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Introduction

Scaling technologies that improve rural livelihoods is a central focus of many development
strategies. For examples, innovations in irrigation, renewable energy, digital services, and
mechanization are increasingly promoted as pathways to raise agricultural productivity, en-
hance resilience, and reduce poverty. Governments, donors, and development partners in-
vest substantial resources in piloting these technologies, with the expectation that successful
interventions will be replicated and scaled across regions and countries.

Yet monitoring the scaling process remains a persistent challenge. Many development inter-
ventions are implemented as pilots or small-scale programs dispersed over wide geographic
areas, and reliable information on where, how fast, and to what extent technologies are
adopted is often limited. This gap is particularly important for interventions with potential
trade-offs alongside benefits. In Egypt, for example, small-scale solar-powered irrigation sys-
tems can improve farm-level water access and reduce energy costs, but widespread adop-
tion without regulation may increase unsustainable groundwater extraction.

Traditional field-based monitoring approaches (e.g., surveys, site visits, and administrative
reporting) are costly, time-consuming, and difficult to maintain over large areas or long-time
horizons. Policymakers and practitioners therefore often lack timely, spatially explicit evi-
dence on technology adoption and its interaction with environmental and socioeconomic out-
comes.

Recent advances in Earth observation provide promising alternatives. High-resolution satel-
lite imagery, combined with growing computational power and machine learning techniques,
allows the remote monitoring of development interventions that leave a visible footprint on

the landscape. For example, small-scale solar irrigation systems are detectable in principle,
which would enable large-scale, near-real-time tracking at a fraction of the cost of traditional
data collection. However, technical challenges remain. These solar systems are often small



relative to the spatial resolution of widely available imagery, and reliably detecting them re-
quires specialized small-object detection techniques. Accuracy can be limited in heterogene-
ous rural environments, and false positives or missed detections are common when training
data are scarce.

In this study, we pilot a workflow in Fayoum, Egypt, using freely available high-resolution im-
agery and an iteratively expanded, custom-labeled dataset, to explore whether small-object
detection can feasibly track solar-powered irrigation adoption. If feasible, this approach can
provide a low-cost, scalable foundation for evidence-based policy. Beyond mapping adop-
tion, the method also has potential to link solar irrigation detection to environmental and agri-
cultural outcomes, such as vegetation dynamics, cropping intensity, or water use efficiency.

Data and Methods

Data

Mapping small-scale solar panel installations in Egypt faces a key challenge: the absence of
openly available, high-resolution annotated datasets. Most existing research focuses on
large commercial solar farms and relies on proprietary imagery (e.g., Maxar WorldView) or
curated datasets developed outside Egypt. While these datasets are effective for small-ob-
ject detection, none cover Egypt, and commercial imagery remains prohibitively expensive
for large-area applications. Freely available satellite imagery, such as Sentinel-2 or Landsat
accessed through Google Earth Engine (GEE), has spatial resolutions that are too coarse to
detect household- or farm-level solar installations. Prior studies show detection accuracy de-
clines sharply when objects occupy fewer than 8—15 pixels, and spatial resolutions of 0.5 m
or finer are typically required. This limitation is particularly relevant in rural Egypt, where in-
stallations are small, dispersed, and visually distinct from the large commercial facilities usu-
ally studied.

In this pilot study, we focused on Fayoum Governorate to explore feasibility and manage
computational intensity. Fayoum also offered the unique advantage that georeferenced solar
panel installation data from a previous IFPRI randomized controlled trial (RCT) was available
and provided a reliable set of seed points for identifying small-scale solar panels. Using
these points, we manually extracted high-resolution image tiles from Google Hybrid basemap
imagery within QGIS, forming the initial dataset (Dataset 1) with 102 annotated solar panel
instances (Table 1).

To expand the dataset, we adopted an iterative, model-assisted approach. The intent of such
procedure was to improve the model’s ability to detect the small-scale solar panels. An initial
YOLO-based object detection model was trained on Dataset 1, applied to additional high res-
olution Google Hybrid basemap imagery from QGIS covering agricultural areas in Fayoum,
and its predictions manually inspected by visually checking each image tile. Correct detec-
tions corresponding to visible solar panels were retained and added to the dataset while false
predictions were discarded. This procedure produced Dataset 2 with 252 labeled instances
and repeat similar process to generate Dataset 3 with 360 labeled instances (Table 1). By
restricting the analysis to Fayoum for the moment, we tried to captured consistent environ-
mental, architectural, and land-use conditions while keeping computational demands man-
ageable.



We divided each dataset into training, validation, and test subsets using a 70% / 15% / 15%
split to balance the need for a sufficiently large training set with the requirement for inde-
pendent evaluation.

Because the number of original solar panel observations was limited, we applied a controlled
data augmentation strategy to increase the effective size of the training set and reduce over-
fitting. We performed random horizontal and vertical flips, in-plane rotations, zoom transfor-
mations, additive noise, and Gaussian blur. Flips and rotations help the model learn invari-
ance to object orientation, important for rooftop and farm-level photovoltaic systems that ap-
pear at arbitrary angles. Noise and blur simulate sensor noise, atmospheric haze, and minor
focus variations, common in operational imagery and known to reduce small-object detection
accuracy if not represented during training. Augmentation was applied only to training im-
ages; validation and test datasets were left unchanged to ensure unbiased performance
evaluation.

Table 1. Description of augmentation and split of datasets 1 to 3.

Data Train Val Test
Dataset1 102 (17+85) 4 4
Dataset2 252 (42+210) 9 9
Dataset3 360 (60+300) 12 12

Model selection and training

Our objective was to detect small-scale solar panel installations and extract their geographic
coordinates with high spatial accuracy. We therefore focused on YOLO (You Only Look
Once) one-stage object detection models, widely used for their balance of accuracy and
computational efficiency.

We adopted YOLOv10 as implemented in the Ultralytics framework, using both the medium-
capacity (YOLOv10m) and larger-capacity (YOLOv10b) variants. YOLOv10 introduces archi-
tectural improvements that enhance efficiency and localization accuracy, including stream-
lined multi-scale feature fusion and a dual-assignment training strategy that reduces reliance
on heuristic post-processing.

We initialized both models using official Ultralytics weights pre-trained on large-scale object
detection datasets and fine-tuned them on our Fayoum datasets. YOLOv10m was trained on
Dataset 1 and Dataset 2, as this variant balances performance and computational cost and
can be deployed on modest hardware. After the dataset reached sufficient size and diversity,
we trained Dataset 3 using YOLOv10b to maximize detection accuracy.

Training configuration

Training was conducted using the Ultralytics YOLOv10 framework with minor adjustments to

accommodate dataset size and image resolution. We used a batch size of 8 to preserve spa-
tial detail and ensure that small solar panels remained clearly visible. Models were trained for
100 epochs, allowing losses to stabilize without evidence of substantial overfitting.



We largely followed default Ultralytics hyperparameters but adjusted confidence and inter-
section-over-union (loU) thresholds to prioritize recall. In the context of rural energy mapping,
missing small solar installations was considered more problematic than producing a limited
number of false positives.

Performance metrics

We evaluated model performance using standard object detection metrics, including preci-
sion, recall, and F1-score, across different confidence thresholds. These metrics capture the
trade-offs between correctly identifying solar panels and avoiding false detections.

We summarized overall detection performance using mean Average Precision (mAP). Fol-
lowing common practice, we report mMAP@0.5 (mAP50), calculated at a single loU threshold
of 0.5, and mMAP@0.5-0.95 (mAP50-95), which averages performance across loU thresh-
olds from 0.5 to 0.95 in increments of 0.05.
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Figure 1. Iterative workflow for solar panel detection using YOLO and QGIS.

Workflow and deployment

We implemented the detection pipeline as an automated, end-to-end workflow that integrates
high-resolution image extraction, model inference, validation, and geospatial output within
QGIS (Figure 1). After training the final model, we applied it across tiled imagery covering
Fayoum obtained from default Google Hybrid basemap and visually validated all detections
to ensure geospatial reliability. This pilot deployment demonstrates that small-scale solar in-
stallations can be systematically identified using freely available basemap imagery and lim-
ited ground-truth data. While computationally intensive, the workflow is fully transferable and
can be scaled to larger regions as additional computing resources and training data become
available.



Results

Feasibility of Regional-Scale Photovoltaic Detection

Our study demonstrates the feasibility of detecting small-scale solar irrigation installations’
across large geographic regions using freely available basemap imagery and an iteratively
expanded, custom-labeled dataset. While object detection for photovoltaic infrastructure has
been widely studied, applications focusing on very small installations and data upscaling de-
tection across large rural areas using freely available basemap imagery remain limited in the
existing literature. To our knowledge, this study represents an early attempt to work on such
approach at regional scale. The primary aim was not to produce a production-ready, fully op-
timized detection model, but to illustrate a practical workflow for building an operational
small-object detector in contexts where only limited labeled training data exist. Consequently,
the results reflect both changes in detection accuracy across iterations and the utility of the
proposed methodology for rapid, regional-scale photovoltaic mapping.

Applying the final YOLOv10b model to high-resolution imagery covering Fayoum, we gener-
ated a georeferenced layer of predicted solar panel locations (Figure 2). The final resulted in
a few hundred detected installations across study area, clustered around agricultural zones,
irrigation networks, and small farmsteads, reflecting the region’s reliance on solar pumping
systems. All detections were visually inspected one by one using individual image tiles to
identify false positives; these false detections were primarily scattered over desert areas or
water bodies. Overall, the map confirms that the pipeline can convert high-resolution imagery
into actionable geospatial photovoltaic datasets. With expanded training data representing
diverse rural and urban environments, the workflow could be extended to larger scale (gover-
norate, national) photovoltaic infrastructure mapping, supporting energy planning and agricul-
tural electrification assessments.

" Note however that we can not (yet) differentiate between solar pumps used to convey canal water and those used to extract
groundwater.



Figure 2. Regional-scale photovoltaic panel detection output.

Training Dynamics and Model Performance

Training curves for YOLOv10m (initial model) and YOLOv10b (final model) indicate stable
optimization behavior.? YOLOv10m, trained on Datasets 1 and 2, showed steadily decreas-
ing box, classification, and distribution-focal losses, demonstrating efficient learning even
with limited annotated imagery.

As the dataset expanded through iterative pseudo-labeling, YOLOv10b trained on Dataset 3
exhibited smoother loss curves and quantitative performance metrics, including precision, re-
call, and mAP, improved across successive datasets; however, given the continuous devel-
opment of the project and limited test data at this stage, we emphasize qualitative validation
and workflow feasibility rather than absolute accuracy benchmarks. Preliminary results are
available from the authors. These results confirm that iterative dataset growth improves de-
tection performance even when initial labeled data are scarce.

Detection Output and Visual Inspection

Inspection of individual image tiles reveals that the final YOLOv10b model successfully iden-
tifies photovoltaic panels in diverse scenarios, including small installations partially obscured
by vegetation or appearing at varying orientations and lighting conditions (Figure 3). The
model reliably detects panels just a few pixels wide, demonstrating the effectiveness of high-
resolution imagery combined with the iterative pseudo-labeling workflow.

2 Available on request.
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Figure 3. Examples of prediction scenarios on test data with accuracy percentage.

Note however that some tiles produced no detections, while others included occasional false positives.
These instances underscore the inherent challenge of detecting very small objects in heterogeneous
rural environments. Nevertheless, the model consistently identifies true photovoltaic installations where
present, validating the approach. Importantly, these results should not be interpreted as a final accu-
racy benchmark; instead, they demonstrate that regional-scale solar irrigation mapping is attainable
once representative training data are incorporated, a goal achievable through the iterative workflow
demonstrated here.

Conclusion

This study demonstrates that small-scale solar irrigation installations can be effectively detected across
rural regions using high-resolution basemap imagery combined with an iteratively expanded, custom-
labeled dataset. Our pilot in Fayoum shows that even with limited initial data, it is possible to develop a
scalable workflow capable of converting satellite imagery into georeferenced layers of photovoltaic in-
stallations. This provides a practical pathway for monitoring the adoption of solar-powered irrigation
technologies at regional scales, a critical step for supporting rural energy planning, agricultural electrifi-
cation, and water resource management.

The approach highlights several opportunities for policymakers and researchers. First, it enables evi-
dence-based tracking of solar irrigation expansion, identifying where smallholders are adopting photo-
voltaic pumps and how these systems cluster around agricultural and water infrastructure. Second, it
lays the groundwork for integrating solar adoption data with multispectral or hydrological datasets, sup-
porting analyses of crop productivity, water use efficiency, and spatial inequalities in irrigation access.
Third, the modular and adaptable workflow can be extended to map other small-scale rural infrastruc-
tures, even in regions lacking commercial datasets.

At the same time, the study illustrates key limitations. Detection performance is currently constrained by
the availability and diversity of labeled training data, computational requirements, and the resolution of
freely available imagery. False positives in sparsely populated areas and occasional missed detections
in heterogeneous landscapes underscore the need for careful validation. Scaling the workflow nation-
ally will require additional high-quality data across diverse environments and seasonal conditions to en-



sure reliable mapping results. Furthermore, under the current approach, it is not yet possible to differen-
tiate between solar pumps used to convey canal water and those used to extract groundwater—an im-
portant criterion for evaluating sustainability trade-offs.

In summary, small-object detection offers a promising tool for monitoring solar irrigation scaling and in-
forming rural energy and agricultural policies. While technical and operational challenges remain, the
methods demonstrated here provide a transparent, replicable framework that can be gradually ex-
panded to generate actionable insights for policymakers, researchers, and development practitioners
seeking to understand and support the diffusion of solar-powered irrigation technologies across Egypt
and similar contexts.
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