver for the 
decreasing use in low-use households shown in Fig.  3. Given their 
already low consumption, a shift from nighttime use to moderate use has a 
substantial impact. For instance, households might initially use lighting 
throughout the night for security purposes, but over time, reduce this 
to evening hours only. To fully understand the reasons behind this 
behavioural change, further research including surveys is necessary.

The high energy household subplot in Fig.  5 shows a similar trend 
of consistently decreasing single peak and double peak with increase in
moderate use and low use. Thus, households reduce peak consumption 
over time and reduce the use of flexible loads.

Utilisation rate and electricity use

Fig.  5 illustrates a rise in economic outage over time. However, 
a deeper understanding of household behaviour can be gained by 
examining utilisation rates. Fig.  6 presents the time variation in the 
proportion of households within each cluster segmented by utilisation 
rate. There are 530 households in the dataset with a utilisation rate of 
0.9 or above, but only 121 households with a utilisation rate of less 
than 0.5.

The observed increase in economic outage is primarily driven by 
households with lower utilisation rates, which, by definition, is less ev-
ident in households with higher utilisation rates. In the low utilisation 
rate group, nighttime use significantly reduces, particularly in the first 
year; low use and moderate use fluctuate but stay relatively constant, 
whereas single peak and double peak steadily decrease. In low utilisation 
households, there is not a significant increase in any cluster aside from
economic outage, so these households are clearly changing their energy 
behaviour for financial reasons—either an affordability issue or a lack 
of desire to spend money on the system.

For households with higher utilisation rate, the proportion of night-
time use continually decreases but at a steadier rate than in lower 
7 
Fig. 6. Proportion of households in each cluster over time, split into house-
holds with a utilisation rate over 90% and under 90% at time of analysis. The 
black dashed line indicates when the number of households in the sample goes 
below 10.

utilisation households. Higher utilisation rate households are more 
likely to be in single peak and double peak clusters than lower utilisation 
rate households. The mean proportion of households in these two high-
consumption clusters across the whole time period is 19% for low 
utilisation rate households and 32% for high utilisation households. 
Thus, households that pay more consistently are more likely to be in 
the higher use clusters. However, beyond the first year, single peak and
double peak rates decrease, while low use and moderate use increase. 
This demonstrates how households are reducing their electricity con-
sumption even when economic outage is negligible, which further builds 
on the previously stated hypothesis that households decrease electricity 
consumption even while still paying for and engaging with the SHS.

Overall, splitting the households by utilisation rates highlights sev-
eral key issues:

• Energy consumption patterns vary with utilisation rate.
• Economic outage increases significantly over the first year of own-
ership in low utilisation households. In high utilisation house-
holds, the small proportion of outages increases gradually over 
time, peaking at the 3-year mark.

• There is a shift to lower consumption clusters over time and it is 
more pronounced in households with utilisation rate over 90%.

• Higher consumption clusters are more common in higher utilisa-
tion rate households.

As described in Section ‘‘Energy use dataset and analysis’’, PAYG 
payments determine daily access to energy, rather than giving access 
to a certain amount of energy. Therefore, financial hardship affects the 
number of days that a product is activated in a certain time period 
rather than the energy consumption on paid days. Behavioural changes 
in electricity use are likely to be the primary drivers of the decreasing 
consumption.

Conclusions

This work has analysed a large dataset of energy use in 1,000 
SHSs across sub-Saharan Africa. Time series clustering identified five 
distinct daily usage profiles, archetypally defined as low use, moderate 
use, nighttime use, single peak and double peak, in order of increasing 
mean energy use. The representation of these across the dataset shows 
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Fig. A.1. Mean daily energy consumption by country, with confidence inter-
vals. The vertical lines at the ends of the confidence intervals indicate when 
there are fewer than 10 households for that country.

that systems are only fully utilised, i.e., their energy usage is in the
single peak or double peak cluster, on 24% of days—the same proportion 
of days that the systems are in the economic outage and low use clusters. 
The majority of time, the systems provide basic supply of moderate 
use and nighttime use electricity. Households frequently change, from 
day to day, how they use their systems, with cluster homogeneity for 
households averaging only 55%.

Analysis of trends in household behaviour over a period of up to 
1,200 days revealed a general decrease in energy consumption among 
both high and low consumption households. While economic outages 
are not uncommon under the PAYG scheme, they are not the sole 
reason for decreasing energy consumption, indicating that changes in 
energy behaviour extend beyond financial considerations. The decrease 
in energy consumption when not in the economic outage state is 
characterised by a decrease in nighttime energy use, and reduction of 
days with large evening peaks. Utilisation rates are slightly higher 
for households that predominantly exhibit single peak and double peak
profiles, but even these households experience economic outages.

Overall, the systems are often underused and therefore oversized, 
leading to knock-on effects on costs for households and suppliers. The 
significant proportion of economic outages suggests that costs remain 
a limitation for many households, warranting further investigation 
into how to maximise energy provision from each SHS in order to 
reduce the overall cost of energy. There is a need for SHS designs and 
pricing structures to better align with the actual energy requirements 
of households. Adaptable solutions may be key for long term adoption, 
and this may include downsizing systems over time in some cases.

Further work should include surveys of households to understand 
the underlying causes of the non-financial decrease in energy consump-
tion. Moreover, continuous study of energy behaviour as households 
gain access to electricity is essential for better understanding their 
needs and how these evolve over time.
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Appendix A. Country level consumption trends

The observed decline in energy consumption occurred across several 
countries in the dataset. Fig.  A.1 shows the consumption trends per 
country for the four countries with the largest number of households in 
the dataset. There are minor differences in the magnitude of mean daily 
consumption by country, as well as some differences in rate of decline. 
However the overall decreasing consumption is consistent across the 
countries, particularly in the first 600 days. This indicates that, in the 
rural off-grid context, the decreasing electricity consumption trend is a 
common feature rather than being driven by country-specific economic 
or contextual factors. Beyond the first 600 days, the mean daily energy 
consumption in Rwanda and Kenya continues gradually decreasing, 
whereas in DRC and Togo it plateaus or slightly increases. However, 
in the latter cases, the uncertainty is larger due to greater variance and 
fewer samples.

Data availability

The dataset associated with this paper is available at doi: 10.5287/
ora-6r4vapx6b.
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