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Figure 2. The distribution of the sample and the percentage of farmers who experienced effects of
climate change (CC) for each province in Indonesia.

Table 1 provides summary statistics, the expected signs of predictors, and the definition of each
variable.The outcome variable is the perceived impact severity of CC, which was measured by the
question: “Were you impacted by climate change? If yes, how much yield loss was caused by it?”
The responses consisted of 4 choices: <25% yield loss, 26–50% yield loss, 51–75% yield loss, and 75%
yield loss. The response was then converted into three categories: “no impact” for those who answered
‘no’ to the first question, “low impact” for those who reported less than 50% yield loss, and “high
impact” for those who reported greater than 50% yield loss. The purpose of this further recoding
was to clearly distinguish between low and high impact. The original impact category (consisting
of 4 groups) yielded a biased estimation between higher-low and lower-low impact and between
higher-high and lower-high impact. The data show that 66.2% (57,771 farmers) reported no impact,
29% (25,306 farmers) reported a low impact, and 4.9% (4253 farmers) reported a high impact.

The predictors included 17 variables, which were described in Section 3. The average age of
Indonesian rice farmers is 49.5 years, having only elementary schooling (5.81 years, six years of
elementary school), and most are male. The majority of farmers (70.7%) cultivate their land and
have an average landholding of 0.467 ha. Of rice farmers, 90% financed their farming, leaving only
9% who financed their farm with a loan. The irrigation infrastructure covered 45.3% of the rice
farmers in Indonesia, whereas the rest depended on non-technical (46.4%) and rain-fed irrigation
(7.9%). Ninety-six percent of farmers only cultivated rice and only 3.9% of farmers cultivated mixed
species. Chemical fertilizer is the primary input in rice farming; 91% of farmers apply it, while 8.7% of
farmers do not. The average cultivation frequency is twice annually. As with the institutional factors,
52% of farmers participate in a farmer group, 25% have access to extension services, and only 11.2%
have participated in a farmer field school. Finally, the climatic variables showed that 7.6% of farmers
experienced a flood, 18.9% of farmers experienced a drought, and 5.8% and 1.5% reported experiencing
heavy rain and other climate-induced hazards, respectively.
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Table 1. Summary statistics, the expected signs of predictors, and the definition of variables.

Variable Definition
Mean and
Frequency

S.D. Expected Sign

Response Variable

Perceived impact
of CC

Ordered dummy variable (0 = farmer perceives no impact of CC;
1 = farmer perceives a low impact of CC, production decreases
by ≤50%; 2 = farmer perceives a high impact of CC, production
decreases by >50%)

0:57,771 (66.2%) 0.579
1:25,306 (29%)
2:4253 (4.9%)

Social Variables
Age The age of the farm household head (year) 49.39 years 11.99 −
Education The years of formal training of the farm household head (year) 5.81 years 4.20 −
Gender Dummy variable (1 =male, 0 = female) 1:77,094 (88.3%) 0.322 −0:10,236 (11.7%)
Economic Variables

Land tenure Dummy variable (1 = owned land, 0 = other) 1:61,784 (70.7%) 0.453 −0:25,139 (28.8%)
Landholding The area of cultivated land (ha) 0.47 ha 0.51 +

Capital source A dummy variable, the source of used farm budget (1 = bank, 0 = other) 1:79,264 (90.8%) 0.290 −0:8066 (9.2%)
Technical Variables

Irrigation A dummy variable, the type of irrigation infrastructure
(1 = technical irrigation infrastructure, 0 = other)

1:39,530 (45.3%) 0.498 −0:47,800 (54.7%)

Cropping system A dummy variable, the type of cropping system applied
(1 =monoculture farming, 0 =mixed-species farming)

1:83,942 (96.1%) 0.193
+

0:3388 (3.9%)

Fertilizer
A dummy variable, the application of chemical fertilizer by the farmer
(1 = use chemical fertilizer, 0 = does not use chemical fertilizer)

1:79,744 (91.3%) 0.282
+

0:7586 (8.7%)
Cultivation
frequency The amount of rice cultivation in a year 1.64 0.696 +

Institutional
Variables

Farmer group Dummy variable, participation in a farmer group
(1 = participate, 0 = do not participate)

1:45,730 (52.4%) 0.499 −0:41,600 (47.6%)

Extension services
A dummy variable, access to extension services (1 = having access to
extension services, 0 = do not having access to extension services)

1:21,902 (25.1%) 0.433 −0:65,428 (74.9%)

Farmer field school A dummy variable, access to farmer field school (1 = having access to
FFS, 0 = do not having access to FFS)

1:9762 (11.2%)
0:77,568 (88.2%) 0.315 −

Climatic Factors

Flood
A dummy variable, experienced a flood
(1 = experienced, 0 = did not experience)

1:6635 (7.6%) 0.264
+

0:80,695 (92.4%)

Drought A dummy variable, experienced a drought
(1 = experienced, 0 = did not experience)

1:16,538 (18.9%) 0.392
+

0:70,792 (81.1%)

Heavy rain A dummy variable, experienced a heavy rain
(1 = experienced, 0 = did not experience)

1:5069 (5.8%) 0.233
+

0:82,261 (94.2%)

Other hazards
A dummy variable, experienced other hazards
(1 = experienced, 0 = did not experience)

1:1317 (1.5%) 0.121
+

0:8601 (98.5%)

Region A regional dummy variable (1 = Sumatera, 2 = Java, 3 = Bali and Nusa
Tenggara, 4 = Kalimantan, 5 = Sulawesi, 6 =Maluku and Papua)

1:23,379 (27.0%)
2:33,003 (38.2%)
3:8718 (10.1%)
4:9625 (11.1%)
5:10,556 (12.2%)
6:1156 (1.3%)

Note: − and + denote decreasing and increasing effect to farmers’ P-I, respectively.

3.3. Empirical Model

To estimate the effect of each predictor on the ordinal response variable, we used an ordered
probit regression. Ordered probit estimate can be used to estimate how each predictor determines the
probability that farmers perceive (whether high or low) an impact of CC on their rice farming. The use
of ordered-probit regression to analyze the effect of independent variables on the ordinal response was
favored to avoid false alarm (detecting a non-existent effect) and loss of power (failure to detect an
effect) problems [83]. Equation (1) specifies the model:

y∗i =
17∑

i=1

βxi + εi, i = 1, 2, . . . , N (1)

where y∗i is the response variable that represents the perceived impact of CC, β is the parameter to be
estimated, xi is the vector of predictors, εi is the error term, and N is the number of observations.
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4. Result and Discussion

4.1. Estimation Results

Of the 17 predictors analyzed in the ordered probit regression, 13 had a statistically significant
effect on the perceived impact of CC, 10 of these had the expected signs, 6 variables had a positive sign,
and 7 had a negative sign. However, since the climatic variables logically increase the degree of the
P-I, nine variables practically represent farmer characteristics that have a statistically significant effect.
The likelihood test ratio and the pseudo R2 indicated that the model is robust.

The estimation results of the social variables revealed that education and gender have a statistically
significant effect on P-I, having negative and positive effects, respectively. In the economic category,
only land tenure had a statistically significant adverse effect. The technical variables seem to primarily
affect the degree of P-I since all variables in this category have a statistically significant effect. Farmers
with access to technical irrigation, practicing monoculture farming, and applying chemical fertilizer
reported a lower degree of P-I. However, farmers with a higher cultivation frequency seem to have
experienced a greater impact of CC. The results of institutional variables suggest that participation in a
farmer group and having access to extension services reduce the degree of P-I. However, participation
in a farmer’s field school is not likely to have a significant effect in terms of decreasing the degree of P-I.

The purpose of incorporating climatic variables in the estimation was to identify which type of
climate-related hazard is perceived as causing the most severe damage. The estimation results revealed
that all variables in this category have a statistically significant positive effect on the degree of P-I. The
obtained coefficients indicated that farmers perceive flood as causing the most damage, followed by
drought, heavy rain, and other hazards. The estimation result for each variable is provided in Table 2.

Table 2. The estimation results.

Variable Name Estimate Sig.

Response Variable
Perceived impact of CC
Threshold low impact (1) −24.133 0.000 ***
Threshold high impact (2) −19.532 0.000 ***
Social Variables
Age −0.001 0.513 ns

Education −0.016 0.000 ***
Gender (Male) 0.071 0.011 **
Economic Variables
Land tenure (Own land) −0.039 0.050 **
Landholding −0.002 0.907 ns

Capital source (loan) 0.030 0.340 ns

Technical Variables
Irrigation (technical irrigation) −0.075 0.000 ***
Cropping system
(monoculture) −0.324 0.000 ***

Fertilizer (applying fertilizer) −0.098 0.000 ***
Cultivation frequency 0.030 0.042 **
Institutional Variables
Farmer group −0.034 0.091 *
Extension services −0.060 0.019 **
Farmer field school −0.001 0.980 ns

N 87,330
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Table 2. Cont.

Variable Name Estimate Sig.

Climatic Factors
Flood 7.271 0.000 ***
Drought 7.086 0.000 ***
Heavy rain 6.746 0.000 ***
Other hazards 6.682 0.000 ***
Regional Variables
Sumatera −0.577 0.000 ***
Java −0.394 0.000 ***
Bali and Nusa Tenggara −0.549 0.000 ***
Kalimantan −0.443 0.000 ***
Sulawesi −0.472 0.000 ***
Maluku and Papua −0.512 0.000 ***
Regression Robustness
Likelihoodtest ratio 135,205.866 0.000 ***
Pearson goodness of fit 28,051.967 1.000 ns

Deviance goodness of fit 22,696.188 1.000 ns

Cox and Snell R2 0.789
Nagelkerke R2 0.998
N 87,330

Note: ***, **, and * denote significant at 1%, 5%, and 10% levels, respectively. ns denotes a statistically not
significant effect.

4.2. Discussion

The identification of factors affecting the degree of a farmer’s P-I of CC was the primary purpose of
this study. The estimation results in Table 2 show the effect of each variable. The variables were further
classified into weakening and reinforcing factors. A reinforcing factor decreases the degree of P-I,
whereas a weakening factor increases it. Figure 3 summarizes the reinforcing and weakening factors.

Figure 3. The reinforcing and weakening factors of the climate change perceived impact.

4.2.1. Social Variables

The estimation results show that two out of three variables had a statistically significant effect.
Education and gender had significantly negative and positive effects, respectively, whereas age did not
have any statistically significant effect. The result suggests that farmers with higher levels of education
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better adapt to CC and thus perceive a lower degree of CC impact. Many studies have reported the role
of education in moderating the adverse effects of CC. A study on farmer use of CC adaptation practices
in Pakistan revealed that farmers with higher education are better at adjusting sowing time, using a
drought-tolerant crop, and practicing crop-shifting, and these practices have resulted in higher food
security [39]. Another study in Pakistan [67] and one in Kenya [84] that assessed farmer awareness
of CC also found a positive effect of education on adaptation ability. Similarly, a study in Ethiopia
found that education positively affects the probability of farmers adapting to CC via soil conservation
and changing planting dates [65]. These findings show that farmers with higher education perceive a
lower degree of CC impact because they are better at adapting to and have a higher awareness of CC.

The positive regression coefficient of gender indicates that male farmers perceived a higher
degree of impact than female farmers. The gender issue in the CC discussion has gained considerable
attention. In some studies, male farmers were reported to be better at adapting to CC. A higher
likeliness to undertake adaptation practices was found among male farmers in Ethiopia [65], and a
higher awareness of CC was found among male farmers in Kenya [84]. However, in a Pakistan study,
female farmers were found to be better at using adaptation practices and had a higher level of food
security [39]. A cross-European analysis of individual perceptions of CC revealed that women in most
European countries are more aware of CC, but the degree of awareness varied across countries [44].
Also, female representation in the national parliaments is related to the creation of stringent climate
change policies and lower CO2 emissions [85]. Furthermore, the theory of socialization stated that
female possesses stronger cooperation and carefulness, personal traits that are relevant to the success
of CC action, than male [86].

This finding suggests that the gender effect is context- and location-specific. In this study, female
farmers perceived a lower degree of impact. Based on the data, female farmers participate more
in crop insurance than male farmers. The participation rate of female farmers in crop insurance is
0.255%, whereas that of the male farmer is 0.192%. Women farmers have a more positive perception
regarding future farming conditions. Figure 4 shows the distribution of farmer perception of future
farming conditions.

Figure 4. Perception of female and male farmers on future farming conditions.

The regression result revealed that age has no statistically significant effect on the degree of P-I.
Age has often been associated with farming experience and increases the adoption of adaptation
practices [65] and awareness of CC [67,84]. However, another study suggested that younger farmers
are more likely to adopt adaptation practices [39]. A cross-European study obtained mixed results in
terms of the age effects on individual perception of CC [44]. Thus, the results in this study and of the
previous study indicate that, similar to gender, the age effect is location- and context-specific.
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4.2.2. Economics Factors

The results of this study revealed that land tenure decreases the degree of perceived climate
change impact. Landholding and farm capital source did not have statistically significant effects.
The effect of land tenure security on the rate of adaptation practices varies. A study in Ghana reported
that land ownership increases a farmer’s likeliness to undertake adaptation practices [87]. Conversely,
another study in Pakistan found that land ownership reduces it [88]. This study suggests that other
characteristics, such as education, household size, and resource access, might influence the identified
adverse effect of land ownership. Similarly, a study in Pakistan found an adverse effect of land
ownership, even after controlling for land size and wealth-related characteristics, but not for education,
which was found to have a strong positive effect [39]. These findings suggest that a stronger variable,
such as education, might offset the effect of land ownership. The results of this study indicate that land
ownership decreases the degree of P-I of CC.

Since we analyzed the P-I of CC on crop yield, the result indicates that farm owners are more willing
to adopt yield-enhancing adaptation strategies than farm tenants and sharecroppers. Farm owners
have a higher incentive to invest in adaptation practices [89]. A study in Pakistan and Indonesia found
that insecure land tenure decreases adaptation practices [90] and makes farmers less cautious in terms
of their farming, manifesting, for example, through an absence of soil conservation [91]. The positive
effect of secure land tenure on adaptation practices, however, has potential disadvantages when the
adaptation yielded unintended maladaptive outcomes. For example, a study on tomato growers in
Ghana revealed that the perception of climate variability drives farmer to use more agrochemicals to
retain crop production, and these chemicals cause the pollution of nearby water bodies and increase soil
acidity above the optimum crop requirements [18]. Similar practices have been identified in rural areas
of Indonesia, where watermelon farmers use excessive chemical pesticides to retain production, causing
groundwater pollution that damages the quality of water for consumption [92].1 Ultimately, adaptation
becomes maladaptation, which erodes sustainable development and shifts vulnerability to other actors.
Thus, it is essential to guide farmer’s adaptation practices to avoid unintended maladaptive outcomes.

4.2.3. Technical Factors

The probit estimation revealed that each variable in the technical category has a statistically
significant effect. The regression coefficient of the irrigation variable indicated that farmers with access
to technical irrigation perceive a lower degree of impact than farmers with non-technical and rain-fed
irrigation. Irrigation infrastructure is crucial for reducing the adverse effects of CC. The availability of
irrigation infrastructure (II) increases the efficiency of the distribution of limited water and decreases
crop yield loss due to drought. In some cases, II becomes a drainage facility that reduces crop damage
caused by flood. The establishment and improvement of II is a key framing device for CC adaptation
in a rice-based country such as Vietnam [94]. In Vietnam, II reduces water availability during the rainy
season and increases it during the dry season [95].

Technical irrigation in Indonesia has been developed since the 1970s with the support of the
Green Revolution program. The establishment of technical irrigation infrastructure has increased the
yields, cropping season, and cropping intensity of rice farming in Indonesia [73]. Conversely, both
non-technical and rain fed agriculture rely mainly on rainfall to supply irrigation. Hence, those in such
areas are vulnerable to drought occurrence and pay a higher cost of irrigation due to water scarcity.
Rice and agricultural productivity in this area are lower compared to areas with technical irrigation,
which means that farmers such areas are economically more vulnerable to CC.

The fertilizer variable demonstrated that the application of chemical fertilizer decreases the degree
of P-I. In line with the previous discussion, farmers often apply more agrochemicals to retain their crop

1 The example of data on extensive use of agrochemical in Indonesian farming can be found here [93].
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production. A study in Nepal identified that farmers adapt to CC by applying more chemical fertilizer
and this increases rice productivity [9]. This finding suggests that autonomous adaptation will likely
become maladaptive if a broader perspective is included. This is not surprising as the primary goal of
farmers is to increase crop yield or limit crop yield loss, and, in most cases, this is also the priority of
agricultural policy. Thus, a further adaptation policy should guide farmers to implement appropriate
adaptation practices to reduce unintended maladaptive outcomes.

The results also indicate that monoculture farming decreases the degree of perceived CC impact.
Monoculture is often regarded as a threat to biodiversity. Thus, multiculture farming is commonly
employed to reduce biodiversity loss in trees farming. However, monoculture in rice farming is less of
a threat to biodiversity since its temporal dimension is short [96], and the majority of farmers practice
crop rotation. The last variable, cultivation frequency, increases the degree of P-I. A higher cultivation
frequency prolongs exposure to CC, which increases the probability of farmers being affected by CC
and increases the degree of P-I.

4.2.4. Institutional Factors

The estimation results show that access to extension services and participation in a farmer group
significantly decrease the degree of P-I, whereas participation in a farmer’s field school does not.
Extension services are effective information channels used to raise farmer awareness of CC and
drive adaptation practices. The importance of extension services as a means of delivering accurate
information about CC has been addressed in many studies. A study of farm households in four
provinces in Pakistan demonstrated that access to extension services increases how likely a farmer is to
adapt to CC [39]. Similarly, a study on rice farmers in the Terai and Hill area of Pakistan indicated
that farmers who receive information from extension agents are more likely to adapt [9]. Extension
services have been the focus of studies in East Africa [97], Ethiopia [65], and Punjab, Pakistan [67], to
enhance a farmer’s resilience against CC. These finding indicate that information is crucial in shaping
and directing a farmer’s behavior with respect to CC. Access to timely and accurate information not
only increases a farmer’s awareness and adaptation to CC, but might also be used to inform farmers
about adaptation practices that yield maladaptive outcomes.

Indonesian farmers receive extension services from several sources, such as state agricultural
extension officers (PPL), a state pest-control officer (POPT), an officer from the office of agriculture
at the district level (Diperta), and private extension services. Figure 5 shows the number of farmers
who receive extension services based on the type of extension service officer. Only 25% of rice farmers
in Indonesia have access to these services. The primary extension agent is from the government.
The data shows that non-government extension agents vary in type, and these may be from a private
corporation (such as a pesticide and fertilizer factory), a non-governmental organization (NGO), or
may be associated with peer-farmer extension. Increasing the number and coverage of extension
agents is essential for CC adaptation policy in Indonesia, since the majority of farmers (41%) receiving
extension services are concentrated in Java, with 21.4% in Sumatera, 8.3% in Bali and Nusa Tenggara,
10.6% in Kalimantan, 14.4% in Sulawesi, and 1.2% and 1.9% in Maluku and Papua, respectively.
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Figure 5. The number of farmers who receive extension services based on the type of extension agents.

The government should encourage the establishment of farmer-to-farmer extension services given
the potential human resource in Indonesian rice farming. Currently, 82% of the rice farmer population
is 20–60 years of age, and 2% of rice farmers have a bachelor degree or higher. Of this educated group
(bachelor degree or higher), 87% are aged between 20 and 60 years, with 25% in 20–40 years, and 61%
in the 41–60 years old group. Facilitating the establishment of farmer-to-farmer extension provides
a strong foundation for sustainable agricultural extension. Farmer-to-farmer extension provides a
cost-effective training method for farmers, since trained farmers disseminate their useful knowledge to
the non-trained farmer, and the non-trained farmer is eager to adopt the technology used by the trained
farmer to increase yield and profit [98]. A strong positive effect of formal education on a farmer’s
resilience with respect to CC suggests that farmer-to-farmer extension provided by an educated farmer
potentially increases the resilience of the recipient.

The estimation results indicate that participation in a farmer group decreases the degree of P-I.
Participation in a farmer group is the primary requisite for obtaining farm inputs, extensions, and other
programs provided by the government [79]. Several studies have reported the importance of farmer
groups in increasing farmer adaptation to CC [65,97], awareness to CC [67], and farm productivity and
food security [39].

4.2.5. Climatic and Regional Factors

This category focuses on identifying the type of impact that a farmer perceives as most severely
damaging their farming. The category contains four variables: Flood, drought, heavy rain, and other
hazards (such as landslides). The estimation results show that farmers perceive floods as causing
the most severe impact, followed by drought, heavy rain, and other hazards. Flood and drought are
the primary consequences of changes in rainfall frequency and intensity. The occurrences of drought
and flood are the cause of agricultural yield loss in developing countries and generally affect large
areas [99,100]. Figure 6 shows the distribution of farmers who have experienced flood and drought
events in Indonesia. The distribution shows that more farmers have experienced droughts than they
have floods. Even in provinces with high rainfall intensity, droughts are more frequent than floods.
The spatial distribution of affected farmers shows that farmers outside Java are more vulnerable to
CC. This information is vital in the implementation of adaptation policies. The government should
prioritize the increase in the climate resiliency of farmers outside of Java Island. The increase in
resiliency can be achieved by expanding the coverage of agricultural extension services to farmers.
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Figure 6. The distribution of farmers experiencing flood and drought in each province of Indonesia
(the rainfall intensity unit is mm/year).

The regional variables demonstrate regions whose farmers perceive a higher degree of CC.
The estimation results indicate that farmers in Sumatera are likely to perceive the impact of CC.
Twenty-seven percent of Indonesian rice farmers are in Sumatera, so a large impact of CC on rice
farmers in Sumatera is perceived, since the national rice supply significantly decreased. Thirty-eight
percent of Indonesian rice farmers in Java perceive a low impact of CC. The agricultural infrastructure
in Java is more advanced than other regions in Indonesia. Physical and institutional infrastructure
have been established in Java since the 1970s. Thus, in the future, it is critical to emphasize agricultural
regions outside Java. The order of regions from the most vulnerable to the most resilient is as follows:
Sumatera, Bali and Nusa Tenggara, Maluku and Papua, Sulawesi, and Kalimantan.

4.2.6. Policy Implications

The primary purpose of an agricultural CC adaptation policy is to reverse its adverse effects.
Adaptation to CC limits agricultural yield loss and improves food security. In some cases, CC is
beneficial to agricultural production if proper adaptation practices are implemented [101,102]. Whereas
the majority of countries have formulated a specific adaptation strategy to be implemented at the
farm level, the remaining challenge is delivering the strategy so that it is adopted by many farmers.
The theory of risk perception suggests that individuals who perceive a higher degree of risk would
be willing to take any action required to remove the risk [27–29]. In the case of the CC impact on
agriculture, farmers will be more willing to adopt adaptation strategy if they individually perceive
CC damage. However, this high likeliness to adapt becomes a problem if a farmer’s autonomous
adaptation creates maladaptive outcomes. Thus, identifying the determinants of a farmer’s P-I is
crucial in the implementation of adaptation policy. This information can be used to increase the rate of
adaptation practices and limit maladaptation.

The results of this study show that the P-I of CC is affected by various factors. Female farmers
are shown to be more resilience in managing the impact of CC than male farmers. The theory of
socialization suggests that female possesses a stronger personal traits that are relevant to CC action
(mitigation and adaptation) than male. Hence, increasing female farmer participation in adaptation
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activity and in the CC-related decision-making process is crucial to increase farmer resilience toward
CC. Formal education and access to extension services have a strong effect in terms of reducing
the degree of P-I, and this strongly agrees with previous studies in many developing countries.
Therefore, information is crucial to increasing a farmer’s resilience with respect to CC. Thus, we suggest
strengthening information about CC as a primary policy. Information about CC can be strengthened in
two aspects: First, by increasing the coverage of current extension services and, second, by establishing
farmer-to-farmer extension, where educated farmers (those with a bachelor degree or higher) provide
education to their peers. Among other factors, land tenure is crucial in adaptation policy. Findings in
this study suggest that the security of tenure drives farmers to provide the investment and pay for the
running costs of adaptation. Economically, the security of tenure ensures that farmers are incentivized
to adopt of adaptation practices.

1. Policy implications that are suggested based on these findings are as follows: Female farmer are
better at managing the CC impact. It is essential to increase female farmer participation in CC
action (adaptation and mitigation) and in the CC-related decision making process. Additionally,
extension services are currently an effective method of delivering the substance of a policy to
the farmer. It is crucial to use current channels of agricultural extension to provide adaptation
strategies to farmers and to expand the coverage area of the extension services.

2. The government should facilitate farmer-to-farmer extension, which can be implemented by
identifying key farmers (farmers with a high degree of formal education), providing them with
intensive training, and facilitating the dissemination of their expertise. This strategy is feasible
because Indonesian rice farmers with a high degree of formal education are aged between 20 and
40 years and have a high potential to be a key farmer in this framework.

3. Efforts should be made to implement adaptation policies based on a farmer’s land tenure and
prioritize farmers who cultivate land under a lease or sharecropping contract. The security of
tenure affects a farmer’s incentive to adopt and conduct adaptation practices. The farmer who
cultivates land under a lease or sharecropping contract will put little effort and investment into
adaptation practices. Currently, 20% of Indonesian rice farmers are in this category; if they do not
practice adaptation strategies, the decrease in rice production will be substantial. In the context of
food security, the national rice supply will decrease.

5. Conclusions

We attempted to identify factors affecting the degree of P-I of CC on farm yield among rice farmers
in Indonesia. The P-I is a subjective measure of the impact of CC on farm yield. This subjective nature
of P-I is essential because it indicates how farmers will adapt to CC. The more severe the P-I of CC,
the more likely farmers are to adopt adaptation practices. In general, the results seem to support the
findings of previous empirical studies and that little difference exists between the actual and perceived
impact of CC. Higher education, secure land tenure, the existence of irrigation infrastructure, and
access to extension services decrease the degree of the P-I of CC. Previous empirical studies showed
that these variables improve how likely a farmer is to adopt CC adaptation practices. Since farmers
with a high value for these variables are likely to undertake adaptation practices, we conclude that
adaptation limits the adverse effects of CC on farm yield. Hence, the farmer perceives a lower impact
of CC.

However, since we measured the perceived impact of CC on farm yield, the existence of
maladaptation is suggested. A farmer’s primary objective is to retain their yield level, and it is likely
that adaptations are primarily aimed to limit yield loss. Consequently, such adaptation potentially
creates maladaptive outcomes. In Section 4.2.3, the application of chemical fertilizer was found to
decrease the degree of P-I. This suggests that farmers might use excessive chemical fertilizer (inputs) to
reduce yield loss. This excessive use will pollute nearby water bodies and decrease soil quality.

Finally, the information obtained from this study is nationally representative and is relevant for
the National Adaptation Policy in Indonesia. However, the current study is limited in providing
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the details of adaptation practices (the type and form of adaptation) in which farmers engage. Thus,
additional study that captures the detailed conditions and practices of Indonesian rice farming is
crucial in supporting the information in this study.

Thus, our results provide a basis for future research directions:

1. As extension services play a vital role in providing information to other farmers, an investigation
into the mechanism by which extension services improve the resilience of farmers with respect
to CC will provide essential information for improving the efficiency of extension services in
delivering timely information to the farmer.

2. The identification of which type of extension officer and what information contributes most to
increasing farmer resilience with respect to CC will yield vital information for increasing overall
resilience to CC.

3. The identification of the type and form of adaptation practices among Indonesian rice farmers
and their outcome is crucial for identifying whether a farmer’s practices will lead to appropriate
adaptation or maladaptive outcomes.
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Abstract: Characterizing the spatiotemporal patterns of ecosystem responses to drought is important
in understanding the impact of water stress on tropical ecosystems and projecting future land
cover transitions in the East African tropics. Through the analysis of satellite measurements
of solar-induced chlorophyll fluorescence (SIF) and the normalized difference vegetation index
(NDVI), soil moisture, rainfall, and reanalysis data, here we characterize the 2010–2011 drought in
tropical East Africa. The 2010–2011 drought included the consecutive failure of rainy seasons in
October–November–December 2010 and March–April–May 2011 and extended further east and south
compared with previous regional droughts. During 2010–2011, SIF, a proxy of ecosystem productivity,
showed a concomitant decline (~32% lower gross primary productivity, or GPP, based on an empirical
SIF–GPP relationship, as compared to the long-term average) with water stress, expressed by lower
precipitation and soil moisture. Both SIF and NDVI showed a negative response to drought, and SIF
captured the response to soil moisture with a lag of 16 days, even if it had lower spatial resolution and
much smaller energy compared with NDVI, suggesting that SIF can also serve as an early indicator
of drought in the future. This work demonstrates the unique characteristics of the 2010–2011 East
African drought and the ability of SIF and NDVI to track the levels of water stress during the drought.

Keywords: solar-induced chlorophyll fluorescence; drought; photosynthesis; East Africa; water
stress; NDVI

1. Introduction

Droughts impact not only ecosystem functions but also the well-being of affected human
populations [1,2]. The temporal and geospatial responses to drought are varied, and they threaten
regions that are less well-adapted to water stress. A better understanding of the relationship between
photosynthesis and water stress has broad reaching implications for our understanding of the global
carbon and hydrological cycles.

Roughly half of the global variability in terrestrial carbon cycling can be attributed to carbon
dioxide fluxes in tropical Africa, but the impact of drought on these fluxes is still modeled with
significant uncertainty [3]. Further research on continental carbon fluxes is limited by data availability
and characterization of regional productivity responses to drought [4,5]. The future of ecosystem
productivity in the tropics is limited by how well plants cope with water stress but the influence
of seasonal water stress on productivity, particularly in Africa’s tropical regions, has rarely been
characterized [6,7].

African climate is characterized by summer rainfall in the northern and southern tropics with
an equatorial bimodal regime in-between. Regional variations notwithstanding (Figure 1), rainfall
in tropical East Africa is delivered during the boreal spring and fall (Figure 2), accompanying local
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solar insolation maxima. The rainy season from March to May, known as the “long rains” in Kenya,
“Belg” in Ethiopia, and “Gu” in Somalia, includes the majority of annual regional rainfall. A second
rainy season occurs during the boreal fall and is referred to as the “short rains” in Kenya, “Keremt” in
Ethiopia, and “Deyr” in Somalia. For simplicity, Kenyan terminology is employed in this study along
with March, April, May (MAM) and October, November, December (OND) to refer to respective rainy
months. In the area of our interest (black boxes in Figure 1), annual mean precipitation is 439 mm/year;
this is a dry region where the two growing seasons (Figure 3) are susceptible to even small decreases
in precipitation.

Figure 1. Average annual mean precipitation from Global Precipitation Climatology Project (GPCP; left)
and Tropical Rainfall Measuring Mission Multisatellite (TRMM; right) climatology data, demonstrating
the variability in rainfall regimes in the area. For zonally averaged values, the drought region is defined
as the land area between 1.5◦ S and 4◦ N and 38.5◦ E to 46.5◦ E (black box).

Figure 2. The climatology of rainfall over the drought region as presented by the two precipitation
products used in this study, GPCP and TRMM.

Climate extremes on the African continent are well studied due to their potential to produce
far-reaching economic and social consequences. East Africa has faced at least one major drought
per decade over the last half century [8]. That said, regional droughts are typically isolated to only
one of the two rainy seasons; consecutive failed rains are uncommon phenomena given the differing
influences on precipitation for each rainy season. The successive failure of 2010 short rains and 2011
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long rains produced the worst East African drought in the last 60 years [9], causing humanitarian
crises in East Africa.

This study seeks to characterize the productivity response of tropical East Africa to water stress
while identifying the unique spatial and temporal characteristics of the 2010–2011 drought. Related
research on gross primary production (GPP) change in other tropical ecosystems and drought impacts
relies on satellite-derived measurements because in situ measurements there remain scarce, largely due
to operational constraints [10]. Here, we use relatively new satellite measurements of solar induced
chlorophyll fluorescence (SIF) [11] to study the change in East African productivity during the drought,
in conjunction with other atmospheric and terrestrial datasets. In Section 2, we describe the data and
methods that we used. The results and discussion are presented in Sections 3 and 4. We summarize
and conclude our study in Section 5.

2. Materials and Methods

2.1. Study Area

Our study area is the Horn of Africa region around the equator (Figure 1) where precipitation
has two maxima (Figure 2). The Horn of Africa region, including Kenya, Ethiopia, and Somalia,
collectively referred to as ‘East Africa’ (e.g., [12]), has been historically susceptible to droughts [13].
The El Niño Southern Oscillation (ENSO) significantly impacts OND precipitation [14]. The March and
April precipitation signal, on the other hand, is more influenced by the position of the Intertropical
Convergence Zone (ITCZ) (and thus the Indian Ocean warm pool temperatures [12]), and May rain is
heavily influenced by the divergent low-level winds of the Indian monsoon [15].

2.2. Atmospheric Datasets

We used satellite-derived rainfall estimates from the Tropical Rainfall Measuring Mission
Multisatellite (TRMM) Precipitation Analysis (TMPA) 3B43 product, averaged monthly from 1998
to 2013 at a 0.25-degree spatial resolution [16]. TRMM precipitation is calculated from the radiative
and emissive properties of cloud hydrometers at visible, infrared, and microwave wavelengths,
which serve as proxies for rainfall rate. The TRMM 3B43 dataset combines rain gauge, infrared,
passive-microwave, and precipitation radar estimates and is generally well correlated at a monthly
time scale with African rain gauge measurements across the continent [17] and over East Africa’s
complex topography [18]. To supplement TRMM data, we used the Global Precipitation Climatology
Project (GPCP 1979–2012) [19] dataset because it has a longer record, starting from 1979, and is thereby
valuable to compare the 2010–2011 drought with other historic droughts. GPCP data are derived from
rain gauge and satellite data. We note that the number of rain gauges has declined throughout this
region (40 in 1979 to 5 in 2010) [20].

Soil moisture data integrate precipitation anomalies in time and were used here to depict
the spatial distribution of contemporary African droughts. Soil moisture products retrieved from
Advanced Scatterometer (ASCAT) and Advanced Microwave Scanning Radiometer–Earth Observing
System (AMSR–E) represents soil moisture in the top 1–2 cm of soil at a spatial resolution of ~50 km,
sensitive to small precipitation events [21]. Land emissivity is a function of soil moisture; AMSR–E
employs a low-frequency passive microwave remote sensing approach to measure the brightness
temperature at Earth’s surface [21]. The ASCAT is an active microwave sensor that measures
backscatter from the surface, which is a function of soil moisture. This resulting soil moisture estimate
demonstrates potential for drought monitoring [22]. Remotely-sensed soil moisture measurements
are used in similar studies to monitor drought, including to characterize the spatial and temporal
distribution of the 2010–2011 East Africa drought [23]. This study differentiates itself from previous
research in that it characterizes the vegetation response to these conditions.

Reanalysis data from the European Centre for Medium-Range Weather Forecasts (ECMWF) were
used to characterize the atmospheric and land surface conditions that led to the successive failure of
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the 2010–2011 East African monsoons [24]. Variables analyzed for drought monitoring extended from
January 1979 to present and were analyzed to assess different drought effects and dynamics. Two m
air temperature was selected due to its relationship to surface soil drying (as in [25]), its associated
role as a climate driver (as in [26]), and because higher temperatures reduce water use efficiency
during photosynthesis [27]; water vapor flux data were selected to monitor regional moisture transport.
Sea surface temperature (SST) data were from the HadISST [28].

2.3. Terrestrial Datasets

Data related to both canopy structure and plant physiological activities were included in this
study to characterize surface-level drought impacts. We used the normalized difference vegetation
index (NDVI) from the moderate resolution imaging spectrometer (MODIS) MOD13C2 product.
The resolution was 250 m, and we used data from 2007–2012 at 16-day, 0.05-degree resolution
to characterize the change in potential or accumulated productivity [29]. We used solar induced
chlorophyll fluorescence (SIF) as an indicator of actual photosynthetic activity from the Global Ozone
Monitoring Experiment-2 (GOME-2)) [11]. GOME-2 measures this fluorescence signal at 9:30 am local
time and provides global coverage every 1.5 days. The nadir footprint size is 40 km × 80 km; here we
used both monthly and weekly GOME-2 products from NASA at a spatial resolution of 0.5◦.

Fluorescence occurs when a solar photon is absorbed and is elevated to an excited state in the light
reaction of photosynthesis. Typically, between 2 and 5 percent of photons absorbed by chlorophyll are
re-emitted at longer wavelengths as fluorescence [30]. Canopy-level SIF measurements demonstrate
that fluorescence capture productivity decreases even when NDVI remains constant [31]. SIF retrievals
are also sensitive to seasonal dynamics of vegetation, independent from the structure of the canopy,
and have been employed for stress detection in ground [32], aircraft [33], drone [34], and satellite-based
instruments at wavelengths surrounding the oxygen A and B bands or Frauhoefer lines [35].

To assess the impact of the 2010–2011 drought on GPP, we scaled SIF to GPP using a linear
relationship between monthly SIF and a GPP product, Fluxnet Multi-Tree Ensemble (MTE) GPP [36]
during 2007–2011 (Figure 3). The Fluxnet GPP data were calculated using a machine-learning approach
with eddy covariance datasets from flux towers, climatic variables, and remote sensing products.
The dataset spanned from 1983 to 2011. The GOME-2 monthly SIF overlapped with Fluxnet–MTE over
the 2007–2011 period. We then calculated the difference between 2010–2011 SIF and SIF climatology
(2007–2012). We limited our analysis between 2007–2012 because GOME2 SIF showed a decreasing
trend after 2013, likely caused by a sensor drift [37]. We calculated the GPP reduction during the
drought period by using this relationship between SIF and GPP.

Figure 3. The relationship between solar-induced chlorophyll fluorescence (SIF) and gross primary
production (GPP): (top) spatiotemporally-averaged SIF and GPP for the black box region in Figure 1;
(bottom) the relationship between SIF and GPP.
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2.4. Analysis

Remotely-sensed proxies for terrestrial vegetation activity (SIF and NDVI) and atmospheric
reanalysis data were processed via the same methodology. These data were presented as standardized
anomalies (z-scores), calculated by removing climatological mean values and dividing by the standard
deviation of the mean. The resulting signal was therefore corrected for seasonal variability and the
differences in the magnitude of the anomaly among different variables. In this analysis, multi-year
means were calculated over as long a time period as the record permitted. For zonally averaged values,
the drought focus region was defined as the land area between 1.5◦ S to 4◦ N and 38.5◦ E to 46.5◦ E
(see black box in Figure 1), modified from [20].

In our analysis, the 2010–2011 drought was compared to previous droughts in East Africa as
recorded in the emergency events database EM-DAT: The International Disaster Database, consistent
with [38]. EM-DAT provides global historical drought records. In our study we included all
EM-DAT-recorded drought events in Kenya, Ethiopia, and Somalia with the exception of 1987, 1988,
and 1989, which were excluded because the drought season could not be determined. Previous regional
drought years in the Horn of Africa include 1980 (MAM), 1983 (OND), 1991 (OND), 1994 (MAM), 1997
(MAM), 1998 (OND), 1999 (MAM), 2000 (MAM), 2003 (MAM), 2004 (MAM), 2005 (OND), 2008 (MAM),
and 2009 (MAM). We note that 1998–1999 is the only other consecutive set of drought events before
the 2010–2011 drought in the past 30 years.

3. Results

3.1. Spatial and Temporal Patterns of the 2010–2011 Drought

During the 2010–2011 drought, regional reductions in rainfall were evident spatially and
temporally (Figures 4–6). The 2010–2011 drought, in fact, represented a significant reduction (as large as
three standard deviations less) in rainfall, not only as compared to the climatology (Figures 5D and 6D),
but also as compared to the region’s substantial drought history (as large as 1.5 standard deviations;
Figures 5F and 6F). During the previous drought years (a ‘drought climatology’ is presented in Figures
5B and 6B), a negative rainfall anomaly of the short rains (OND) was primarily between 40◦ E and
43◦ E, whereas the 2010 drought extended further east and with greatest intensity further westward
than the average of 41.5◦ E (Figure 5E,F and Figure 6E,F). The decrease of the ensuing long rains (MAM)
was one standard deviation below that of previous droughts (Figures 5B and 6B) in the southern
hemisphere, exacerbating drought started in the season of short rains. In both rainy seasons, the
2010–2011 drought extended further east than in previous drought events. The 2010–2011 drought was
spatially distinct from previous regional droughts.

The ITCZ does not extend over East Africa during the rainy seasons but its spatial coherence over
the West Indian Ocean can be considered as a proxy for moisture transport to East Africa because
the Indian Ocean temperature alters the local Walker Circulation [13]. East Indian Ocean SST is
warmer than West Indian Ocean SST (Figure 7), and this east–west gradient in the SST pattern has
been associated with droughts in East Africa [13]. A strong negative correlation exists between SSTs in
the tropical Indian and Pacific Oceans and East African rainfall [39].

In August and September of 2010, the precipitation that eventually became the southern maximum
of the West Indian Ocean double ITCZ was significantly reduced in intensity and showed a less robust
spatial integrity than was evident in the climatology (Figures 6 and 7). Anomalously low precipitation
over the western Indian Ocean in the months preceding the OND long rains yielded a reduced
westward extension of the southern ITCZ and correspondingly reduced water vapor transport to East
Africa. Ultimately, this resulted in less distinct double ITCZs over the West Indian Ocean and reduced
precipitation over East Africa.
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Figure 4. The 2010–2011 drought (red) represented a significant reduction of productivity (SIF and
NDVI, Normalized Difference Vegetation Index) as compared to the mean annual cycle (thick black
line) of different precipitation products averaged over the drought region.

Figure 5. The 2010–2011 drought was spatially and temporally unique. The left column represents
monthly rainfall climatology (GPCP) (A), drought climatology (alternatively referred to as a drought
composite—an average of previous regional droughts (B), and 2010–2011 rainfall (C). Cool colors
represent high rainfall. The right column represents average rainfall anomaly (B minus A) during
drought years (D), 2010–2011 rainfall anomaly (C minus A) (E), and drought anomaly (E minus D or
precipitation anomaly as compared to the drought composite average anomaly) (F). Brown values
represent anomalously low rainfall whereas blue values represent greater than expected (anomalously
high) rainfall. The anomaly was averaged along the longitude between 38.5◦ E and 46.5◦ E.
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Figure 6. Similar to Figure 5, but the anomaly was averaged along the latitude between 1.5◦ S and
4◦ N.

Figure 7. The climatology of sea surface temperature (HadISST, ◦C) and TRMM rainfall (mm/day)
over the Indian Ocean during both rainy seasons. The East Indian Ocean is warmer than the West
Indian Ocean. Moisture transport to East Africa is linked to this temperature gradient.

Failed formation of the double ITCZ over the West Indian Ocean continued into the MAM season,
a season with a typically weaker double ITCZ (Figure 7). Precipitation in the West Indian Ocean was
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anomalously low during MAM of 2011, particularly over the southern maxima of the double ITCZ
(Figure 8). Wind divergence from the southern ITCZ during January and February 2011, coupled with
reduced long rains over the same area (Figure 9), produced a significantly weakened southern ITCZ,
when compared to previous drought years. Water vapor for East African rainfall was heavily linked
to this precipitation, and a relationship between rainfall in West Indian Ocean and East Africa was
clear: strongly reduced rainfall in the West Indian Ocean resulted in (or was at least a strong proxy for)
decreased precipitation in East Africa (e.g., [13]).

Figure 8. The anomaly of sea surface temperature (HadISST, ◦C) and rainfall (mm/day) during
2010–2011 East African drought.

Figure 9. Anomalies of 2 m surface air temperature (filled colors) and 850 hPa wind (vectors).
Temperatures generally increased in East Africa during the 2010–2011 failed rains. This contributes to
but may also exist as a positive feedback with decreased photosynthetic activity: photosynthesis
decreases at higher temperatures, but surface temperatures increase with the resulting reduced
transpiration. OND is October, November, December; MAM is March, April, May.
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3.2. Photosynthetic Responses to the Drought

SIF captures the spatial distribution and severity of the 2010–2011 East African drought (Figure 10).
Anomalously low photosynthetic activity spatially correlated with soil moisture anomaly over the
duration of the drought. MODIS NDVI spatially (Figure 10) and temporally (Figure 11) approximated
the extent of the 2010–2011 drought, particularly within 10◦ of the equator.

Figure 10. Anomalies of NDVI, SIF, soil moisture, and precipitation during the 2011 drought. Both
SIF and NDVI approximate similar drought spatial extents. Anomalies calculated at highest available
temporal resolution from the onset of the drought in October 2010 through April 2011.

The temporal response of NDVI or SIF followed soil moisture (Figure 11). The relationship was
stronger with a lagged correlation (NDVI or SIF lags soil moisture) (Table 1), probably because the
response of the ecosystem productivity took time. A 16-day lagged correlation has higher coefficient
values (0.83 and 0.76 for NDVI and SIF) compared with no-lag correlation (0.56 and 0.35 for NDVI and
SIF,). Both SIF and NDVI values were sensitive to soil moisture or water stress (Figure 11).

The small signal of SIF (1–2% of total APAR), and the large footprint of the GOME-2 sensor
likely produced significant noise, as evidenced by the anomalies on the western extent of Figure 10.
The considerably greater spatial resolution of the MODIS product likely yielded spatial precision in
the MODIS NDVI panel of Figure 10.

As was demonstrated in previous studies [11,35], SIF scales well with GPP (Figure 3).
We calculated GPP reduction using the relationship between GOME 2 SIF and Fluxnet–MTE GPP. For
the long rain period, the total reduction in GPP was 117.47 gC m−2 (95% CI: 110.55, 124.40). For the
short rain period, the total reduction in GPP was 64.4 gC m2 (95% CI: 61.43, 67.38). The total reduction
of GPP during this drought accounted for 32.1% of annual mean GPP (mean annual GPP in this area is
565.6 gC m−2).

The spatial distribution of surface temperature anomalies calculated from ERAI monthly averages
since 1979 suggested that decreased photosynthetic activity was correlated with temperature increases
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of between 0.8 and 1.3 degrees Celsius in the fall of 2010. Temperature anomalies were less pronounced
in MAM 2011 (Figure 9).

Figure 11. Zonally averaged SIF and NDVI response to soil moisture in East Africa (a black box
in Figure 1. This figure was generated from 16-day average SIF from Global Ozone Monitoring
Experiment-2 (GOME-2) data (red), NDVI from moderate resolution imaging spectrometer (MODIS)
data (dark green), and daily soil moisture (blue) data.

Table 1. The relationship between soil moisture and NDVI or SIF from Figure 11. Lagged correlation is
calculated as NDVI or SIF is 16 days lagging soil moisture.

Correlation Coefficient p

No lag
Soil moisture and NDVI 0.56 0.02

Soil moisture and SIF 0.35 0.16

16-day lagged
Soil moisture and NDVI 0.83 p < 0.001

Soil moisture and SIF 0.76 p < 0.001

4. Discussion

The mean annual cycle of precipitation in East Africa is already difficult to characterize in modeled
results and interpolated data sets [40]. A dearth of regional climate data contributes to this problem:
precipitation estimates are limited by a low density of rain gauges and the short record of high spatial
resolution soil moisture data (SMOS data only dates back to 2010) [41]. Long term reductions to
the long rains are linked to rising SSTs in the western Indian Ocean, a trend likely to continue as a
consequence of anthropogenic climate change [12]. If the West Indian Ocean becomes warmer, long
rains are projected to fail with increased frequency, as is evident since 1999.

Intergovernmental Panel on Climate Change (IPCC) projections for the region suggest a future
characterized by increased episodic, extreme precipitation events, meaning there will be more rain and
more droughts [42]. Other studies project an increase of rainfall in East Africa during the short rains
in response to a large scale weakening of the Walker circulation [13]. Possible land-cover/land-use
change as a consequence of agricultural technology adaption further exacerbates this uncertainty and
are relevant to both natural ecosystems and agricultural regions, especially in food-insecure areas with
high population densities [43].
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Additionally, water stress is certain to have a substantial influence on natural ecosystems of
East Africa in the coming decades. Previous research in the Amazon basin documented the impacts
of drought on tropical ecosystems and was partially corroborated by this study [27]. Decreased
water availability causes plant stomata to close, effectively shutting down photosynthesis. Increased
temperature reduces the enzyme activity that enhances photosynthesis. Temperatures in East Africa
are projected to rise with global warming and therefore the positive temperature anomaly during
the OND 2010 drought offers insight into the productivity response of East Africa to this inevitable
trend. Rising temperatures increase potential evaporation, thereby decreasing effective moisture.
This mechanism is correlated with the drought stress influencing regional photosynthesis and suggests
that water stress exhibits a first order control on ecosystem productivity in East Africa. A temporal
analysis of surface temperature would be needed to corroborate this hypothesis and future work
decoupling the relationship between temperature, water stress, and regional productivity is critical to
an accurate projection of East Africa’s future amidst climate change.

Previous research established the impact of rising global sea surface temperatures on the
short rains: the dominant mode of variability in the tropical warm pool is related to global
temperatures [39]—increased temperatures are likely to further dry East Africa due to the strong
relationship between “short rains” and Indian Ocean sea surface temperatures. Efforts to link East
African spring rains with sea surface temperature indices in the Pacific and Indian Ocean [44] continue,
thus far suggesting that MAM rains are most sensitive to January sea surface temperatures (SSTs).

Both SIF and MODIS NDVI spatially approximated the extent of the 2010–2011 drought as
compared to soil moisture and previous analysis [45], and SIF captured the response almost as well
as did the NDVI, even if it has lower spatial resolution and much smaller energy, suggesting that
SIF can also serve as an early indicator of drought in the future. However, state-of-the-art retrievals
from GOME-2 are still limited by the sensor’s design; the satellite was intended to monitor ozone,
not SIF. Further, GOME-2 measurements occur at 0930 local time, well before the midday insolation
and accompanying light saturation that causes stomata to close and thus shut down photosynthesis;
vegetation may not be fully stressed at the time of SIF measurements. Taken together, these caveats
suggest that GOME-2 SIF data may have under-reported water stress during the 2010–2011 drought.
Measurements by an optimized sensor at peak insolation could serve as an improved record of
vegetation stress.

The spatial extent of the failed 2011 long rains was amplified by the reduced availability of water
resources following the failed short rains in the previous season. Failed rainy seasons amplify the
consequences of subsequent reductions in rainfall. The converse, however, was not true in 2010–2011:
anomalously high rainfall in MAM 2010 did not protect the region from the failed rains of OND 2010.

5. Conclusions

The failures of 2010 short rains (rainfall in OND) and subsequent long rains (rainfall in MAM) in
East Africa caused a pronounced decrease in productivity, leading to a humanitarian crisis. Here we
characterize the atmospheric and terrestrial response of tropical East Africa to the 2010–2011 drought.
The 2010–2011 drought was extraordinary in temporal, spatial, and intensity anomalies even as
compared to previous drought events. A stronger understanding of drought dynamics in East Africa
will contribute to improved drought predictions [46] with hopes that their impacts can be prepared for
in advance.

The successive failure of the rainy seasons in the 2010–2011 drought resulted in a devastating
humanitarian crisis in East Africa. The decreasing trend of the long rains [12], particularly when the
short rains fail as a result of the ENSO activity, could yield land cover changes and biome redistribution
while fomenting social unrest and food insecurity. Future work related to the 2010–2011 East Africa
drought will focus on determining the spatial variability of previous regional droughts to contextualize
the unique features of the 2010–2011 event. An improved understanding of the ecosystem productivity
response to water stress in these regions is critical due to the carbon impacts of increased drought
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incidence as a consequence of climate change. In the context of global changes in precipitation
seasonality [47], this analysis concludes that SIF is an effective tool to track the response of vegetation
to water stress. SIF responds to the water stress of the 2010–2011 East African drought, and it captures
the response almost as well as the NDVI even if it has lower spatial resolution and much smaller energy.
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