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1. Supplementary Tables

Table S1. Estimating the display energy consumption of the top five public-facing maps in 2021.

Average Use ) ) Displaying Energy
Mobile Map App User Count Time per User Average Displaying Energy Consumption
(hours) (Watts) (kwWh)

Google Maps 1,000,000,000 30.4 26.5 805,600,000

Amap 729,500,000 70.2 27.2 1,392,936,480
Baidu Maps 520,770,000 56.4 26.6 781,279,985
Waze 150,000,000 53.8 28.6 230,549,760
Tencent Maps 39,460,000 16.8 28.1 18,628,277

Total 2,439,730,000 N/A N/A 3,228,994,502

Table S2. Estimating the display energy consumption of domain-specific maps in 2021.

Average Use Time per User Displaying Energy Consumption
User Type User Count
(kWh) (kWh)
Enterprise 7,050,902 1,625 1,005,987,489
Personal 37,949,379 750~1,500 2,165,447,131~4,330,894,262
Total 44,991,281 N/A 3,171,434,620~5,336,881,751

Table S3. Nations ranked by residential electricity consumption.

Residential Electricity Energy Consumption
Rank Country
(kwh)

1 United States 1,480,803,429,580
2 China 1,139,462,595,520
3 India 301,226,499,300
4 Japan 264,542,802,801
5 Canada 176,390,000,000
6 Russia 163,445,085,162
7 France 161,484,724,800
8 Brazil 149,800,000,000
9 Saudi Arabia 142,480,000,000
10 Germany 127,034,284,317
11 Indonesia 120,151,191,680
12 United Kingdom 107,860,442,782
13 Mexico 75,660,000,000
14 Spain 73,229,685,672
15 Korea 72,020,000,000
16 Turkey 68,160,000,000
17 Italy 66,203,237,520
18 Egypt 62,650,000,000




19 Australia 60,493,280,934
20 United Arab Emirates 56,400,000,000
21 Norway 49,530,000,000
22 Argentina 47,730,000,000
23 South Africa 46,354,373,066
24 Sweden 44,540,000,000
25 Kuwait 42,732,600,000
26 Philippines 34,282,539,868
27 Malaysia 31,979,874,272
28 Poland 31,400,000,000
29 Ukraine 29,352,908,000
30 Netherlands 24,646,427,540
31 Finland 22,041,000,000
32 Algeria 21,600,000,000
33 Qatar 21,150,000,000
34 Switzerland 20,300,000,000
35 Belgium 19,090,000,000
36 Iran 18,339,000,000
37 Nigeria 16,820,000,000
38 Greece 16,640,000,000
39 Czech Republic 15,420,638,438
40 Portugal 14,065,000,000
41 Romania 14,000,000,000
42 New Zealand 12,876,325,396
43 Hungary 12,760,000,000
YA Serbia 12,115,200,000
45 Bulgaria 11,324,000,000
46 Morocco 11,006,820,000
47 Croatia 10,920,000,000
48 Denmark 10,850,000,000
49 Austria 9,520,000,000
50 Ireland 8,738,816,397
51 Slovakia 6,360,000,000
52 Slovenia 3,808,000,000
53 Lithuania 3,360,000,000
54 Estonia 2,106,000,000
55 Latvia 1,794,000,000
56 Cyprus 1,604,357,000
57 Luxembourg 842,710,000
58 Malta 793,051,776

Data source:

S1. Goal 13:Take urgent action to combat climate change and its impacts. UN (3 Dec

emeber 2022); https://www.un.org/sustainabledevelopment/climate-change
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2. Supplementary Figures
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Fig. S1. Estimating the power consumption of Google Maps on both mobile and

desktop screens.
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Fig. S2. Overview of the image samples. a, Maps. b, Remote sensing images. ¢

Paintings. d, Video game screenshots. e, Movie screenshots.

3. Detailed Method Description

3.1 Method overview

As depicted in Fig. S3, we propose a two-step method to reduce the display energy
consumed by digital maps. In the first step, we extract the figure-ground relationship
and three types of semantic relationships (e.g., differentiation, association, and order)
that are color-related. Additionally, we quantify the quality of the encoding of the

figure-ground and semantic relationships, providing a quantitative measure of how well
7



these relationships are represented throughout the map.
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Fig. S3. Overview of our two-step energy-saving method for digital maps.

In the second step, we adopt an iterative approach to replace high-energy colors
with low-energy colors, thereby reducing the map's overall energy consumption. To
address this energy-saving problem, we introduce an energy estimation model and
formulate it as a dual-objective optimization problem: maximizing energy reduction
while preserving cartographic quality. We design two energy-saving strategies:

1) Local searching with color shifting consideration: this strategy aims to find a
series of color designs that achieve different levels of energy reduction (e.g., 15% or
30%).

2) Global searching with reversed figure-ground initiation: this strategy involves
searching for a color design that minimizes the map's energy consumption.

By replacing the original color design with the searched color solution, we can

obtain an energy-minimized map or a series of energy-gradually reduced maps.

3.2 Step 1: Extract figure-ground and semantic relationships
3.2.1 Parse figure-ground and semantic relationships

In general, it is crucial to emphasize important map elements as figures and
distinguish them from the ground. Both figure and ground can be semantically
differentiated. In this context, we consider the figure-ground relationship as a container
for semantic relationships. Specifically, we focus on three types of semantic
relationships among map themes: differentiation, association, and order. The
differentiation relationship employs significant color distance to encode semantic

distinctions between two themes. For example, different colors may be used to
8



represent a river and grass. The association relationship, by contrast, represents similar
semantics using closely related colors. For instance, colors for a lake and ocean may be
chosen to convey their shared characteristics. The order relationship conveys a sense
of gradient or hierarchy through smooth transitions of saturation and/or brightness. This

can be seen in the representation of elevation levels of terrain.

Park (F1) Street (F4) Water (G1)
m— Motorway (F2) Residential (F5) Background (G2)

Primary road (F3) Greenbelt (F6)

Fig. S4. Illustration of figure-ground and semantic relationships of a city map. a, An
example city map with eight themes, including a background. b, The parsed figure-

ground and semantic relationships.

To illustrate these concepts, we refer to the city map shown in Fig. S4a. In this
map, there are eight themes: park, motorway, primary road, street, residential, greenbelt,
water, and background. The first six themes are emphasized as figures, while water and
the background are considered as grounds. By parsing the feature layer and analyzing
the feature attributes, we can extract detailed semantic relationships. Fig. S4b presents
the extracted relationships for this map. For example, park and greenbelt exhibit an
association relationship, while motorway, primary road, and street display an order
relationship. There is also a differentiation relationship between the residential and the
greenbelt. Importantly, in this map, water can be emphasized as a figure, and the street
can be deemphasized as the ground, representing an alternative design decision.

However, for the purpose of demonstrating the parsing of figure-ground and semantic



relationships, we focus on the water-as-ground design choice in this example.
Notably, our method supports various design decisions, including water-as-figure,

which will be further discussed in the next section.
3.2.2 Quantify figure-ground and semantic relationships

We aim to quantify how effectively colors are used to encode figure-ground and
semantic relationships. Colors serve as symbols in two ways: denotative (explicitly
conveying qualitative and/or quantitative information) and connotative (implicitly
representing concepts or emotions related to mapping themes). As the connotative
aspect can be subtle or hidden, our focus is on quantifying denotation, which we refer
to as denotative quality.

To assess the denotative quality, we employ color distance as a fundamental
indicator for determining semantic relationships. To convey clear meaning, it is crucial
to establish brightness and color contrast between the figure and the ground.
Additionally, clear color contrast should be present for mapping themes that exhibit
differentiation relationships, while closely related colors should be used for themes with
association relationships. Moreover, the color should demonstrate a gradient in terms
of saturation and/or brightness for themes with order relationships.

Based on these considerations, the denotative quality between two themes can be
measured in the CIELab color space using the following approach:

( min <1’M> * min (1 M) Vi =

8

min (1,AEab (ce.6 ’)> v =

1, o =A
mln( 2 (C“ ])> Vi

min * min * min (1, —) vy = 0
(Cl' G) ab-j L;

i=j

f(ci'cj'vij)=< (D

where H, D, A and O indicate figure-ground, differentiation, association, and order
relationships, respectively;

i and j are the indices of any two colors;
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L; and L; are the color brightnesses of theme i and theme j;

¢; and ¢; are colors of theme 7 and theme j;

hay = arctan(Z—i);

ch;, is the saturation value;

chy, = Va? + b?;

v;j is the intended relationship between two colors;

AE}, is the color distance between two colors;

Ahy,, is the tonal difference between two colors;

AL is the brightness distance between two colors;

6, is the color distance threshold for the figure-ground relationship;

6; is the brightness distance threshold for the figure-ground relationship;

u is the color distance threshold for the differentiation and association
relationship;

a is the hue angle threshold for the order relationship.

The last four parameters serve as thresholds to determine the effectiveness of
encoding these relationships. We assume that the original map is well designed,
meaning that its denotative quality is 1. Therefore, the values for these four parameters
can be extracted from the original map for further adjustment. By changing the color
assigned to a theme, we can measure its impact on denotative quality using this
approach. Additionally, as mentioned earlier, elements in both the figure and the ground
can be further semantically distinguished. Hence, the values of x and a can be further
refined based on the discriminability threshold for semantic relationships in the figure
and the ground.

To measure all the relationships in a map, we create a relationship matrix, denoted
as R, which is an n X n matrix, where n represents the number of themes. The overall
denotative quality can be calculated by summing all the elements in the relationship

matrix. To standardize the score, we normalize it to a range from 0 to 1, as follows:
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z ijlf(ci'cj'vij) (2)
i=1

nx(n-—1)

Q) =

where all variables follow the definitions given above.
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Fig. S5. Example of quantifying a map’s denotative quality. a, Adjusted map from the
example map in Fig. S4a. b, Corresponding relationship matrix. ¢, Quantified
denotative quality of the adjusted map.

We demonstrate the dimming of the sample map in Fig. S4a by slightly modifying
the color scheme, creating an illustrative energy-saving map (see Fig. S5a). The
corresponding relationship matrix is depicted in Fig. S5b. As shown in Fig. S5c, after
dimming the colors, while the denotative quality of some relationships is preserved (e.g.,
order between motorway and primary road, f(cgq,Crz, 0) = 1), several relationships
are  partially  distorted  (e.g.,  differentiation = between  street  and
residential, f(cp4, Cps, D) = 0.5). Overall, the adjusted map receives a denotative
quality score of 0.88. This method accounts for all possible relationships between any
two themes, making it applicable even if the relationships are altered, such as de-

emphasizing streets as ground or emphasizing water as a figure.

3.3 Step 2 Energy saving with consideration of figure-ground and semantic

relationships
3.3.1 Organizing a map’s denotative quality and energy consumption

The energy-saving problem for the map involves two objective considerations:

12



denotative quality and map display energy consumption. To align with the 0-1 range of
denotative quality and facilitate problem solving, we convert the absolute map display
energy consumption into an energy reduction level ranging from 0 to 1. Consequently,
the energy-saving problem can be mathematically formulated as a MAX-MAX problem,
represented as follows:

max Q(C)

E,(C) (3)
E,(C)

max (1 —

where Q(C) is the denotative quality of the adjusted map;
E,(C) is the energy consumption of the adjusted map;

E,(C) is the energy consumption of the original map.
3.3.2 Local searching for serious energy-saving maps

We employ a heuristic search method to solve the aforementioned dual-objective
optimization problem. Various multi-objective optimization algorithms can be
considered, such as the multi-objective artificial bee colony algorithm, multi-objective
particle swarm optimization algorithm, and nondominated sorting genetic algorithm-II
(NSGA-II). In this study, we choose the NSGA-II algorithm due to its advantages in
ensuring solution diversity and effectively covering the solution space of multi-
objective functions in the search space. The NSGA-II algorithm operates as follows:
first, initialize a set of populations representing potential solutions; second, calculate
fitness (standing for how good the solution is) of each population and rank the
populations using nondominated sorting; then, update populations through operations
such as selection, crossover, and mutation; finally, check if the termination conditions
are met, which could be reaching the maximum number of iterations or finding a
satisfactory solution; if not, repeat steps two and three.

In our case, a population represents a color scheme that includes all the colors used
in the maps. We initialize the populations with colors extracted from the original maps.
If a population's scores for both objective functions are not inferior to those of other

populations and at least one of the objective function results is better than that of other
13



populations, it is considered a nondominated solution. We adjust colors in the HSV
color space through multiple iterations of crossover, selection, and mutation on the
populations, guided by energy consumption and denotative quality in terms of fitness.
The set of nondominated populations with the highest fitness is known as the Pareto
frontier solution set.

Since our map energy-saving model incorporates the energy reduction level as one
of the objective functions (horizontal axis in Fig. S6a), we can gradually obtain energy-
saving maps by regularly sampling the Pareto frontier. Using the example map in Fig.
S4a as the original map, we sample the optimal solutions at 10%, 20%, 30%, and 40%

reduction levels (Fig. S6a), resulting in four energy-gradually reduced maps (Fig. S6b).
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Fig. S6. The result of gradually searching for energy-saving maps. a, Pareto frontier
indicating optimums. b, Four energy-saving maps at different energy reduction levels

(10%, 20%, 30%, and 40%).
3.3.3 Global search with reversed figure-ground initiation to maximize energy-saving

The local search approach addresses two challenges in identifying energy-
minimized maps. First, energy-minimized maps can significantly differ visually from
the original maps, making it time-consuming to reach the energy-minimized solution
through iterative search. Second, color hue constraints must be carefully considered
during map adjustments, as certain hues may have semantic associations (e.g., blue for
water). Incorporating color hue constraints would increase the algorithm's complexity.
To effectively find the energy-minimized maps, we propose a modification in the
initialization phase by reversing the brightness and saturation of each map color. The

modified initialization can be represented as:
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Ve, € C,L, =100 — L; and ch},; =100 — chy., (4
where L) is the adjusted brightness of theme i and chl,.;" is the adjusted saturation
of theme i. In this manner, the solution effectively converges toward the far end of the
horizontal axis, representing a high energy reduction level. However, we do not treat
the farthest end as the energy-minimized map because it may result in a significant loss
of denotative quality. Instead, we aim to explore the Pareto frontier to identify a break
point that signifies a solution with a maximized energy reduction while minimizing the
loss of denotative quality. In practice, when using color to encode figure-ground and
semantic relationships, the thresholds on color distance are slightly relaxed. As a result,
minor color changes may not initially damage the denotative quality. However, once
these thresholds are surpassed, even slight color variations can have a cumulative
impact on all related themes, leading to a sharp decline in denotative quality. Therefore,
the Pareto frontier tends to exhibit a convex function form. We consider the point at
which the ratio of quality and energy reduction abruptly changes as the energy-
minimized maps, striking a compromise between denotative quality and energy
reduction.

Taking the map in Fig. S4a as an example, Fig. S7a illustrates the Pareto frontier
using the reversed figure-ground initialization. Fig. S7b shows the solution with
reversed brightness and saturation. Fig. S7¢ displays the solution at the farthest end of
the energy reduction axis, marked as a red dot, with a 94% energy reduction. However,
its denotative quality is low (0.67). Fig. S7d represents the compromise solution,
marked as a blue dot, with an 87% energy reduction, which is considered the energy-
minimized solution. Although its energy reduction is lower than that of the farthest end
solution (0.90 vs. 1.90 uW/pixel, 94% vs. 87%), its denotative quality is significantly
higher (0.98 vs. 0.67).
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Fig. S7. The result of maximizing energy savings using reversed figure-ground
initialization. a, Pareto frontier indicating the optimum. b, Reversed brightness and
saturation solution for effective searching. ¢, Solution at the farthest end of the energy
reduction axis with 94% energy reduction. d, Compromise solution with 87% energy

reduction.

4. Detailed Evaluation Description

To examine the extent to which energy can be reduced without compromising the

denotative quality of the original maps, we designed a map-reading experiment.
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4.1 Materials

We purposely selected four test maps to assess our method (Fig. S8a). By extracting
parameters from the original maps (such as 6,=22, 6,=10, u=40, and a=10 on Map
B; see section 3.2.2 for a discussion of these four parameters), our method can be
initialized. We empirically set the population size to 300 and set the number of iterations
to 6000 (see section 3.3.2 for a discussion of these two parameters).

Since a 15% energy-saving target is set by The Climate Group (2008) for ICT, we
select 15% as a baseline for energy reduction. By employing our gradual search strategy,
adjusted maps can be generated at different energy reduction levels, specifically 15%,
30%, and 45% (refer to Fig. S8b).

Utilizing our reversed figure-ground searching strategy, we successfully obtain
four energy-minimized maps, as illustrated in Fig. S8c. These maps demonstrate a
significant reduction in energy consumption, with energy reductions of 91%, 83%, 80%,
and 85%. Furthermore, we evaluate the denotative quality of these maps, resulting in

values of 0.98, 0.99, 0.94, and 0.89, respectively.
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Fig. S8. Test results. a, The four original maps. b, The results of adjusted maps at 15%,
30% and 45% levels of energy reduction. ¢, Results of four energy minimized maps

using our reversed figure-ground searching strategy with energy reductions of 91%,

83%, 80%, and 85%.

4.2 Participants and procedure

To assess the denotative quality of the maps at different energy-saving levels, we
conducted a map-reading experiment. We recruited 127 volunteer students from the
first author’s university to participate in the experiment, excluding those who were
already familiar with the test maps. Before the test, we administered a color vision

deficiency (CVD) test using 12 Ishihara plates to all participants. Two participants with
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eye disorders, including weak color vision, who did not pass the test were excluded
from the study. Ultimately, we recruited a total of 125 participants, consisting of 60
females and 65 males, ranging in age from 21 to 28 years. By excluding individuals
already familiar with the test maps and accounting for potential color vision
deficiencies, we aimed to minimize confounding factors and ensure the reliability of
our results. All participants provided informed consent, and the protocol was reviewed
and approved by the university’s institutional review board.

For the map-reading experiment, we divided the 125 participants into five groups,
with each group consisting of 25 participants. Each group was assigned to evaluate a
specific version of the maps: the original map and the adjusted maps at 15%, 30% and
45% energy reduction. During the experiment, participants were presented with four
test maps and were given three sets of tasks to perform: identify, locate, and compare.
For the identify task, participants were randomly given three features to identify their
types (e.g., "What is the type of feature A?"). In the locate task, two areas were
randomly selected, and participants were asked to find the location of a specific feature
within the chosen area (e.g., "Where is the 'Greenbelt' in area A?"). For the compare
task, three features were randomly selected, and participants were asked to assess the
sortable or ordinal difference between two features (e.g., "Between road A and road B,
which road has a higher level?"). To ensure variation and minimize bias, different
participants were assigned the same map areas and map features for their tasks at
different energy reduction levels. All questions were presented in multiple-choice
format, with only one correct answer. Participants were provided with an answer sheet
to record their responses, filling in one answer for each question.

To ensure consistency and minimize potential color distortions caused by
variations in display screens, we conducted the entire experiment using a single desktop
computer equipped with an OLED screen. The screen had a resolution of 1,920 x1,080
pixels. Before the experiment, we calibrated the screen to ensure accurate color
representation. The calibrated screen was then placed in a quiet laboratory setting with
an ambient illumination level of 33.48 candela per square meter (cd/m?). This ambient

illumination level corresponds to a normal indoor lighting environment.
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Prior to conducting the experiment, we delivered a concise explanation of the
experimental process and the equipment used. Subsequently, each participant assumed
a comfortable seated position and commenced the task completion process. Upon
finishing a set of tasks, participants clicked the mouse to proceed to the next set until
all sets of tasks were completed. Overall, it took approximately 10 to 20 minutes for
participants to complete the 12 sets of tasks, which were performed on the four test
maps. As a token of appreciation for their participation, each participant received a

blind box with an approximate value of 10 RMB.

4.3 Results and analysis

In our analysis of the participants' performance, we evaluated two key metrics,
effectiveness and efficiency, for both the original maps and the energy-saving maps.

Effectiveness. We calculated effectiveness as the average percentage of correctly
answered questions for each set of tasks across all participants. To compare the
effectiveness of the energy-saving maps with the original maps, we normalized the
effectiveness of the energy-saving maps using the effectiveness of the original maps as
baseline. As a result, the effectiveness of the original map is considered 1, and higher
values indicate better effectiveness for the adjusted maps.

Based on the findings presented in Fig. S9, maps at 15% and 30% energy reduction

levels did not exhibit any significant difference in effectiveness compared to the
original maps (p-value = 0.05). However, in Map A, one of three sets of tasks at 45%

energy reduction showed statistical significance (p-value < 0.05), which is consistent
with the observations in Map C. For Map B, two of three sets of tasks at 45% energy
reduction exhibited statistical significance (p-value < 0.05). In the case of Map D, there
were no significant differences in any sets of tasks at 45% energy reduction (p-value <
0.05).

Efficiency. Efficiency was measured by calculating the average time taken
(recorded in seconds) to complete a set of tasks by all participants. We normalized the

efficiency of the energy-saving maps based on the time usage of the original maps as
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baselines. Specifically, we divided the time usage on the original map by the time usage
on the energy-saving map to determine the efficiency of the energy-saving maps. In
this normalization approach, the efficiency of the original map is considered 1, and
higher values indicate better efficiency for the adjusted maps.

According to the findings presented in Fig. S9, for all test maps, there were no

significant differences in effectiveness between the maps at 15% and 30% energy
reduction levels compared to the original maps (p-value = 0.05). However, in the

case of Map A, two of three sets of tasks at 45% energy reduction showed statistical
significance (p-value < 0.05). The same pattern of statistical significance was observed
in Map B and Map D. In Map C, all sets of tasks at 45% energy reduction exhibited

statistical significance (p-value < 0.05).
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Fig. S9. Statistics of the performance of energy-saving maps at four energy reduction
levels for three groups of map-reading tasks (locate, identify, and compare).

When comparing the results of effectiveness and efficiency across different levels
of energy reduction, it becomes apparent that the denotative quality of the maps is
compromised to varying degrees, as our method considers both denotative quality and
map display energy consumption. This compromise is achieved through heuristic map

adjustment. When making slight color changes to the maps, the effectiveness and
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efficiency of map reading may not be directly affected due to the preservation of color
proximity and contrast, despite the lower denotative quality. However, significant color
changes, especially in terms of color hue and/or brightness contrast, are likely to impact
the effectiveness and efficiency. As depicted in Fig. S8, when the energy reduction level
reaches 45%, although a relatively clear figure-ground relationship can still be
maintained, the color brightness contrast between the figures and the grounds
diminishes compared to the results at 15% and 30% reduction levels. Furthermore, the
maintenance of semantic relationships between map features is disrupted, which may
have a negative impact on effectiveness and efficiency. Analyzing the statistical results
of effectiveness and efficiency, we observe that compared to the original map, there is
a higher number of task sets that demonstrate significance in terms of efficiency rather
than effectiveness. This suggests that even though participants can correctly complete
some map-reading tasks, it requires a considerable amount of time, ultimately reducing
the overall efficiency of map utilization.

In addition to separately analyzing the effectiveness and efficiency of different
maps, we conducted an overall performance analysis by combining the results of
effectiveness and efficiency across all four test maps (as shown in Fig. S10). The

statistical findings indicate that, in general, maps at 15% and 30% energy reduction

levels exhibit no significant difference compared to the original map (p-value = 0.05).

However, maps at the 45% energy reduction level show a slight difference.
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Fig. S10. Overall statistics of the performance of energy-saving maps at four energy
reduction levels on three groups of map-reading tasks with the performance of the
original maps used as the baseline.

Based on these results, we conclude that our method can achieve a map display
energy reduction of up to 30%. This outcome surpasses the 15% energy-saving target
set by The Climate Group (2008) for ICT, thereby demonstrating the effectiveness of
our approach in significantly reducing energy consumption while maintaining a

reasonable level of map usability.
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