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1.​ Introduction 

Savanna elephants (Loxodonta africana) are a keystone species, acting as ecosystem engineers 

and important agents of seed dispersal (1,2). They are drivers for biodiversity changes, mediating flora 

and fauna state shifts supporting a semi-open ecosystem structure (3).  Spending around 75% of the day 

foraging, savanna elephants consume grasses and browse, strip bark off trees, and push over and break 

smaller, younger trees (4–9). Their home range and large-scale movement patterns are foremost 

structured by human activity, followed by environmental conditions, including water availability and 

forage conditions (10–15). Their preference for high biomass vegetation and other crucial resources 

increases as scarcity increases, meanwhile less nutritious foods, such as bark and woody vegetation, are 

consumed in greater amounts during the dry season when crop-raiding is increasingly likely to occur 

(16–19).  

Humans have diverse experiences living alongside elephants, ranging from coexistence to 

conflict. This human/elephant conflict (HEC), along with poaching and habitat loss, have led to Savannah 

elephants being listed as endangered on the IUCN red list (25). While HEC, which includes crop-raiding, 

has occurred in Africa since the dawn of agriculture (21), the effects are now magnified due to growing 

human populations and encroachment into elephant habitat (22–24). Human fatalities due to elephant 

conflict are rising in Zimbabwe (26). Local laws designed to protect wildlife can harm livelihoods and 

dissent about damage and losses can undermine conservation programs (27). Adopting a militarized 

approach of conservation can introduce violence to local people and diminish autonomy over daily 

activities and livelihoods (28). In protected areas within Zimbabwe, elephant management and 

conservation are largely the responsibility of the Zimbabwe Parks and Wildlife Management Authority, 

but their efforts are hindered by a small budget, low morale, and high turnover (29). Elephants that 

repeatedly endanger humans are killed.  
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HEC is a nuanced and multiscalar environmental challenge and predicting the geographic 

locations of crop-raiding requires consideration of natural and anthropogenic variables. Previous studies 

suggest elephants prefer millet, maize, sorghum (30,31) whereas others have found no effect of crop 

type on raiding occurrence (32). The diversity of crops within a field increases susceptibility to 

crop-raiding (31). Savanna elephants may balance perceived risk from humans with foraging 

opportunities. Previous work in Hwange National Park, Zimbabwe found crop-raiding declined with 

increasing distance to refuge areas along with higher household density (33). This aligns with studies 

elsewhere suggesting that elephant refuge is a significant predictor in crop-raiding occurrence 

(24,34–36).  Fields in the Okavango Delta in Botswana are more likely to be raided by elephants if they 

are far from the village and have been raided considerably in the past, whereas fields further from 

waterholes, further from elephant paths, and fields raided by livestock are less likely to be raided (37). 

Meanwhile, reports of conflict with an increasing elephant population in Angola are more common in 

areas with greater human density, particularly where fields are adjacent to roads (38). The relationships 

between elephant density and elephant space use with crop-raiding patterns were nonlinear, and that 

the probability of crop-raiding is actually higher in low elephant density areas (39), affirming the 

complexity of predicting and understanding crop-raiding patterns in southern Africa. The spatial patterns 

and clusters of crop-raiding change in response to anthropogenic changes of the landscape; for example, 

area under cultivation was a significant positive predictor of crop-raiding in Masai Mara National Reserve 

in Kenya in the late 90s but the reverse relationship was found in 2014-2015 (24).  

A range of mitigation and conflict deterrence methods exist, but elephants are intelligent 

creatures with exceptional long-term spatial memory (40–43). Experimental methods hailed as effective 

deterrents often become ineffective with time, as elephants learn when threats are empty (44–46). 

There are even reports that elephants have reacted to crop-raiding prevention methods by retaliating 
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after previous confrontations (47–49). Further complicating human-elephant interactions are restrictions 

and pressure from international organizations that reduce local agency to manage elephant populations 

and conflict (27,45). It is in this matrix of international and national policies, novel deterrent methods, 

challenging agricultural conditions, and dynamic climate that humans and elephants share space and 

resources. 

Machine learning (ML), a subset of artificial intelligence (AI) that predicts and/or understands 

relationships by training models using historical data, has immense potential for biodiversity 

conservation and monitoring wildlife and conflict (50,51). However, the use of GeoAI, the combination of 

artificial intelligence technologies, including ML and deep learning, with geospatial knowledge is 

relatively limited in regards to HEC (52,53). Regression methods have been the most popular quantitative 

techniques  to study human-wildlife conflict(e.g.(37,54)). However, these traditional methods typically 

assume a specific functional form of the relationship (e.g., linearity), which may be unfounded and 

unrealistic for modeling elephant crop-raiding. Therefore, GeoAI techniques have been used as 

promising alternatives to assess human-elephant conflict patterns in Asia and to provide suggestions for 

mitigating conflict (55,56).  

South of  Victoria Falls, Zimbabwe, elephants raid subsistence-level agricultural fields and come 

into conflict with humans in particular areas, whereas other areas remain relatively conflict free. To 

effectively mitigate this type of human-wildlife conflict requires understanding the spatial pattern of 

crop-raiding (57). While some GeoAI approaches may be characterized as a “black box,” failing to 

quantify the influence of predictors on model outcomes, this limitation does not preclude their utility in 

predicting the spatial occurrence of conflict. If machine learning algorithms can effectively decipher the 

complex, nonlinear, and dynamic patterns underlying human-elephant conflict, they can facilitate more 

proactive and precise management interventions. In resource-limited regions, such targeted approaches 
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are often more economically feasible and realistic than generalized strategies that may be costly and 

inefficient. 

Our objectives are: 1) to determine the environmental factors contributing to human-elephant 

conflict linked to crop-raiding in the communal lands south of Victoria Falls by integrating AI with GIS and 

2) to evaluate the performance and tradeoffs of advanced GeoAI techniques in modeling these complex 

patterns, providing a reproducible and transferable workflow suitable for environmental 

problem-solving. Results will expand our understanding of HEC in a region that is underrepresented in 

African elephant ecological research and that is growing and developing rapidly. Simultaneously, we will 

generate actionable knowledge for conservation planning under uncertainty and support 

evidence-based mitigation practices (58). By comparing different GeoAI models, we anticipate that our 

findings will advance existing studies on HEC, aiding scholars and practitioners in making more informed 

decisions on the performance and decision-making tradeoffs of the different algorithms in conflict 

modeling.  

2.​Case examination 

2.1 Study site 

Zimbabwe is a landlocked south African country bordered by Botswana, Zambia, Mozambique, 

and South Africa. The district of Hwange lies in the “horn” of Zimbabwe, south of the Zambezi River that 

forms the border with Zambia (Figure 1). Reported HEC occurs in the communal lands southeast of 

Victoria Falls (Figure 1) where elephant density is estimated to be 2.5 elephants per km2 or over 60,000 

elephants (59). Hwange is a hotspot for conflict, with more human fatalities compared to districts in the 

south, west, and northeast of Zimbabwe (26). The study area is just over 2000 km2 and extends from 

Zimbabwe’s northern border, east of the Matetsi Safari Area and Zambezi National Park, to -18.2327 
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latitude, 26.4133 longitude. It includes the communal lands of Chidobe, Kachecheti, Nemananga, 

Zambezi and the western half of Sidinda, totalling roughly 20,000 people (60). It is within the 

Kavango-Zambezi Transfrontier Conservation Area, an initiative between the governments of Angola, 

Botswana, Namibia, Zambia, and Zimbabwe to manage over 500,000 km2 sustainably and connect 

protected areas. This increased connectivity of elephant habitat coupled with the rising human 

population likely amplifies human-wildlife conflict (23,26).  

 

 

Figure 1 Location of study site in the Hwange District of Zimbabwe. Protected areas are identified by 
color. Satellite imagery 2023 (C) Google.  
 

The local climate can be divided into two seasons based on precipitation: a rainy season, during 

which 80% of precipitation occurs, and a dry season (Figure 2) (61). This highly seasonal water availability 

means rivers and natural water sources are significantly reduced during the dry season. Vegetation 

typically responds to precipitation by one to two months (61). Dominant vegetation types are dry forests 

and thickets, specifically Baikiaea woodland interspersed with Colophospermum woodland (62). 
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Figure 2 Typical annual timeline for agricultural activities in Hwange, Zimbabwe. Precipitation and 
temperature data presented were computed from 1990 to 2019 using Copernicus Climate Change 
Service ERA5 data (Copernicus Climate Change Service (C3S), 2017).  
 

Poor soils and erratic precipitation engender onerous and limited growing conditions in Hwange 

(63–65). Poverty is increasing, and the region experiences chronic food insecurity, with climate change, 

drought, and crop and livestock predation by wildlife all considered major threats (66). 

2. 2. Methods 

To identify potential drivers of HEC, we employed  positive and negative cases to train GeoAI 

models. We used points of reported HEC for positive cases and created pseudo-absence points of HEC as 

negative cases. An equal number of pseudo-absences to crop-raiding points was generated for each year. 

Pseudo-absence points were randomly generated within 100 m to 1 km from conflict locations. We 

calculated and tested nine environmental and six anthropogenic metrics to evaluate their explanatory 

power. Following exploratory analysis, we tested four GeoAI models: support vector machine (SVM), 
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random forest (RF), deep neural network (DNN), and multi-layer perceptron (MLP) neural network. 

Figure 3 shows a general overview of our methods. 

 

Figure 3. Methodology. Preprocessing steps to generate necessary inputs for further analysis are 
represented in blue. QA/QC indicates quality assurance/quality control. Exploratory data analysis (in 
green) consisted of plotting the distribution of variables and checking for correlation. Processes in yellow 
are GeoAI methods along with separation of training and testing data. A binomial generalized linear 
model (orange) was also used to elicit further information about the relationship between conflict and 
predictors.  
 

To test the sensitivity of our analysis to the exact location of pseudo-absence points, we created 

three additional sets of pseudo-absence points. Results of this sensitivity analysis are reported in 

Supplementary Information. 
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2.3.1 Crop-raiding data  

We used 713 documented and georeferenced HEC locations from 2015-2021 (Figure 4). 

Distribution of the number of points collected per year and the months points were collected can be 

found in Supplementary Information. Points are routinely collected in-situ by Victoria Falls Wildlife Trust, 

Hwange Rural District Council, and Connected Conservation rangers. Conflict is voluntarily reported 

year-round by calling the Hwange Rural District Council. A trained enumerator collects and verifies 

conflict data in-situ. There is no compensation for crop damage or incentive for reporting problematic 

wildlife. HEC in this region primarily arises when elephants seek out crops and anthropogenic food 

sources.  

 
Figure 4 Study area. Red points are crop-raiding locations. White points are pseudo-absence points 
created randomly within 100 m to 1 km from conflict points. Protected areas that are not mixed use are 
outlined in green. Satellite imagery 2023 (C) Google.  
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2.3.2 Data preparation and exploratory analysis 

Fifteen geospatial predictors across environmental and anthropogenic domains of HEC were 

calculated and considered (refer to Table 1 for resolutions and descriptions). The distributions of 

potential predictors were plotted and visualized (correlation matrix in Supplemental Information). 

Correlation was calculated using Pearson’s r correlation matrix and those with correlation values 

exceeding ∓0.7 were excluded, as the assumption of independence is violated, standard errors are 

inflated, and predictor effects can be challenging to determine (67,68). When ∓0.7 was exceeded, the 

variable that displayed the greatest overlap with other potential predictors was generally removed, but 

refer to Supplemental Information for further details.  

Table 1. Description of data along with resolution and source.  

Data Description Resolution Source 

Normalized 
Difference 
Vegetation Index 
(NDVI)  

Maximum and minimum 
NDVI values from Landsat 8 
Operational Land Imager 
(OLI) Tier-1 surface 
reflectance  

Temporal: 16-day 
repeat, restricted 
to crop-raiding 
months, as 
defined in Table 1 
in SI 
Spatial: 30m 

US Geological Survey, Landsat 8 
OLI Tier-1 surface reflectance   

Precipitation Maximum precipitation 
values modeled based on 
satellite and ground station 
data 

Temporal: daily, 
restricted to 
crop-raiding 
months, as 
defined in Table 1 
in  SI  
Spatial: 0.05°  

Climate Hazards Group InfraRed 
Precipitation with Station data 
(CHIRPS) Daily   

Buildings Nearest distance from 
buildings  

Temporal: data 
accessed Aug, 
2022 
Spatial: N/A 

Open Street Map 
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Protected areas Boundaries of conservation 
areas such as national parks, 
forestry lands, etc. 

Temporal: 
updated Oct, 
2020 
Spatial: N/A 

Protected Planet 

Roads Major and secondary roads, 
both paved and unpaved 

Temporal: data 
accessed Aug, 
2022  
Spatial: N/A 

Open Street Map 

Water Potential water sources: 
major rivers, and streams, 
ponds, lakes, wastewater 
sites, and reservoirs 

Temporal: data 
accessed Aug, 
2022  
Spatial: N/A 

Open Street Map  

Land cover Nearest distance from 
agriculture and nearest 
distance from closed canopy 
forest 

Temporal: 
Jan-March of 
2015-2021 
Spatial: 30m 

Created by lead author from 
Landsat 8 OLI imagery from the 
first quarter of each year 

Digital elevation 
model 

Slope  Temporal: data 
collected 2009 20 
with 
methodological 
improvements in 
subsequent 
versions 
Spatial: ~30m 

Advanced Spaceborne Thermal 
Emission and Reflection 
Radiometer (ASTER) Global 
Digital Elevation Model V003  

PALSAR-2/PALSAR 
Yearly Mosaic, 
version 2 

HV polarization 
backscattering dB 

Temporal: annual 
from 2015-2021 
Spatial: 25m 

Japan Aerospace Exploration 
Agency Earth Observation 
Research Center   

 

2. 3.3 GeoAI models 

 GeoAI models were chosen based on their suitability for binary classification, their overall ease 

of use, and to evaluate the tradeoffs between interpretability and predictive power. A binomial 

 

 



12 

generalized linear model (GLM) was also used to provide additional information about the relationship 

between predictors and crop-raiding occurrence.  

Predictive models were created with the locations of elephant crop-raiding as the dependent 

variable and potential geospatial drivers of conflict as the independent variables. Pseudo-absence points 

were created between 100 m to 1 km from conflict points. For constructing the RF model, 70% of all 

points were used for training and 30% for testing. The RF modeling technique uses ensemble methods to 

improve accuracy of results by combining multiple models, but the other three GeoAI techniques lack 

such a mechanism. Therefore to verify the performance of the SVM, DNN, and MLP models, we applied 

10-fold cross validation. For ML hyperparameters, see Supplemental Information. 

2. 4. Results 

2. 4.1 Predictors most important to modeling crop-raiding 

RF indicates the importance of predictors within the model. HV backscattering was the most 

important predictor variable, with a mean decrease in accuracy of 439 compared to the next most 

important variable, distance from protected areas, which had a mean decrease in accuracy of 350 (Figure 

5).  
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Figure 5. Variable Importance Plot of variables included in random forest model. 
 
 

 GLM also indicates the relationship between the predictors and the outcome, thus we used a 

binomial GLM to gain further insight into the relationships between predictors and crop-raiding 

occurrence. Predictors that negatively impacted crop-raiding include distance from protected areas 

(estimate ∓ SE = -0.42 ∓ 0.09,P<0.001), distance from agriculture (estimate ∓ SE = -0.26 ∓0.08 ,P<0.001), 

distance from roads (estimate ∓ SE = -0.16 ∓0.07,P<0.05), distance from closed forest (estimate ∓ SE = 

-0.22 ∓ 0.07,P<0.01), maximum NDVI (estimate ∓ SE = -0.46 ∓0.08,P<0.001), and HV (estimate ∓ SE = 

-0.13 ∓ 0.02,P<0.001). The only predictors to contribute positively included distance from buildings 

(estimate ∓ SE = 0.24 ∓  0.07, P<0.001) and distance from water (estimate ∓ SE = 0.25 ∓ 0.08,P<0.01).  

SVM, DL, and MLP are all “black box” models; no information is available concerning how 

predictors impact model performance nor the direction of any relationships. 
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2. 4.2 Comparison of GeoAI outcomes 

The SVM model with the best performance used a radial kernel with the tuning parameter sigma 

held constant, and a tuning length of 10. This SVM model resulted in a sigma of 0.07 and a cost of 128. 

Calculated as the proportion of classifications that were correct out of all classifications made, accuracy 

was 77.0%. Precision, the number of predicted positives that are true positives, was 73.8%. Recall, also 

referred to as sensitivity and calculated as the number of actual instances of crop-raiding that the model 

successfully identified as crop-raiding, for the SVM model was 81.4%. The F1 score (the harmonic mean 

of precision and recall) was 0.77. Table 2 shows the confusion matrix for all GeoAI models. 

 

Table 2. Confusion matrix for testing data using SVM, RF, DNN, and MLP.   

  SVM RF DNN MLP 

 Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Actual  
pseudo-abs
ence 

507.7 205.3 179 48 505.7 207.3 684.4 28.6 

Actual raid  132.6 580.4 35 170 224.1 488.9 36.2 676.8 

 

Total accuracy using testing data was 81.5% for the RF model. Of the predicted crop-raiding 

occurrences, 79.4% were correct. The RF model was able to correctly recall 83.0% of crop-raiding 

occurrences. This model’s F1 score was 0.81.  

The most successful parameterization of tested DNN used a sequential DL neural network model 

with two layers using the rectified linear unit activation (ReLU) function, a third layer using a sigmoid 

activation function so that the network output is binary, and the Adam optimizer. Five thousand epochs 

 

 



15 

were used and a batch size of 200. A total of 276 parameters were used to train the DNN model. Average 

model accuracy was 69.0%. Model precision was 70.2%, recall 68.6.%, and the F1 score was 0.69.  

MLP neural network classifier defaults were used with the exception of a maximum number of 

iterations of 100,000 and three hidden layers with 100 neurons in each. Model accuracy on average was 

79.5%. Of the crop-raiding locations predicted by MLP, 95.9% were true crop-raiding occurrences. The 

model correctly recalled 94.9% of all of the crop-raiding locations it was tested on. The F1 score was 

0.95%.  

2. 5. Discussion 

With arduous growing conditions, high food insecurity, and an increasing number of HEC-related 

deaths, precisely predicting where conflict will occur south of Victoria Falls remains exigent. Our study 

contributes to the broader HEC literature by determining the environmental factors precipitating conflict 

in a region underrepresented in African elephant ecological research and contending with rapid 

development. Able to discern complex, nonlinear relationships within geospatial datasets, advanced 

GeoAI frameworks show promise for deciphering the intricacies of HEC despite their limited use (52). 

Our results applying and evaluating the performance and tradeoffs of advanced GeoAI techniques in 

modeling HEC could engender targeted approaches that are more economically feasible in an area 

encumbered by low morale and limited budget (29). Such precise mitigation methods may be 

paramount, given rising human fatalities in this HEC hotspot (26). 

2. 5.1 Characteristics of crop-raiding in communal lands 

From the RF and binomial regression models, we are able to characterise HEC south of Victoria 

Falls. Variables that contributed most to the RF model were distance from agriculture, HV backscattering 

(indicator of biomass), and distance from protected areas. The most statistically significant relationships 
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(P<0.001) discovered through binomial regression were distance from protected areas, distance from 

buildings, distance from agricultural areas, and HV backscattering values.  

Elsewhere across Africa, the risk of crop-raiding increases closer to protected areas or refuge 

(30,34,35,69). Our findings are in alignment, as evidenced by the negative relationship between distance 

from protected areas and crop-raiding occurrence, reinforcing prior conclusions and extending their 

generalizability to a new nation Farms in greater proximity to Fuller State Forest, a protected area in the 

Hwange district of Zimbabwe, are at higher risk of crop raiding. Elephants may retreat to the safety of 

Fuller to avoid mitigation attempts such as chasing elephants while beating drums, shooting elephants 

with chili powder, fire, or a combination of methods designed to deter elephants. In addition to 

protected areas and dense vegetation acting as a refuge for elephants, human activity generally acts as a 

deterrent. We found HEC is less common in areas with higher building density, a finding consistent with 

previous research reporting reduced risk in lower density areas and further from buildings, suggesting 

the relationship between greater human activity and lower conflict holds across diverse geographical 

regions (30,37,70). Overall, our findings denote that elephants to the south of Victoria Falls are more 

likely to raid in areas with comparatively lower risk, as indicated by a lower presence of human activity 

and a greater presence of natural refuge. 

While we found that areas with lower maximum NDVI values (generally indicating less dense 

vegetation) are associated with crop-raiding, work in Tanzania from roughly the same time period found 

crop-raiding increased as average NDVI increased (69). However, in Mozambique, HEC increases as NDVI 

declines in protected areas and crops mature, with elephants selecting plants with high biomass, which 

may occur after NDVI peaks (71,72). The relationship between NDVI and vegetation is complex; 

connecting remotely sensed imagery to crop yield typically requires modeling using statistics or machine 

learning or data assimilation. The relationship between NDVI and yield can vary by region and crop type 

 

 



17 

(73–75). As we did not apply any site-specific calibration to NDVI values, the relationship between yield 

and NDVI may have eluded us. Future work could explore other indicators in relation to vegetation 

biomass. 

2. 5.2 Insights from GeoAI outcomes 

As the application of AI continues to expand within conservation efforts, it is essential to identify 

the most effective algorithms for addressing specific challenges (50,51). For HEC, we evaluated binomial 

algorithms designed to model conflict occurrence. While particular ML models may be hard to interpret 

due to their “black box” nature and the dearth of information they provide on relationships between 

inputs, such limitations do not diminish their ability to predict areas of potential HEC in this region and 

other areas affected by wildlife conflict.  The greater performance of said “black box” models thus 

present conservation managers with a decision-making tradeoff: greater predictive accuracy for 

mitigation efforts versus understanding the underlying drivers of conflict. 

In general, all ML algorithms performed well, with accuracy scores reaching, and in most cases 

exceeding, 70% for testing data. Comparatively, our results indicate that more advanced or complex ML 

algorithms are not necessarily the most effective option for predicting conflict. Of algorithms tested, the 

DNN performed the worst; it had an accuracy of roughly 70% and a number of false negatives and false 

positives. The SVM performed moderately (testing accuracy ~76%) with good recall but lower precision. 

The RF model, which allows us to determine the importance of variables, had an accuracy of roughly 

80% using testing data with balanced recall and precision scores.  

While the RF results are certainly respectable, they are considerably lower than the MLP neural 

network. The MLP neural network was the prevailing model, predicting conflict occurrence of test 

datasets with an accuracy of 95.5%, a precision of 95.9%, 94.9% recall, and an F1 score of 0.95 and with 

accuracy scores for the sensitivity analysis ranging from 90-96%. The strong performance of the MLP 
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neural network on testing data suggests that this model has the potential to be effectively applied to 

other regions and is not simply the result of overfitting the dataset. While this ML algorithm is a “black 

box” model and does not provide insight into individual predictor contributions, it far surpasses the 

accuracy of RF, which does provide such insights. The MLP neural network may be particularly beneficial 

for managerial applications, while potentially offering limited utility for scholarly research.  

Such impressive predictive results from the MLP can enable conflict mitigation methods that are 

precisely applied, thus allowing natural resource managers to allocate their time, effort, and resources 

more efficiently than with more generalized predictions requiring uniform coverage across space. For 

example, results from the MLP can be used to guide community patrols. In the broader context of HEC 

mitigation in northwestern Zimbabwe, where there is a high degree of conflict and  reducing HEC has 

been identified as a priority, implementing targeted mitigation strategies can have a meaningful and 

long-term positive impact on local livelihoods (26,76). Furthermore, wildlife managers can mobilize 

preventive interventions, such as the use of chili deterrents, in areas identified as high-risk (77,78). 

Coupled with data, such as seasonal rainfall and elephant movement, the MLP model could support early 

warning systems, making costly technology more accessible through targeted placement of necessary 

sensors (79,80). Thus, conservation managers face a trade-off between greater transparency regarding 

the underlying drivers of conflict and the increased accuracy provided by the “black box” model, which, 

while opaque, offers its own merits through enhanced predictive performance. 

The relative successes and shortcomings of the tested algorithms provide lessons on the intrinsic 

structural relationships within our dataset. The smaller size of our dataset may have contributed to the 

relatively poor performance of the DNN. It is also plausible that it overfit the data or that the dataset 

contains fewer hierarchical features within its structure (81,82). The radial SVM was able to discern many 

conflict locations but misclassified the psuedo-absences. The weak performance of the SVM indicates 
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that the relationship between conflict occurrence and our predictor variables cannot be smoothly 

delineated in a single, fixed feature space and that the decision surface the model creates based on 

Euclidean distances is not well-suited (83,84). The strong performance of the RF suggests that the 

relationships between conflict occurrence and our predictor variables are nonlinear and locally complex 

(85). Thus, implementing a fixed buffer zone or other linear mitigation methods are unlikely to succeed. 

The excellent performance of the MLP further supports that patterns within our dataset are nonlinear 

and moderately complex; thus a few layers are capable of modeling them (86,87). The MLP generalized 

well, indicating that the predictor variables are highly relevant to the occurrence of conflict.  

2. 5.3 HEC and the future  

Agricultural land across Zimbabwe is expanding (88). High elephant density coupled with 

growing demand from humans for natural resources is likely to exacerbate conflict as elephants and 

humans encounter each other more regularly. As damage from crop-raiding increases, tolerance for 

elephants declines, threatening development and conservation goals (89). Meanwhile, Zimbabwe’s 

leadership would like to stymie any such conflict and has made coexistence a noted priority of their 

wildlife management goals (76).  

Multiple methods exist to prevent elephant crop raiding. Across southern Africa traditional 

methods include burning, planting unpalatable vegetation, using drums to scare off elephants along with 

high-tech methods such as electrical fencing and more creative methods such as using bees, but the 

effectiveness of many of these methods declines as elephants learn when the threat is empty (46,90,91). 

The majority of elephant deterrents are ineffective or impossibly expensive, and farmers might place 

themselves in harm's way to defend their livelihood (46). Our results underscore that employing the 

most complex neural network architecture is not inherently essential for accurately and precisely 

predicting conflict occurrence. Achieving such high levels of accuracy as our MLP has the potential to 
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transform HEC mitigation strategies by enabling the deployment of expensive technologies at specific, 

high-risk locations rather than across entire regions.  

Furthermore, beyond the logistical benefits of using GeoAI models to identify precise, priority 

areas for amelioration using technologies that would typically be impossibly expensive or intractable at 

large scales, high accuracy GeoAI models present a potential shift in governance. Providing geospatial 

intelligence directly to local stakeholders can increase local agency and transfer the science of 

conservation and HEC from centralized, often militarized agencies to a more progressive management 

model. For example, a warning system requiring sensors to notify residents of impending risk from 

crop-raiding elephants could be implemented only at high-risk farms. Alternatively, community patrols 

that require significant manpower could be arranged only in high-risk areas. This autonomy is crucial, as 

farmers will not apply a mitigation method if it is unaffordable or they lack the manpower required to 

implement it (92,93). Methods shown to be the most effective at discouraging elephants, but which are 

typically impossibly expensive or intractable, may be feasible at smaller scales and with local adherence. 

HEC strategies should address the needs of local people, empower them to adequately handle conflict, 

and prioritize their needs in addition to the needs of wildlife (94).  

As our understanding of HEC advances, it is imperative that we do not overlook the tangible 

impact this issue has on affected populations. Disregarding the merit of the MLP model solely on the 

basis that it does not enhance our comprehension of the underlying drivers of conflict is shortsighted. 

Such a perspective neglects the genuine harm and suffering inflicted by HEC. 

2. 5.4 Limitations  

Human-elephant conflict occurs in a variety of situations influenced by a myriad of factors 

operating at varying scales. Our work is limited by its use of pseudo-absences of conflict. Using reported 

absences with information concerning whether or not crops were actively being cultivated, plant growth 
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stage, any elephant deterrents in use, as well as the planting and conflict history of that field would be 

ideal.  

Data collection efforts were impacted by the COVID-19 pandemic and shutdown of services in 

Zimbabwe. Southeast of Victoria Falls, the crop-raiding period typically lasts a few months. The first year 

in which data collection returned to normal following the end of the COVID-19 shutdown was 2021, and 

conflict was reported in all months for which we have data. Reports from residents indicate that 

elephants and wildlife were much more active in anthropogenic areas and bolder in their behavior in 

comparison to pre-COVID-19 pandemic levels. Thus, data from 2021 might not represent typical patterns 

for this region.  

3. Conclusion 

Predictors distance from protected areas, buildings, and agricultural areas, and HV 

backscattering values suggest elephants are more likely to raid crops close to areas of refuge and further 

from anthropogenic activity. The relative performance of ML algorithms tested suggests our predictors 

were relevant to conflict occurrence and that patterns within our dataset are nonlinear and moderately 

complex. MLP outperformed other algorithms in predicting conflict, although it does not provide 

information about which predictors contribute most to model accuracy.  Thus, the ML algorithm most 

capable of predicting conflict to aid in management decisions may be one disregarded by scholars for its 

dearth of information concerning the relationship of predictors.  

Predicting HEC is notably complicated and dependent on the temporal and geographic scale of 

data collected (32,95). As elephant populations rise in Zimbabwe, predicting HEC in this region grows 

exigent. Our results should provide local context and highly specific information on where conflict is 

likely to occur south of Victoria Falls. This information guides wildlife management, evidence-based 

mitigation methods, and informs agricultural planning.  
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4. Case Study Questions 

1.​ If you were a conservation manager with limited budget and resources, which model 

would you prioritize for mitigating conflict and why? 

2.​ How could the adoption of advanced GeoAI tools affect the autonomy of local farmers in 

managing HEC? Could these tools empower local communities to handle conflict or do 

they risk further centralizing management power with international, national, or 

regional agencies? 

3.​ Under what circumstances might understanding why conflict is occurring be more 

important than higher predictive accuracy? 

4.​ How might wildlife managers account for temporal anomalies, such as the COVID-19 

pandemic that affected 2021 data, when using GeoAI models to predict future conflict? 

5.​ Discuss the transferability of this GeoAI framework, which incorporates Google Earth 

Engine, OpenStreetMap data, and satellite-derived indices and measures. How might 

this framework need to be adapted to other human-wildlife conflict scenarios in various 

geographic areas? 

6.​ How should managers in regions characterized by limited budgets and low morale 

identify high-risk areas in need of mitigation? What are the potential consequences of 

false negatives, or failing to predict conflict, versus false positives, or implementing 

mitigation strategies where no conflict occurs? 

7.​ How can GeoAI frameworks be designed to ensure that the agency and knowledge of 

local communities is preserved and furthered rather than replaced by automated 

frameworks derived from satellite data? 
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SI 1 
GeoAI reproducibility 

Fifteen predictors of HEC were calculated and considered: building density (1), distance from 

fences (2), distance from agriculture, distance from buildings (1), distance from roads (3), distance from 

protected areas (areas with formal protection for wildlife) (4), slope and elevation (5), distance from 

closed canopy forest, maximum and minimum NDVI as derived from Landsat, HV polarization 

backscattering (6), distance from water (7), and standard deviation and maximum precipitation (8).  

To tabulate distance from agricultural areas and distance from closed canopy forest, annual land 

cover maps were generated via a random forest classification using Landsat 8 OLI surface reflectance 

data in Google Earth Engine (GEE). Overall accuracy ranged from 88-97%.  Building density was 

calculated by using a kernel density estimation with a radius of 10km and a quartic kernel shape. 

Distance measures from water sources, protected areas, roads, buildings, and closed canopy forest and 

agriculture land cover types were all “as the crow flies” distances as opposed to cost distance. 

Sensitive to ecosystem conditions and the most popular index for assessing vegetation coverage, 

the normalized difference vegetation index (NDVI) was used (9–12). Using GEE, NDVI for each pixel was 

calculated from Landsat 8 OLI imagery. In RStudio Version 1.1.423, for each year, measures of central 

tendency for NDVI were calculated per point and values extracted for months during which crop-raiding 

occurred. Synthetic Aperture Radar (SAR), a form of active remote sensing, has also proved useful for 

vegetation studies as an estimate of biomass (13–15). HV backscattering values were gathered per point 

from the PALSAR-2 Yearly Mosaic  (6). Precipitation values were sourced from CHIRPS, a global 

precipitation dataset designed for drought monitoring (8).  

The distributions of potential predictors were plotted and visualized (correlation matrix in 

Supplemental Information). All predictors were centered and scaled and correlation was calculated using 

Pearson’s r correlation matrices (16). Potential predictors with correlation values exceeding ∓0.7 were 
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excluded, as the assumption of independence is violated, standard errors are inflated, and predictor 

effects can be challenging to determine (16,17). When ∓0.7 was exceeded, the variable that displayed 

the greatest overlap with other potential predictors was removed, with the exception of building 

distance and building density, in which case building density was removed to simplify calculations for 

replication. Table 1 in the manuscript lists all predictors ultimately included.  

 GeoAI models were chosen based on their suitability for binary classification, their overall ease 

of use, and to evaluate the tradeoffs between interpretability and predictive power. A binomial 

generalized linear model (GLM) was also used to provide additional information about the relationship 

between predictors and crop-raiding occurrence.  

Predictive models were created with the locations of elephant crop-raiding as the dependent 

variable and potential geospatial drivers of conflict as the independent variables. Pseudo-absence points 

were created between 100 m to 1 km from conflict points and were assigned the same date as 

crop-raiding points. An equal number of pseudo absences to crop-raiding points was generated for each 

year.. As some reported conflict occurs just outside of agricultural areas, we chose not to limit possible 

pseudo-absence points to agricultural areas but to use a buffer area, ensuring a pseudo-absence point 

could not overlay a conflict point but environmental conditions were likely to be relatively comparable.  

For constructing the RF model, 70% of all points were used for training and 30% for testing. The RF 

modeling technique uses ensemble methods to improve accuracy of results by combining multiple 

models, but the other three GeoAI techniques lack such a mechanism. Therefore, we applied 10-fold 

cross validation when constructing the SVM, DNN, and MLP models to verify their performance. In 

10-fold cross validation, the dataset is randomly split into ten parts; each time, one part is used for 

testing and the remaining nine for training, rotating through all parts.  
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As SVM is sensitive to parameter settings (Burges, 1998; Vapnik, 1999), different cost values and 

linear, polynomial, radial, and sigmoid kernel types were all evaluated to optimize model performance 

and accuracy. This model was run in RStudio (Posit team, 2023) using the ‘caret’ package (Kuhn, 2008).  

The RF algorithm was also run in RStudio using the ‘randomForest’ package version 4.7 (Liaw & 

Wiener, 2002). The number of trees was adjusted iteratively to improve model accuracy using multiple 

model runs and evaluations. Ultimately, five thousand trees were employed to train 70% of the reference 

data. All other default model settings were used.  

Both neural network algorithms were run using Jupyter Notebook 6.1.4. A DNN was created 

using the Keras Python and TensorFlow libraries (Bernico, 2018). A sequential model was used and 

various activation functions, loss functions, and optimizers, such as stochastic gradient descent, 

RMSprop, and Adam were tested (Duchi et al., 2011; Kingma & Ba, 2014). A batch size of 200, 5000 

epochs, the binary cross entropy loss function, and the AdaGrad optimizer were selected. For MLP, the 

‘sklearn’ package version 0.0 was used (Pedregosa et al., 2011). Three hidden layers with sizes of 100 

were used and the maximum number of iterations was set to 100,000. 

To test the sensitivity of our analysis to the exact location of pseudo-absence points, we created 

three additional sets of pseudo-absence points: a set 1km from conflict points, 500m from conflict 

points, and 100m from conflict points. Distances were no more than 1km from an observed conflict point 

to ensure a similar landscape matrix as found at locations of known conflict. We then repeated the entire 

analysis with each set of pseudo-absence points. Results of these analyses are reported in later in 

Supplementary Information. 
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SI 2 
 
Table 1. Distribution of number of crop-raiding points for each year, months raiding were observed, and 
comments on collections. 
 

Year Number of HEC 
points collected 

Months of HEC 
point collection 

Comments 

2015 33 January through 
March 

First year data was systematically 
recorded 

2016 124 January through 
April 

 

2017 95 March through 
May 

 

2018 241 February through 
May 

 

2019 0 - Collection limited by crop failure 
due to drought 

2020 2 March Collection limited by lockdown due 
to COVID-19  

2021 218 January through 
November 
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Figure 1. Correlation matrix of potential predictor variables for reported elephant crop-raiding locations. 
Positively correlated variables are in red and negatively correlated variables are in purple. Darker shades 
indicate stronger correlation. Correlation coefficients are imposed on squares.  
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SI 3 
Results using pseudo-absences generated within a 1 km buffer: 

 

Figure 2. Correlation matrix of potential predictor variables for reported elephant crop-raiding 

locations using pseudo-absences generated within a 1 km buffer. Positively correlated variables are in red 

and negatively correlated variables are in purple. Darker shades indicate stronger correlation. Correlation 

coefficients are imposed on squares.  
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Figure 3. Variable Importance Plot of variables included in random forest model. 

 

Table 2. Confusion matrix for testing data using SVM, RF, DL, and MLP.   

  SVM RF DL MLP 

 Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Actual  
pseudo-abs
ence 

504.8 208.2 180 46 522.6 190.4 683.8 29.2 

Actual raid  136.9 576.1 34 168 212.7 500.3 38.1 674.9 

 

Predictors that negatively impacted crop-raiding, as evident in the binomial GLM, include distance from 

protected areas (P<0.001), distance from agriculture (P<0.001), distance from closed forest (P<0.01), 

NDVI minimum (P<0.05), maximum NDVI (P<0.001) and HV polarization (P<0.001). The predictors that 

contributed positively included building density (P<0.01) and distance from buildings (P<0.001).  
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Results using pseudo-absences generated within a 500 m buffer: 

 

Figure 4. Correlation matrix of potential predictor variables for reported elephant crop-raiding locations 

using pseudo-absences generated within a 500 m buffer. Positively correlated variables are in red and 

negatively correlated variables are in purple. Darker shades indicate stronger correlation. Correlation 

coefficients are imposed on squares.  

 

 

 



41 

 

Figure 5. Variable Importance Plot of variables included in random forest model. 

 

 

Table 3. Confusion matrix using SVM, RF, DL, and MLP.   

  SVM RF DL MLP 

 Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Actual  
pseudo-abs
ence 

486.3 226.7 167 61 507.3 205.7 680.2 32.8 

Actual raid  148.3 564.7 47 153 254.5 458.5 46.6 666.4 
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The binomial GLM showed predictors that negatively impacted crop-raiding include distance 

from roads (P<0.05), distance from agriculture (P<0.01), distance from closed forest (P<0.001), NDVI 

minimum (P<0.05), maximum NDVI (P<0.001) and HV polarization (P<0.001). The predictors that 

contributed positively included building density (P<0.01) and distance from buildings (P<0.001).  

 

SI 4 
Results using pseudo-absences generated within a 100 m buffer: 

 

Figure 5. Correlation matrix of potential predictor variables for reported elephant crop-raiding locations 

using pseudo-absences generated within a 100 m buffer. Positively correlated variables are in red and 

negatively correlated variables are in purple. Darker shades indicate stronger correlation. Correlation 

coefficients are imposed on squares. 
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Figure 6. Variable Importance Plot of variables included in random forest model. 

 

Table 4. Confusion matrix using SVM, RF, DL, and MLP.   

  SVM RF DL MLP 

 Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Predicted 
absence 

Predicted 
raid 

Actual  
pseudo-abs
ence 

420.7 292.3 154 67 481.4 231.6 684.4 28.6 

Actual raid  219.6 493.4 60 147 279.6 433.4 36.2 676.8 

 

Using pseudo-absence points created within 100m of reported raids, predictors negatively 

impacting HEC occurrences in the binomial GLM include maximum NDVI (P<0.001) and distance from 
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agriculture (P<0.05). Those with a positive impact include distance from building (P<0.001) and building 

density (P<0.01). 

 

 

 


	1.​Introduction 
	2.​Case examination 
	2.1 Study site 
	2. 2. Methods 
	2.3.1 Crop-raiding data  
	2.3.2 Data preparation and exploratory analysis 
	2. 3.3 GeoAI models 

	2. 4. Results 
	2. 4.1 Predictors most important to modeling crop-raiding 
	2. 4.2 Comparison of GeoAI outcomes 

	2. 5. Discussion 
	2. 5.1 Characteristics of crop-raiding in communal lands 
	2. 5.2 Insights from GeoAI outcomes 
	2. 5.3 HEC and the future  
	2. 5.4 Limitations  


	3. Conclusion 
	4. Case Study Questions 
	Author Contributions 
	Acknowledgements 
	Funding  
	Competing Interests  
	References 
	SI 1 
	SI 2 
	SI 3 
	Results using pseudo-absences generated within a 1 km buffer: 
	 

	 
	Results using pseudo-absences generated within a 500 m buffer: 
	 

	SI 4 
	Results using pseudo-absences generated within a 100 m buffer: 
	 


