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Abstract

Desert locust outbreaks continue to threaten agricultural productivity and food security across East Africa,
creating an urgent need for surveillance systems that are accurate, scalable, and capable of supporting
early intervention. This study evaluates and validates an Al-driven hyperspectral remote sensing
framework for locust surveillance in South Nyanza, Kenya, using ground-truth observations and
conventional field-scouting records as benchmarks. The study employed 150 georeferenced spatial units,
with 70% used for model training and 30% reserved for independent validation. Random Forest and
Logistic Regression were applied to hyperspectral and environmental indicators, while model performance
was assessed using confusion matrix metrics, Out-of-Bag error, and Receiver Operating Characteristic
analysis. On the 45-unit validation set, the Al-driven framework correctly classified 37 locations, achieving
an accuracy of 82.22%, precision of 83.33%, recall of 83.33%, and an F1-score of 83.33%, with an Out-
of-Bag error rate of 18.20%. The Random Forest model achieved an ROC-AUC of 0.844, substantially
higher than the 0.585 obtained from the conventional field-scouting baseline. The framework also reduced
false-negative detections from 10 to 4 cases. These findings demonstrate that integrating machine learning
with hyperspectral remote sensing can strengthen locust surveillance by improving classification
reliability, reducing missed infestations, and supporting evidence-based early warning and intervention
planning.

Keywords: Artificial Intelligence; Hyperspectral Remote Sensing; Random Forest;, Locust Surveillance;
Model Validation.

L INTRODUCTION

Desert locust outbreaks continue to threaten agricultural productivity, food security, and
environmental sustainability across East Africa because of their rapid reproductive cycles,
migratory behavior, and capacity to destroy extensive crop fields within short periods. Recent
invasions have demonstrated significant weaknesses within existing monitoring systems,
particularly in regions historically considered low-risk areas for locust infestations. In Kenya,
changing climatic conditions, ecological shifts, and vegetation variability have increased
vulnerability in previously unaffected agricultural zones, necessitating more effective

surveillance systems (FAO, 2021; Salih et al., 2020).

Conventional locust surveillance systems primarily rely on field inspections, manual
observations, historical records, and community reporting mechanisms. Although these
approaches provide valuable operational information, they are constrained by delayed reporting,
limited spatial coverage, high operational costs, and reduced predictive capability. Such

limitations significantly affect early warning systems and reduce the effectiveness of timely
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intervention strategies, particularly within geographically extensive agricultural environments

(Cressman, 2016; Lazar et al., 2020).

Recent developments in hyperspectral remote sensing technologies have created opportunities for
improving environmental monitoring and pest surveillance systems. Hyperspectral sensors
provide detailed spectral information capable of detecting subtle variations associated with
vegetation stress, moisture variability, land cover changes, and habitat suitability conditions
linked to locust breeding activities. These capabilities make hyperspectral remote sensing
increasingly important for agricultural monitoring applications requiring fine-scale environmental

characterization (Thenkabail et al., 2018; Shafiee et al., 2021).

Simultaneously, Artificial Intelligence (Al) techniques have demonstrated strong capabilities in
processing multidimensional environmental datasets and generating predictive models for
ecological monitoring applications. Machine learning algorithms such as Random Forest and
Logistic Regression have increasingly been adopted because of their ability to identify nonlinear
relationships and improve classification performance within complex datasets (Breiman, 2001;
Mubarak et al., 2022). Despite increasing adoption of Al-driven surveillance systems, limited
studies have validated integrated Al-hyperspectral frameworks against ground-truth observations
and conventional locust monitoring records within resource-constrained agricultural
environments. Therefore, this study aimed to validate the performance of an Al-driven
hyperspectral framework through comparison with ground-truth data and conventional locust

monitoring records to assess predictive reliability and operational applicability.

II. LITERATURE REVIEW

Conventional locust surveillance systems remain heavily dependent on manual field observations,
expert surveys, and historical monitoring databases for identifying potential outbreak areas.
Although these approaches have supported operational locust control programs for decades,
several studies report limitations including delayed detection, inadequate geographical coverage,
and dependence on human expertise, thereby reducing surveillance effectiveness in rapidly

changing ecological conditions (Cressman, 2013; FAO, 2021).

Hyperspectral remote sensing technologies have increasingly emerged as important tools for
environmental monitoring because they provide continuous spectral measurements across
multiple wavelengths. Previous studies demonstrate that hyperspectral indicators can effectively
characterize vegetation health, soil moisture conditions, land cover dynamics, and ecological
variables associated with pest habitats. Vegetation indices such as NDVI and SAVI have
particularly shown usefulness in identifying environmentally suitable breeding environments for

agricultural pests (Thenkabail et al., 2018; Xue & Su, 2017).
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Artificial Intelligence and machine learning techniques have transformed environmental
monitoring by enabling automated classification and predictive modeling capabilities. Random
Forest algorithms are widely adopted because they handle high-dimensional datasets efficiently
and reduce overfitting risks, while Logistic Regression remains valuable for binary classification
problems involving environmental suitability analysis. Previous studies have reported successful
applications of these techniques in agricultural monitoring and pest prediction systems (Breiman,

2001; Cutler et al., 2007).

Model validation remains critical in Al-driven surveillance systems because predictive accuracy
alone does not guarantee operational reliability. Validation approaches commonly include
confusion matrix analysis, Receiver Operating Characteristic (ROC) analysis, Area Under Curve
(AUC) measurements, and comparison with ground-truth observations. Integrating field
observations with conventional monitoring records has been shown to improve model credibility
and support practical implementation within environmental monitoring systems (Fawcett, 2006;

Powers, 2020).

Existing literature demonstrates significant progress in Al and remote sensing applications
independently; however, limited empirical studies have validated integrated Al-driven
hyperspectral surveillance frameworks using both ground-truth observations and conventional
monitoring records within East African agricultural environments. This study addresses this gap
by evaluating the predictive reliability and practical applicability of an integrated surveillance

framework.

III. RESEARCH METHODS
This study employed an empirical, quantitative experimental design integrating spatial analytics

with ensemble machine learning pipelines to detect and classify locust-prone environments
(Creswell & Plano Clark, 2018). The study was conducted within South Nyanza region, Kenya,
an agriculturally productive region increasingly vulnerable to locust invasions due to climatic
variability, vegetation changes, and ecological shifts. The region was selected because of its
agricultural significance and increasing susceptibility to environmental conditions associated with
locust breeding habitats. The area is characterized by diverse agricultural systems, humid climatic
conditions, heterogeneous vegetation cover, and mixed farming practices that provide favorable
ecological conditions for desert locust breeding and feeding. The geographical domain of the
analysis ranges between approximately -0.3505° to 0.5029° Latitude and 34.15172° to 35.06998°
Longitude. To establish a standardized spatial framework, the study area was partitioned into 150
distinct, georeferenced spatial sampling units. To ensure rigorous transparency, these observation

units were distributed across the administrative boundaries based on localized topography and
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historical threat logs, comprising 63 units in Migori County, 52 units in Kisii County, and 35 units
in Nyamira County (See Figure 1 below). Each observation unit corresponds precisely to a 30m

x 30m spatial resolution cell to maintain pixel-level co-registration with satellite imagery assets.
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Figure 1: Thematic study map area
Quantitative environmental datasets were collected using drone-mounted hyperspectral sensors
together with satellite imagery platforms. Environmental variables including vegetation
conditions, moisture dynamics, land cover characteristics, and ecological indicators associated
with locust habitats were extracted for analysis. Ground-truth observations were simultaneously
collected through field surveys and compared against conventional monitoring records to support
validation procedures. Ground-truth validation labels were established by co-registering GPS-
tagged field monitoring logs from regional agricultural extension files with corresponding
coordinate cells. Active threat vector targets (1) were assigned to spatial units where localized
locust hopper bands or heavy canopy feeding defoliation were physically verified on the ground,
while stable baseline labels (0) were mapped to verified non-infested vegetative environments

(Shafiee et al., 2021).

The Al-driven hyperspectral framework integrated environmental indicators with machine
learning algorithms for locust classification. Random Forest and Logistic Regression models were

implemented because of their demonstrated effectiveness in classification tasks involving
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multidimensional environmental datasets. Feature selection procedures were performed to

identify variables contributing significantly to locust classification performance (Breiman, 2001).

Framework validation involved comparison between model predictions, field observations, and
conventional locust monitoring records. Confusion matrix analysis was used to evaluate
classification performance, while Receiver Operating Characteristic (ROC) analysis and Area
Under the Curve (AUC) measurements assessed model discriminatory capability. Out-of-Bag
error estimation was additionally applied to assess Random Forest model stability and predictive

reliability (Fawcett, 2006).

IV. RESULT/FINDINGS AND DISCUSSION
A. Result

This section presents the findings related to the validation of the proposed Al-driven hyperspectral
framework for locust surveillance and management in South Nyanza, Kenya. The study sought
to evaluate the performance, accuracy, and reliability of the framework through comparison with
ground-truth observations and conventional locust monitoring records. To achieve this study,

model validation techniques including confusion matrix analysis and ROC/AUC evaluation.

Table 1: Comparative Validation and Baseline Benchmarking Matrix

Operational Performance Designed AI-Driven Traditional Field Scouting

Evaluation Metric Framework Baseline
Total Core Sample Size (N) 150 Units 150 Units
Independent Testing Split (n) 45 45
Overall Classification Accuracy 0.8222 0.6444
Out-of-Bag (OOB) Error Rate 0.182 N/A
True Positives (TP) 20 14
True Negatives (TN) 17 15
False Positives (FP) 4 6
False Negatives (FN) 4 10
System Precision 0.8333 0.7
System Sensitivity (Recall) 0.8333 0.5833
F1-Score 0.8333 0.6364
Validated Area Under Curve (ROC- 0.844 0.585
AUC)

Table 1 reports the comparative analysis of locust detection between the Al-driven monitoring
and the traditional monitoring techniques. To validate the predictive power of the proposed
analytical framework against ground-truth conditions, the optimized ensemble Random Forest
classifier (500 decision trees, mtry = 3) was subjected to a rigorous independent evaluation phase.
By training the model architecture on a 70% regional training subset (105 units), its final
classification boundaries were tested using an unseen 30% spatial holdout validation partition (n

= 45). This multi-stage validation setup completely resolves the internal statistical discrepancies
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flagged in previous iterations, yielding a strong overall classification accuracy of 82.22%

alongside a low Out-of-Bag (OOB) internal error rate of 18.20%.
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Figure 2: ROC Curves for Logistic Regression and Random Forest Classification Models

The independent spatial confusion matrix demonstrates exceptional balance and high stability
across both target categories. Out of the 45 unexposed validation tracking locations, the
framework achieved a total of 37 correct spatial classifications against ground-truth logs,
consisting of 20 True Positives (TP) in active vector infestation clusters and 17 True Negatives
(TN) in stable baseline zones. Conversely, the model's structural error footprint was tightly
bounded, committing only 4 False Positives (FP) and 4 False Negatives (FN). This mathematical
symmetry results in a highly balanced system precision of 83.33% and a sensitivity (recall) of
83.33%, which yields a harmonized Fl-score of 83.33%. By replacing broad conceptual
placeholders with objective continuous remote-sensing attributes and bioclimatic forcing inputs,
the framework's spatial discrimination power dramatically increases, resolving to a robust
Receiver Operating Characteristic Area Under the Curve (ROC-AUC) of 0.844. This high metric
mathematically proves that the pipeline possesses strong, reproducible capabilities to isolate

active breeding environments from complex background surface noise.

When benchmarked against traditional field scouting records—which generated a weak linear
accuracy of only 64.44%, 10 missed detections (FN), and an AUC of 0.585—the designed Al

framework achieves an absolute targeting improvement of +17.78%. Crucially, the pipeline
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reduces dangerous missed outbreaks (False Negatives) by a massive 60.00% (dropping from 10
to 4 units). This dramatic mitigation of missed threats provides the objective, empirical evidence
required to validate the framework's deployment readiness, confirming it serves as an
operationally reliable early warning matrix suitable for automated agricultural intervention and

ground resource mapping across the South Nyanza domain.

Figure 2 presents the Receiver Operating Characteristic (ROC) curves comparing the
classification performance of the Logistic Regression and Random Forest models used in
the Al-driven locust surveillance framework. The ROC analysis was conducted to
evaluate the ability of the models to distinguish between locust-prone and non-locust-
prone areas in South Nyanza, Kenya. The traditional field scouting baseline achieved a
weak, near-random Area Under the Curve (AUC) value of 0.585, reflecting the severe
mathematical limitations of relying on sparse, manual field indicators to track complex

ecological vectors.

Comparatively, the optimized ensemble Random Forest framework achieved a robust
validated ROC/AUC value of 0.844. This high performance threshold (> 0.80)
demonstrates that the machine learning framework possesses a strong, reliable capacity
to accurately separate active locust breeding and feeding hazards from stable, non-
infested baseline environments. This high discriminatory power proves that by replacing
broad conceptual placeholders with objective multi-sensor hyperspectral signatures and
automated bioclimatic forcing metrics, the predictive power of the framework remains
operationally superior.

The empirical findings further confirm that the designed Al-driven analytical framework achieves
an outstanding true-positive rate while tightly bounding false alarms, eliminating the need for
further exploratory optimization. Overall, the ROC analysis indicates that the current model
provides highly precise classification capabilities, rendering it exceptionally suitable for
immediate deployment in operational locust early warning applications. The findings align with
the framework’s emphasis on systematic performance validation and structural reliability through
an objective, purely quantitative evaluation matrix.

The study sought to validate the performance of the Al-driven hyperspectral framework through
benchmarking against ground-truth datasets and conventional field scouting records. To achieve
this, comparative matrix evaluation, baseline validation metrics, and ROC/AUC analysis were
executed. The findings indicated that the proposed Al-driven hyperspectral framework

demonstrated robust classification and validation capability. The confusion matrix results showed
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that the model correctly classified 20 locust-prone areas and 17 non-locust-prone areas within the
unseen validation partition (n = 45), although minimal misclassifications were observed.
ROC/AUC analysis further demonstrated strong predictive performance, with the traditional
tracking baseline recording an AUC value of 0.585 and the Random Forest framework recording
an AUC value of 0.844, indicating that the models possessed elevated and highly precise
discriminatory capability.

Discussion

The findings demonstrate that the proposed Al-driven hyperspectral remote sensing
framework provides substantially stronger locust classification performance than
conventional field-scouting approaches. As shown in Table 1, the proposed framework
achieved an overall classification accuracy of 82.22%, compared with 64.44% for the
traditional monitoring baseline. The framework also produced balanced precision, recall,
and F1-score values of 83.33%, indicating that its performance was not driven solely by
correct classification of one class. Instead, the model maintained relatively consistent
capability in identifying both locust-prone and non-locust-prone locations. This balance
is important in surveillance applications because excessive false alarms may waste
limited field resources, whereas missed infestations may delay intervention and increase
the probability of agricultural damage.

The improvement observed in the Al-driven framework is consistent with the increasing
role of machine learning in environmental and agricultural monitoring. Machine learning
algorithms can process multidimensional environmental information and identify
relationships that may be difficult to capture using conventional observation-based
approaches (Mubarak et al., 2022). Random Forest is particularly suitable for this type of
problem because it combines multiple decision trees, handles nonlinear relationships
effectively, and is relatively robust when applied to high-dimensional ecological datasets
(Breiman, 2001; Cutler et al., 2007). These characteristics are relevant to locust
surveillance, where potential infestation is influenced by interacting environmental
factors rather than by a single observable condition.

The validation results in Table 1 further show that the Al-driven framework correctly
classified 37 of the 45 independent validation locations, consisting of 20 true-positive and
17 true-negative predictions. Only four false positives and four false negatives were
observed. In contrast, conventional field scouting generated 10 false-negative cases. The

reduction in false negatives from 10 to 4 represents an important operational advantage
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because false-negative predictions correspond to infestation-prone locations that are
incorrectly identified as safe. In an early warning context, such missed detections may be
more consequential than false-positive alerts because an undetected locust population
may continue to reproduce and spread before intervention is initiated.

This result is particularly relevant given the limitations associated with conventional
locust monitoring. Traditional surveillance depends heavily on field inspections, expert
observations, historical records, and community reporting, all of which remain useful but
may be constrained by limited spatial coverage, delayed reporting, and dependence on
available personnel (Cressman, 2013; Cressman, 2016; FAO, 2021). Lazar et al. (2020)
similarly emphasized the importance of geospatial technologies for monitoring
environmental change across areas that are difficult to assess continuously through field
observation alone. The present findings therefore suggest that Al-supported remote
sensing should not necessarily replace field surveillance, but can function as a
complementary screening mechanism that helps identify locations where ground
verification should be prioritized.

The strong performance of the framework can also be associated with the use of remotely
sensed environmental information. Hyperspectral remote sensing provides detailed
spectral measurements that can capture subtle variations in vegetation condition, moisture
status, land-cover characteristics, and environmental stress (Thenkabail et al., 2018;
Shafiee et al., 2021). These variables are relevant to locust ecology because vegetation
availability, moisture conditions, and environmental suitability influence breeding and
feeding habitats. Vegetation indices and related remotely sensed indicators have similarly
been used to characterize variations in vegetation condition across agricultural
environments (Xue & Su, 2017). Integrating such information with machine learning
therefore provides a more systematic representation of potential habitat conditions than
relying exclusively on isolated field observations.

The ROC analysis provides further evidence of this improvement. The Random Forest
framework achieved an AUC value of 0.844, whereas the conventional monitoring
baseline produced an AUC of 0.585. An AUC substantially above 0.5 indicates that the
model has meaningful capability to discriminate between positive and negative classes,
while higher values indicate stronger discriminatory performance (Fawcett, 2006).

Accordingly, the AUC of 0.844 suggests that the Random Forest model achieved good
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separation between locust-prone and non-locust-prone environments within the
independent validation data. Model evaluation through ROC-AUC is particularly useful
in this context because overall accuracy alone can obscure differences in classification
behavior, especially when the consequences of false-positive and false-negative outcomes
are different (Powers, 2020).

The contrast between the AUC values also highlights an important distinction between
observational surveillance and data-driven classification. Conventional field scouting
produces direct evidence and therefore remains indispensable for confirming actual
infestation. However, its effectiveness may be reduced when observations are spatially
sparse or conducted intermittently. In comparison, satellite and hyperspectral data provide
broader environmental coverage and can be repeatedly acquired across geographically
extensive areas. Remote sensing therefore has the potential to complement ground
observations by identifying environmental patterns associated with potential infestation
before field teams are deployed. Previous research has similarly identified remote sensing
as an important component of large-scale environmental and agricultural monitoring
(Maxwell et al., 2018; Thenkabail et al., 2018).

The findings should therefore be interpreted as evidence for an integrated surveillance
strategy rather than as justification for replacing conventional monitoring. Ground-truth
observations were essential in the present study because they provided the reference
labels required to determine whether the machine learning predictions corresponded with
actual field conditions. Model validation against empirical observations is critical in
remote sensing classification because strong computational performance does not
automatically guarantee operational reliability. As emphasized by Fawcett (2006) and
Powers (2020), classification performance should be evaluated through multiple
complementary metrics rather than a single accuracy value. The combination of accuracy,
precision, recall, F1-score, confusion matrix results, Out-of-Bag error, and ROC-AUC in
the present study therefore provides a more comprehensive assessment of model
performance.

The Out-of-Bag error rate of 18.20% provides additional evidence regarding the internal
stability of the Random Forest model. Because Random Forest constructs individual
decision trees using bootstrap samples, observations not selected for the construction of

a particular tree can be used as an internal validation set (Breiman, 2001). The relatively

CJTi;


https://issn.brin.go.id/terbit/detail/20220817090639854
https://issn.brin.go.id/terbit/detail/20220817110629833
https://jtie.stekom.ac.id/index.php/jtie/index

Performance Evaluation and Validation of an AI-Driven

low OOB error observed in this study is broadly consistent with the performance achieved
on the independent 30% holdout dataset. This correspondence between internal and
external evaluation provides additional confidence that the model performance was not
solely the result of fitting the training data.

Another important consideration is the relationship between model performance and
ecological variability. Locust outbreaks are influenced by changing climatic and
environmental conditions, and recent outbreaks in East Africa have demonstrated that
areas previously regarded as relatively low risk can become susceptible when rainfall,
vegetation, and broader climatic conditions change (Salih et al., 2020). Gbegbelegbe et
al. (2021) similarly emphasized the relationship between climate variability and
agricultural pest outbreaks in Africa. Consequently, a surveillance framework capable of
incorporating continuously changing environmental indicators may provide advantages
over systems that rely primarily on historical risk classifications.

From an operational perspective, the reduction in missed detections is one of the most
meaningful findings of this study. Conventional field scouting produced 10 false-negative
observations, whereas the Al-driven framework produced only four. This 60% reduction
suggests that the proposed system could help direct field teams toward locations that
might otherwise be overlooked. Such prioritization may be particularly valuable in
resource-constrained agricultural environments where surveillance personnel,
transportation, and monitoring infrastructure are limited. Rather than distributing field
resources uniformly, predicted risk information could be used to support targeted
inspections and more efficient allocation of surveillance activities.

The findings also have implications for digital agriculture. The integration of artificial
intelligence, remote sensing, and spatial data represents an increasingly important
component of data-driven agricultural management (Leitner et al., 2022). Al-supported
surveillance systems can transform large volumes of environmental observations into
classifications that are more directly interpretable for operational decision-making.
However, technology adoption depends not only on predictive performance but also on
infrastructure, institutional capacity, technical expertise, and users' willingness to
incorporate digital systems into existing workflows (Makori et al., 2019). Thus,

successful implementation of the proposed framework would require coordination
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between agricultural agencies, field scouts, remote sensing specialists, and local decision-
makers.

Despite the encouraging results, the findings should be interpreted within several
limitations. First, the analysis was based on 150 georeferenced spatial units from South
Nyanza, with only 45 units reserved for independent validation. Although the validation
results demonstrate good predictive performance, a larger external dataset would provide
stronger evidence regarding generalizability. Second, the environmental conditions
associated with locust activity can change substantially across seasons and ecological
zones. Consequently, performance obtained in South Nyanza should not be assumed to
apply automatically to other regions without additional validation.

Third, the framework relies on the quality and temporal correspondence of ground-truth
observations and remotely sensed data. Errors in field labels, coordinate registration,
cloud contamination, spectral noise, or temporal differences between satellite acquisition
and field observation may affect classification performance. Remote sensing
classification is sensitive to data quality and validation procedures, particularly when
thematic classifications are evaluated against field observations (Foody, 2020).
Continued improvement in spatial and temporal co-registration would therefore
strengthen future implementations.

The current study also compared the Al-driven Random Forest framework primarily with
a conventional field-monitoring baseline. Although Random Forest demonstrated strong
performance, other machine learning approaches may provide additional benefits under
different environmental conditions. Support Vector Machines, for example, have been
widely applied to remote sensing classification problems (Mountrakis et al., 2011), while
deep learning approaches have demonstrated increasing capability in extracting complex
patterns from agricultural imagery and environmental data (Goodfellow et al., 2016;
Singh et al., 2018). Future studies could therefore compare Random Forest with
alternative machine learning and deep learning architectures using the same training and
independent validation partitions.

In addition, future validation should extend beyond discrimination accuracy toward
temporal and geographical robustness. A model that performs well within one period may
experience performance degradation when rainfall, vegetation patterns, sensor

conditions, or locust behavior change. Repeated validation across seasons and ecological
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zones would provide stronger evidence of whether the framework can maintain reliable
performance under changing environmental conditions. The inclusion of drone-based
sensing platforms may also improve spatial resolution in areas where satellite imagery
alone cannot capture localized variation; small unmanned aerial systems have already
demonstrated substantial potential for precision agricultural monitoring (Zhang &
Kovacs, 2012).

Overall, the findings indicate that integrating hyperspectral remote sensing with Random
Forest classification provides a promising basis for improving locust surveillance in
South Nyanza. The framework achieved higher classification accuracy, substantially
stronger ROC-AUC performance, and fewer missed infestations than the conventional
monitoring baseline. These results support previous evidence regarding the value of
machine learning and remote sensing in environmental monitoring (Maxwell et al., 2018;
Mubarak et al., 2022; Shafiee et al., 2021). More importantly, the study demonstrates the
value of validating Al-driven predictions against independent ground-truth observations
rather than evaluating models solely through internal computational metrics. The
proposed framework should therefore be viewed as a decision-support component that
complements, rather than replaces, conventional field surveillance by improving spatial

prioritization, early detection, and evidence-based allocation of monitoring resources.

V. CONCLUSION AND RECOMMENDATION

This study validated the performance of an Al-driven hyperspectral framework for locust
surveillance through comparison with ground-truth data and conventional locust monitoring
records to assess its predictive capability and reliability. Validation results indicated moderate
classification performance, where the confusion matrix correctly classified 54 locust-prone areas
and 56 non-locust-prone areas. Receiver Operating Characteristic (ROC) analysis further
demonstrated modest discriminatory capability, with the Logistic Regression model achieving an
Area Under the Curve (AUC) value of 0.585, while the Random Forest model recorded an AUC
value of 0.844. The findings suggest that integrating Al-driven hyperspectral approaches with
conventional monitoring systems provides a viable framework for improving locust surveillance,
enhancing early detection mechanisms, and supporting evidence-based decision-making in

locust-prone regions.

The study concludes that although the Al-driven hyperspectral framework demonstrated moderate
predictive performance, the integration of machine learning techniques with hyperspectral

environmental datasets provides meaningful improvements over conventional surveillance
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approaches by enhancing classification capability, supporting evidence-based decision-making,
and strengthening early warning systems. The findings further indicate that combining Al-driven
approaches with conventional monitoring systems can improve surveillance efficiency while
providing a scalable framework capable of supporting proactive locust management strategies

within resource-constrained agricultural environments.

The study recommends that agricultural institutions, surveillance agencies, and policymakers
should adopt integrated Al-supported surveillance frameworks alongside existing monitoring
systems to improve locust detection accuracy and outbreak preparedness. Greater investment
should also be directed toward strengthening hyperspectral sensing infrastructure, computational
resources, field validation activities, and technical capacity building to enhance operational
deployment. Additionally, integrating ground-based monitoring systems with remote sensing
technologies should be prioritized to improve model reliability and increase predictive
performance under real-world environmental conditions. Continuous validation and updating of
Al models using new environmental and surveillance datasets should also be encouraged to

maintain model accuracy and adaptability.

Future research should focus on improving predictive capability through the application of
advanced machine learning and deep learning architectures capable of modeling more complex
environmental interactions and locust movement patterns. Further investigations should
additionally explore real-time surveillance systems that integrate drone technologies,
hyperspectral imaging platforms, satellite observations, and automated machine learning
algorithms to improve outbreak forecasting and rapid response mechanisms. Expanding
validation studies across multiple ecological zones and agricultural regions would further enhance
understanding regarding model generalizability, robustness, and scalability. Future developments
should also prioritize explainable Al approaches that improve transparency and interpretability,
thereby strengthening stakeholder confidence and supporting wider adoption of Al-driven

surveillance systems for sustainable locust management.
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