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Accurate, up-to-date agricultural monitoring is essential for assessing food production, particularly in 
countries like Kenya, where recurring climate extremes, including floods and droughts, exacerbate food 
insecurity challenges. In regions dominated by smallholder farmers, a significant obstacle to effective 
agricultural monitoring is the limited availability of current, detailed crop-type maps. Creating crop-
type maps requires extensive field data. However, the high costs associated with field data collection 
campaigns often make them impractical, resulting in significant data gaps in regions where crop 
production information is most needed. This paper presents our inaugural dataset comprising 4,925 
validated crop-type data points from Kenya’s 2021 and 2022 long-rain seasons. Collaborating with 
institutional partners and an extensive citizen science network, we collected georeferenced images 
across Kenya using GoPro cameras. We developed and implemented a deep learning pipeline to process 
images into crop-type datasets. Our methodology incorporates rigorous quality control measures 
to ensure the integrity and reliability of the data. The resulting dataset represents a significant 
contribution to open science and a valuable resource for evidence-based agricultural decision-making.

Background & Summary
Understanding food production patterns is fundamental to Sustainable Development Goal 2 (Zero Hunger), 
especially in food insecure regions. While Earth Observation (EO) data are increasingly the most cost-effective 
method of quantifying agricultural production, creating accurate crop-type maps requires significant investment 
in field surveys for collecting essential in-situ data for training and validating EO-derived maps1. Historically, this 
cost barrier has limited consistent crop mapping primarily to high-income countries with established agricultural 
monitoring systems, for example, Canada’s Annual Crop Inventory2, USDA’s Cropland Data Layer3,4, and France’s 
“Registre Parcellaire Graphique”5. However, consistent and accurate crop data layers are needed in all countries to 
help realize Sustainable Development Goal 2: Zero-Hunger. Technological and institutional innovations, includ-
ing approaches to data collection and modeling frameworks, are needed to address this data gap6.

Cropland maps provide spatial information on where crops are growing, while crop-type maps go a step 
further by specifying the type of crop cultivated in each spatial unit (e.g., maize, wheat, or rice)7. These maps are 
critical for EO-based applications, such as crop yield predictions and crop condition assessments, as they enable 
analysts to focus on pixels that represent cropland or specific crop types. Given that farmers may change the 
crops grown in a particular field from season to season, crop-type maps must be updated regularly to maintain 
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accuracy8. A fundamental input for creating both cropland extent and crop-type maps is labeled data, which 
consists of georeferenced points indicating cropland and crop types.

While cropland labels are increasingly derived from satellite image interpretation, making cropland maps 
more accessible9–11, crop-type mapping remains a significant challenge. Unlike cropland extent, crop types can-
not be determined through image interpretation alone and require extensive field surveys for accurate identifi-
cation. Traditional methods for collecting crop-type data rely on labor-intensive field visits using GPS devices 
or smartphone apps, which often result in sparse and unevenly distributed datasets. This is particularly true in 
low-income regions, where resources for data collection are limited. Consequently, comprehensive crop-type 
maps with full national coverage or seasonal updates remain scarce, especially in low-income countries where 
the need for such data is most critical.

Emerging innovations in deep learning and computer vision are transforming in-situ crop type data col-
lection, offering scalable alternatives to traditional methods. Recent studies highlight promising approaches: 
Paliyam et al. developed Street2Sat, leveraging vehicle-mounted cameras and deep learning to generate geo-
referenced crop type points in Kenya12. Wu et al. introduced the iCrop dataset, based on smartphone-captured 
roadside imagery in China13. Yan and Ryu demonstrated the use of Google Street View and deep learning to 
produce crop type points and maps in Illinois and California14,15. Similarly, Laguarta et al. applied Google Street 
View and deep learning to map crop types in smallholder agricultural landscapes in Thailand.16 d’Andrimont et 
al. utilized vehicle-mounted cameras to capture multi-temporal imagery, enabling crop phenology tracking for 
delineated parcels in the Netherlands17. Together, these advancements pave the way for overcoming the limita-
tions of traditional data collection methods.

In this paper, we introduce a scalable, low-cost, and effective method for collecting crop-type data in small-
holder agricultural landscapes through the Helmets Labeling Crops project. Our approach, summarized in 
Fig. 1, combines GoPro cameras and deep learning techniques based on the Street2Sat framework12 to enable 
rapid and cost-effective field surveys of crop type. We release an open, georeferenced crop-type dataset with 
associated roadside imagery from 17 counties in Kenya, providing an alternative to proprietary platforms like 
Google Street View18 while adhering to FAIR data principles19. This initial release will be followed by datasets 
from additional countries, including Uganda, Tanzania, Zambia, Nigeria, Uruguay, Senegal, India, South Korea, 
and Bhutan.

Methods
Data Collection.  We used 6th Grain’s Maize Density Layer20 and ESA’s Global Crop Mask21 to select counties 
for targeted maize-focused data collection, ensuring coverage of high, medium, and low-density maize produc-
tion areas across Kenya from 2021-2022. We treated maize as “low-hanging fruit” for demonstrating the scala-
bility of our street-level data collection methodology in Kenya’s most critical food security crop, which accounts 
about 65% of total staple food caloric intake and 36% of total food caloric intake22. We covered 17 counties Bomet, 
Bungoma, Busia, Homa Bay, Kakamega, Kericho, Kisii, Machakos, Migori, Nakuru, Nandi, Narok, Nyamira, 
Trans Nzoia, Uasin Gishu and Vihiga (Fig. 5. These counties were selected to capture diverse agro-ecological 
zones and maize production intensities rather than comprehensive crop diversity.

This strategic sampling design allowed us to validate our data collection protocols and quality control proce-
dures in a controlled context focused on Kenya’s dominant staple crop. Achieving comprehensive crop diversity 
would require multiple surveys throughout the agricultural calendar to capture different crops during their opti-
mal identification windows—for example, bean/maize rotation systems or cowpea intercropping would neces-
sitate separate data collection campaigns timed to each crop’s development cycle. Our single-season approach 
prioritized methodological validation over crop diversity, providing a foundation for future multi-temporal 
collection strategies.

Fig. 1  Illustration of crop type data generation pipeline. Steps: 1) Field agent with helmet-mounted GoPro 
drives along agricultural fields, 2) GoPro captures photo of adjacent field (red dotted line) and road coordinate 
(red point), 3) field coordinate (orange point) is calculated by moving road coordinate 20 meters into field and 
snapping to 10 meter grid, 4) GoPro photo is used to predict dominant crop.
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In collaboration with the Regional Centre For Mapping Of Resources For Development (RCMRD) and 
Kenya Ministry of Agriculture, we recruited and trained 25 local agricultural officers as data collectors. These 
officers received comprehensive training on mounting and operating GoPro cameras to ensure consistent data 
collection protocols (Fig. 2). As part of their regular crop monitoring duties, these officers provided valuable 
insights into current season crop performance and distribution patterns, which were essential for optimizing 
data collection routes and timing.

The data collection strategy utilized Kenya’s hierarchical road network classification23 to maximize coverage 
efficiency. Primary routes (classes A, B, and C) facilitated movement between counties and major towns, while 
secondary and tertiary networks (classes D and E) enabled access to local farming communities. Field agents 
reported that GoPro cameras mounted on motorcycles were particularly effective for village-level data collec-
tion, offering superior maneuverability and access to remote agricultural areas compared to vehicle-mounted 
systems. This mobility advantage resulted in more comprehensive coverage of smallholder farms and diverse 
agricultural landscapes within each target region.

In Kenya, this method was implemented through a collaboration between the Kenyan Ministry of Agriculture 
and the Regional Centre for Mapping of Resources for Development (RCMRD), following an initial pilot phase 
in 2020 with LocateIT. After training 59 agricultural officers and engaging local stakeholders, the team captured 
397,190 georeferenced images across all campaigns in Kenya.

To support data collection, we developed a comprehensive Data Collection Toolkit (Fig. 3) for each agricul-
tural officer. The toolkit included a manual detailing the contents of the kit, GoPro camera settings for data col-
lection, GoPro mounting instructions, step-by-step guidelines for capturing data, and instructions for uploading 
data. The toolkit (Fig. 3) included a GoPro Hero 8 Black, a magnetic car mount (for capturing data in a car), a 
motorbike helmet mount (for capturing data on a motorcycle), a 512 GB SD, a USB-C to USB-A cable (to charge 
the GoPro while collecting data), backup GoPro batteries, and a carrying case to keep all items together. We 
provided a daily GoPro settings checklist for all data collectors to ensure consistent data collection. The checklist 

Fig. 2  Field agent being trained on operating helmet-mounted GoPro for crop type data collection.

Fig. 3  Data Collection Toolkit Content.
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ensured that the GPS was enabled, the battery was charged or plugged in, and sufficient storage space was avail-
able on the provided SD card.

GoPro Camera Configuration.  Our Data Collection Toolkit included comprehensive instructions for 
standardized image capture to ensure consistent data quality across all field agents. We specified precise camera 
settings for the GoPro Hero 8 Black: Lens: Narrow field of view, Format: Photo, Mode: Time-lapse photo (not 
video), Interval: 0.5 seconds (2 Frames Per Second), and Resolution: 4000 × 3000 pixels (12 MP). These settings 
were specifically optimized for the challenges of smallholder agricultural data collection. The narrow lens setting 
was critical for coordinate estimation accuracy, as it reduces edge distortion that could affect crop segmentation 
and minimizes GPS coordinate uncertainty relative to image content. Unlike wide-angle modes that capture 
more area but introduce significant distortion, the narrow field of view provides more focused and geometrically 
consistent imagery for both crop identification and spatial referencing.

The 0.5-second interval was designed to address the spatial variability of smallholder landscapes. At typical 
rural driving speeds (20-40 km/h), this interval captures 3-4 photos every 10 meters, providing substantial redun-
dancy that proves essential given the irregular field boundaries and mixed land use patterns characteristic of these 
agricultural systems. This redundancy serves multiple purposes: it provides backup images in cases of obstruction 
or poor exposure, ensures coverage of narrow fields that might otherwise be missed with longer intervals, and 
increases the likelihood of capturing at least one image where each field is centered and fully visible.

The photo mode rather than video was selected to optimize both storage efficiency and image quality for 
computer vision applications. Individual high-resolution photos provide better detail for crop segmentation 
algorithms while generating more manageable file sizes for upload and processing in bandwidth-limited rural 
environments. The time-lapse approach also automatically embeds GPS coordinates and timestamps in EXIF 
metadata, which is essential for our coordinate estimation pipeline.

These standardized settings were enforced through daily checklists provided to all field agents to ensure data 
consistency across the diverse geographic and operational conditions encountered during our multi-county data 
collection campaigns.

We also provided a guide for mounting the camera for both cars and motorcycles, as an improperly mounted 
GoPro meant unusable images. For data collection in Kenya, it was crucial always to mount the camera to 
point left to optimize the visibility of roadside fields, since Kenya is a left-side drive country. GoPros do not 
record camera heading, which is critical to determining where the crop is located. By mounting the GoPros 
to the face left, we determine the camera direction by rotating the driving direction 90 degrees to the left 
(counter-clockwise, see Fig. 4).

We created a Google Cloud Storage bucket and a file structure to store all collected images. We provided detailed 
instructions to all data collectors to upload collected GoPro images using either the Google Cloud user interface or 
command line interface (to allow for parallel uploads). We stored the images on Google Cloud Storage to allow for a 
central repository with managed permissions. Each leaf folder contains between 1000 and 20,000 images, depend-
ing on the length of time the specific GoPro was on. The approach generates large volumes of data, often tens of 
thousands of images per collection campaign. This scale makes manual annotation infeasible and necessitates the 
development of automated processing pipelines to extract meaningful agricultural information efficiently.

Crop Prediction using Deep Learning.  Smallholder fields in Kenya present two challenges to determin-
ing the crop from a GoPro image. First, some fields contain multiple crops (inter-cropping); second, the small size 
of the fields means multiple fields can be visible in a single image. Unlike prior work, which formulated the crop 
recognition task as image classification (predicting one crop label for the entire image)12, here, we formulated the 
crop recognition task as image segmentation. By asking the model to segment the image into crops and back-
ground, we measure crop proportion through the number of pixels segmented as each crop type. Additionally, we 
obtain a fine-grained model output, which can be useful for debugging model failure modes. We experimented 
with formulating the crop recognition task as object detection (as in Paliyam et al.12) but found that labeling 
and identifying each crop with a bounding box was labor-intensive and difficult to predict with object detection 
methods.

Fig. 4  Field Offset Algorithm Example.
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Two-Stage Processing Pipeline.  To optimize computational efficiency for large-scale deployment, we imple-
mented a two-stage processing pipeline. The first stage employs a lightweight binary classification model to filter 
images containing crops, while the second stage applies semantic segmentation for precise crop identification. 
This approach significantly reduces computational overhead by eliminating non-agricultural images before 
applying the more resource-intensive segmentation model.

Architecture Selection and Comparison.  We conducted comprehensive evaluation of three deep learning archi-
tectures: Feature Pyramid Network (FPN)24, UNet++25, and LinkNet26, each tested with multiple encoder back-
bones including Xception27, DenseNet-16128, ResNet-1829, and EfficientNet-B530. Our evaluation focused on 
mean average precision (mAP) as the primary performance metric due to its robustness for multi-class segmen-
tation tasks.

We initialized each model with ImageNet pre-trained weights. We used a the default Weighted Dice Loss 
from PyTorch and the Adam optimizer with a learning rate of 0.0001 to train each model. We trained each 
model for 20 epochs and saved the model weights with the highest iou score.

FPN demonstrated superior stability and performance across all crop types compared to alternative archi-
tectures. UNet++ showed notable performance variations across different crops, particularly for rice, maize, 
sugarcane, and tobacco, while LinkNet exhibited the least stable performance with significant variations across 
crop classes. We selected FPN as our primary architecture due to its consistent performance across all agricul-
tural scenarios.

For encoder backbone selection within the FPN architecture, Xception achieved the highest mAP across 
most crop classes while using fewer parameters (22M) compared to DenseNet-161 (26M), making it optimal 
for both performance and computational efficiency Table 1. This parameter efficiency is crucial for enabling 
deployment of larger models in subsequent processing stages of our pipeline.

Crop Segmentation.  Our Feature Pyramid Network (FPN) with an Xception backbone model achieved a 
92.5% mean average precision on our held-out validation dataset, representing a significant improvement over 
alternative architectures tested. The crop-specific performance metrics (Table 2) demonstrate robust detection 
capabilities across all eight crop types, with precision and recall values ranging from 0.85-0.99 and 0.93-0.99, 
respectively.

Performance varied by crop type, with soybean, sunflower, tobacco, and wheat achieving the highest preci-
sion scores (0.94-0.99), while maize showed slightly lower but still acceptable performance (0.85 precision, 0.93 
recall). This variation reflects the inherent visual complexity differences between crop types, with structurally 
distinct crops like tobacco and sunflower being more readily identifiable than visually similar crops like maize 
in mixed agricultural landscapes.

To train the image segmentation model we labeled a dataset of 2302 images with 8 different classes (Table 2): 
maize, banana, rice, soybean, sugarcane, sunflower, tobacco, and wheat. These crops (particularly maize, banana, 
rice, and wheat) were selected for their importance to food security in East Africa and their high likelihood for 
cultivation in the 17 counties surveyed. Maize, for instance, is a vital food security crop, contributing 36% of 
caloric intake in Kenya alone31. Similarly, rice, wheat, and bananas are integral to regional diets and have sig-
nificant nutritional and economic impacts32. Collectively, these crops provide a solid foundation for evaluating 
agricultural patterns and enhancing food security across the region.

We gathered training images from previous field campaigns and existing datasets of crop images (Table 3). 
The multi-source training data approach ensures model robustness across diverse geographical and climatic 
conditions, with substantial contributions from Tanzania (3,027 training images), Uganda (486), and supple-
mentary data from the USA (369) and existing agricultural datasets. We manually labeled a segmentation mask 
in each image using the Roboflow annotation tool. The Smart Polygon Tool with intelligent assistant enables effi-
cient annotation through single-click addition and removal of regions, significantly reducing the time required 
for manual labeling while maintaining annotation quality. We allocated 30% of the crop images for validation to 
ensure robust performance evaluation.

Advanced Preprocessing and Data Augmentation.  We applied several augmentation techniques (rotation:  ± 5 
degrees, contrast: ±5%, horizontal flip, and exposure: ±3%) to increase the size of the training set to 4832 
images. We resized all images to 800 × 800 pixels to balance computational efficiency with spatial resolution 
requirements for accurate crop segmentation.

Varying outdoor lighting conditions present a significant challenge for agricultural image analysis, as images 
are captured under diverse environmental conditions throughout different times of day and weather patterns. 
A critical preprocessing innovation was the implementation of adaptive gamma correction with maximum 
entropy optimization33–35. This technique was adopted after observing that varying outdoor lighting conditions 
significantly affected model performance. The gamma correction preprocessing improved our mean average 
precision from 85.16% to 92.75%, representing a substantial 7.6 percentage point improvement that validates the 
importance of addressing illumination variability in outdoor agricultural imaging scenarios.

The full segmentation dataset is publicly available on Roboflow: https://app.roboflow.com/ivan-zvonkov/
street2sat-segmentation/overview.

Binary Classification for Computational Efficiency.  We found that a significant number of collected images con-
tained no crops. Rather than running the relatively computationally heavy segmentation model on all images, 
we developed a lightweight binary crop classification model to filter out images that did not contain any crops 
before feeding crop images to the segmentation model. We call this the CropNop (crop or not crop) model.

https://doi.org/10.1038/s41597-025-05762-7
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Three lightweight architectures were systematically evaluated for filtering non-crop images, with the goal 
of optimizing computational efficiency while maintaining high accuracy. The evaluation focused on balancing 
model performance with parameter count to enable resource allocation toward more computationally intensive 
downstream segmentation tasks.

As with the segmentation models, we initialized each of the binary classification models with ImageNet 
pre-trained weights. We used a the default Binary Cross Entropy loss and Adam optimizer from PyTorch to train 
the models. We trained each classification model for 25 epochs and saved the model weights with the lowest loss 
value.

We selected a variant of the SqueezeNet model36 for this task due to its exceptional computational efficiency, 
using only 1.2M parameters compared to 11M for ResNet18 and 2.5M for MobileNetV3. Despite having 50% 
fewer parameters than MobileNetV3, SqueezeNet achieved superior performance (99% accuracy) while main-
taining the computational efficiency necessary for large-scale deployment. The simpler binary classification task 
allowed us to use smaller images (300 × 300 pixels) which further reduced computation requirements.

We created a training dataset using pseudolabels from the segmentation model predictions: if an image was 
segmented as more than 75% background, the image was labeled non-crop. If the image was segmented as less 
than 25% background, the image was labeled crop. We gathered crop and non-crop images from Kenya, Uganda, 
the USA, and Tanzania for a total of 8439 images (Train: 6957 [crop: 3711, non-crop: 3246], and Test: 1482 
[crop: 400, non-crop: 1082]). We used the same image preprocessing as for the crop segmentation model. Our 
CropNop model achieved 99% accuracy on the test dataset, effectively eliminating 73.9% of non-agricultural 
images from subsequent processing.

This two-stage approach enables significant computational savings by allowing resource conservation for 
deployment of larger, more sophisticated models in downstream segmentation tasks, while maintaining high 
accuracy in agricultural content detection.

Road to Field Coordinate.  For each image, we extracted the GPS coordinates, date, and time from the 
image’s EXIF-formatted metadata. We then projected the coordinates from WGS84 into the Universal Transverse 
Mercator (UTM) system to enable calculations in meters. We then used the image’s coordinates and metadata on 
the road to compute the coordinates of the crop field captured in each image.

Model Background Banana Maize Rice Sugarcane

EfficientNet-B5 0.90 0.65 0.83 0.86 0.93

Xception 0.93 0.65 0.87 0.90 0.93

DenseNet-161 0.94 0.70 0.87 0.89 0.93

ResNet-18 0.93 0.65 0.83 0.90 0.93

Table 1.  Crop-wise mean average precision by Encoder Backbone (Selected Results).

Crop Type Training Validation Precision Recall

Banana 407 55 0.88 0.98

Maize 1272 184 0.85 0.93

Rice 1194 181 0.86 0.96

Soybean 351 48 0.97 0.99

Sugarcane 174 31 0.87 0.98

Sunflower 384 51 0.97 0.98

Tobacco 66 9 0.99 0.99

Wheat 480 72 0.94 0.99

Null∗� 504 60 0.86 0.93

Table 2.  Segmentation dataset distribution and metrics per crop type. �∗Prevent False Positives

Source Training Validation Total

Tanzania 3027 422 3449

Kenya 87 16 103

Uganda 486 76 562

USA 369 50 419

Kaggle42 369 52 421

Kaggle43,44 314 47 361

FlevoVision45 180 28 208

Total 4832 691 5523

Table 3.  Data distribution by source.
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Next, we computed the vehicle’s driving direction to determine the GoPro camera’s field-facing direction. 
For each coordinate, we selected the prior coordinate and calculated the difference between the two coordinates 
to determine the Northing and Easting components of the driving direction. Since Kenya is a left-hand-drive 
country and the GoPro cameras are mounted on the passenger side, the field-facing direction is obtained by 
rotating the driving direction 90 degrees to the left.

We applied a 20-meter offset along the field-facing direction from the GoPro’s position to estimate the 
field coordinates. We experimented with various distance estimation methods but ultimately found that adap-
tive offsets had a fundamental drawback within our workflow. Our points are intended to be used with Earth 
Observation data such as Sentinel-2, which has a resolution of 10 meters. A Sentinel-2 pixel has a diagonal of 
14.14 meters. Therefore an offset from road point to field point of less than 14.14 meters risked staying within 
the same Sentinel-2 pixel. A 20 meter offset guarantees that the field point does not land in the same Sentinel-2 
pixel as the road point. It also accounts for buffers that are usually present between roads and fields. Additionally, 
smallholder fields can have widths of just 30 meters (15 meters to the center of the field). Using a 20 meter offset 
allowed us to not overshoot the center of these small fields and ensure the field point represents a field pixel. At 
this stage, crop-type data points may form clusters, with consecutive field points spaced only a few meters apart. 
To ensure compatibility with moderate-resolution Earth observation data, such as Sentinel-2, we snapped all 
points to the centroid of a 10-meter pixel grid (Fig. 4). If multiple points fell within the same 10-meter pixel, we 
retained the photo with the highest percentage of crops and discarded the rest.

End-to-End Automated Pipeline.  In total, we ran our automated pipeline on 32,804 GoPro images in the 
focus counties. Of these, we progressively eliminated 28,580 images that were not fit to be transformed into crop 
type points. We eliminated 5.7% of the photos captured in Kenya due to invalid EXIF data (coordinate metadata). 
Next, we ran the CropNop model on the photos with valid EXIF data, resulting in the removal of 73.9% images 
that did not contain crops according to the classifier. We ran the segmentation model on the remaining photos. 
We used a segmentation proportion threshold for the dominant crop to eliminate photos where the segmented 
area was very small. We set the default threshold to 5%, meaning only photos with a dominant crop covering at 
least 5% of the image are kept. We adjusted this threshold for some dataset subsets. Finally, we snapped our GoPro 
field coordinates to a grid and deduplicated points in the same grid. The deduplication step eliminated 53% of 

Fig. 5  Distribution of crop type points.
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the remaining photos. We packaged the remaining 4,224 points into Google Earth Pro KMZ files, on which we 
performed further manual verification (see Technical Validation).

Planned Improvements.  Future development will focus on incorporating active learning capabilities into 
the segmentation model to enable seamless integration of new crop classes as they appear in collected data. This 
adaptive approach will allow the system to expand its crop recognition capabilities without requiring complete 
model retraining, making it more suitable for diverse agricultural environments and changing cropping patterns.

Data Records
The resulting dataset reflects both our strategic sampling approach and the agricultural landscape realities dur-
ing our collection periods. While maize dominates the final dataset (88% of points), our model successfully 
detected multiple crop types during processing, demonstrating the broader applicability of our data collection 
methodology for diverse agricultural systems. Our final dataset consists of a CSV file representing the crop type 
points and a zipped folder of roadside images associated with each crop type point. We also host the roadside 
images on a public Google Cloud Storage bucket for accessibility without the need to download all images. We 
make the dataset public on Zenodo37 with the CC BY 4.0 license: https://zenodo.org/records/15133324.

In total, we present 4,925 validated crop type points collected across 17 counties in Kenya during 2021 and 
2022. The crop distribution accurately reflects Kenya’s agricultural priorities, with maize as the dominant sta-
ple crop22 represented by 4,351 points, followed by 301 sugarcane, 140 banana, 106 wheat, 10 tea, 5 beans, 4 
sunflower, 2 rice, 2 soybean, 2 cassava, and 1 kale point. Geographically, the 2022 dataset contains points from 
Nakuru (653) and Machakos (14), while the 2021 dataset spans a broader geographic range including Nakuru 
(764), Trans Nzoia (550), Nandi (528), Kericho (516), Busia (493), Bungoma (370), Narok (236), Homa Bay 
(204), Uasin Gishu (170), Kisii (124), Migori (117), Vihiga (84), Bomet (40), Kakamega (34), and Nyamira (28).

We chose to store the crop type points in a CSV file because it is human-readable, easy to open on any com-
puter, and can be easily used in common GIS software (e.g., Google Earth Engine, Google Earth Pro, QGIS) 
when latitude and longitude columns are included. We include the road coordinates as a separate row in our 
CSV so future researchers can use them as non-crop points when training a cropland classifier. Each row of our 
CSV has the following attributes:

•	 latitude [number]: Field latitude snapped to 10m UTM grid.
•	 longitude [number]: Field longitude snapped to 10m UTM grid.
•	 is_crop: [number]: 1 if field coordinate, 0 if road coordinate.
•	 crop_type [string]: The dominant crop in the image.
•	 capture_info [string]: ID for each image.
•	 capture_time [string]: Date and time of image capture.
•	 adm1 [string]: Admin Level 1 from GADM.
•	 adm2 [string]: Admin Level 2 from GADM.
•	 image_path [string]: The path of the roadside image inside the provided image folder.
•	 image_url [string]: The URL of the roadside image hosted on our Google Cloud.

This dataset provides a valuable resource for maize mapping applications and food security monitoring in 
Kenya, while the underlying methodology demonstrates scalability for diverse crop types across different agri-
cultural landscapes.

Technical Validation
Quality Assessment.  We performed quality assessment on all classified crop type data points to verify the 
dominant crop prediction and whether the point fell inside a field and spatial coordinate accuracy. This manual 
verification process is essential given the complexity of Kenyan smallholder agricultural landscapes, where highly 
variable field boundaries, irregular plot shapes, mixed land use patterns, and inconsistent distances from roads to 
field edges make purely algorithmic coordinate estimation insufficient for reliable data quality.

We packaged the crop type points into a Google Earth Pro KMZ files which allow viewing the points overlaid 
on high-resolution satellite imagery. We used Google Earth Pro to select the temporally closest available satellite 
imagery to the given point, ensuring the most accurate assessment of field conditions at the time of data collec-
tion. The quality assessment was conducted as a process of elimination designed to address coordinate accuracy 
concerns. We eliminated any point that did not fall within an actual cultivated field, thereby directly addressing 
potential errors from our 20-meter offset approximation that could place points in buffer zones, fallow areas, or 
beyond field boundaries. We also eliminated any point where the photo contained no crops, ensuring that our 
coordinate estimation successfully captured agricultural areas rather than roads, settlements, or natural vegeta-
tion. Additionally, we removed any point where a human was present in the photo, as this could interfere with 
crop classification accuracy.

Beyond spatial validation, we corrected misclassified dominant crops at this stage of the assessment, ensuring 
that the crop type prediction accurately reflected the field conditions visible in both the street-level imagery and 
corresponding satellite data. This dual verification process (spatial accuracy through satellite imagery and crop 
accuracy through street-level photos) provides robust quality control that accounts for the inherent uncertain-
ties in coordinate estimation across diverse landscape conditions.

The interface for point assessment is shown in Fig. 7. All KMZ files were checked by a minimum of two inde-
pendent reviewers to ensure consistency and reduce subjective bias in the assessment process. We reviewed diffi-
cult or ambiguous points with representatives from Kenya’s Ministry of Agriculture and Livestock Development, 
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leveraging their local expertise to resolve cases where landscape complexity made assessment challenging. This 
collaborative approach was particularly valuable for interpreting intercropped fields, buffer crop arrangements, 
and seasonal variations in crop appearance that could affect both coordinate placement and crop identification 
accuracy.

The manual verification process effectively addresses the coordinate estimation challenges that would be 
difficult to resolve through algorithmic approaches alone. While we previously tested more precise distance 
measurement methods using tape measures in controlled environments, developing alternative algorithmic 
approaches to improve coordinate estimation accuracy, including Structure from Motion (SfM) techniques that 
leverage feature matching between consecutive images to estimate distances without requiring assumptions 
about crop height, the scalability limitations and landscape heterogeneity made such approaches impractical for 
large-scale deployment38. Our quality assessment protocol provides a scalable solution that maintains data qual-
ity while accommodating the spatial variability inherent in smallholder agricultural systems. We then converted 
all approved KMZ files into a single CSV file, ensuring that only validated, high-quality crop type points with 
verified coordinate accuracy were included in the final dataset.

Point Assessment Challenges.  Our quality assessment process revealed several systematic challenges that 
informed our validation protocols. Spatial accuracy challenges were among the most frequent obstacles, occur-
ring when capture points fell outside field boundaries despite our 20-meter offset approximation. While this offset 
represented the average distance from road to field edge based on initial field observations, the heterogeneous 
nature of smallholder landscapes meant that farmers establish field boundaries at highly variable distances from 

Fig. 7  Interface for quality assessment.

Fig. 6  Examples of misclassified images: (a) an intercropped banana and beans farm, and (b) a buffer plant 
occasionally misclassified as a crop.
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roads (5-50+ meters). Points that landed beyond field boundaries or on buffer zones were systematically elimi-
nated during quality assessment. Crop classification challenges arose from both landscape complexity and model 
behavior. Buffer crops created particular difficulties when they obstructed the view of main crops—for example, 
roadside maize plants blocking sugarcane fields behind them, leading to misclassification and subsequent point 
elimination (see Fig. 6a). Our segmentation model also exhibited differential sensitivity to crop types, detecting 
banana plants more readily than other crops due to their distinct structural features. This frequently resulted in 
fields with sparse banana trees (planted for shade in predominantly maize or bean fields) being classified entirely 
as “banana” crops, despite banana representing a minor component of the agricultural system. Intercropping 
prevalence added another layer of complexity, as many smallholder farmers practice various intercropping 
arrangements that challenge discrete classification systems. During quality assessment, we prioritized the dom-
inant agricultural practice in each field, correcting cases where visually prominent but spatially minor crops 
(particularly single banana plants) caused incorrect field-level classification (Fig. 6b). These challenges directly 
shaped our quality control methodology, emphasizing the necessity of manual verification for ensuring both spa-
tial accuracy and appropriate crop-type representation. Our final dataset provides discrete crop-type labels that 
accurately reflect the dominant agricultural practice at each location, while our segmentation model’s successful 
identification of eight crop types during processing (Table 3) demonstrates broader detection capabilities across 
Kenya’s diverse agricultural landscape.

Maize Mapping.  We further validated the points by using them to create a maize map over Kenya’s Nakuru 
county. Nakuru covers an area of 7496.5 square kilometres and is an important agricultural center in Kenya39. We 
chose to map maize in Nakuru county because that is by far the most dominant crop grown in the region Table 4.

Satellite Data.  We used Sentinel-2 L2A data as the input data source for our maize mapping workflow. We 
queried images in the area of interest from April 1, 2021 to December 1, 2021 to cover the entire growing season. 
We used the S2 Cloudless collection to mask out pixels with over 30% cloud cover. We then composited the 
images into 2 month median composites (April-May, June-July, August-September, October-November). For 
each median composite, we computed the Normalized Difference Vegetation Index (NDVI). We selected the 
following bands from each composite: B2, B3, B4, B8, B8A, B9, B11, NDVI.

Crop Type Data.  We used all crop type points in Nakuru county generated through our pipeline (a total of 
1528 points consisting of 764 field points, and 764 corresponding road points). Of the 764 field points, 760 were 
maize. We increased the amount of non-maize crop points by sampling additional points within the fields of our 
non-maize crop points. Specifically, we drew field polygons for a sample of non-maize crop points, then applied 
a 5 meter buffer to the field polygons to remove border effects and sampled exhaustively every 10 meters within 
the field polygon. This process resulted in 1102 non-maize crop points. Additionally, after an initial round of 
classification we added 41 maize points. For a total of 801 maize points and 1870 non-maize points to be used 
for classification.

Classification.  We used a two step approach to maize classification, first masking out obvious non-crop pixels 
and then training a random forest classifier to classify remaining pixels as maize or non-maize. To mask out 
obvious non-crop pixels such as water bodies, we used the WorldCover 2021 land cover map40. We masked out 
all classes except crops, tree cover, and grassland, as we found that the latter two classes in the WorldCover map 
sometimes contained crop fields. We trained a random forest classifier (with 50 trees) on Google Earth Engine 
using the satellite data and crop type data described above.

Map Validation.  We evaluated the created maize map using Copernicus4GEOGLAM41 field polygons available 
in the Nakuru region. These polygons represent high-quality ground truth data collected through in-person field 
visits, providing reliable validation for our classification results. To avoid spatial auto-correlation effects that 
could inflate accuracy estimates, we extracted only the centroid of each polygon for validation rather than using 
entire field areas. Our maize classification achieved an overall accuracy of 71.1%, with a user accuracy of 45.7% 
and producer accuracy of 58.2%. While the overall accuracy demonstrates reasonable performance for distin-
guishing maize from non-maize areas, the lower user and producer accuracies reflect the inherent challenges of 
crop-type mapping in heterogeneous smallholder landscapes where field boundaries are irregular, crop mixtures 
are common, and spectral signatures can be ambiguous.

Usage Notes
Code Repository and Pipeline.  All code for the crop-type mapping pipeline is accessible through the 
helmets-kenya repository: https://github.com/nasaharvest/helmets-kenya/tree/main. The most relevant files are:

Model Parameters Precision Recall F1 Score Accuracy

ResNet18 11M 0.955 0.925 0.93 0.943

MobileNetv3 2.5M 0.97 0.95 0.96 0.97

SqueezeNet 1.2M 0.98 0.985 0.98 0.99

Table 4.  Data Filtration Model Performance Comparison.
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	 1.	 For processing the GoPro images into crop type points; https://github.com/nasaharvest/helmets-kenya/
blob/main/notebooks/GoPro2CropKMZ.ipynb and,

	 2.	 For converting analyzed and approved KMZ files into a single CSV file https://github.com/nasaharvest/
helmets-kenya/blob/main/notebooks/CropKMZtoCSV.ipynb

Data Format and Access.  The dataset is provided as a CSV file with georeferenced crop-type points and 
an associated image folder. Users can access the roadside images either by downloading the complete dataset 
or accessing individual images via the provided Google Cloud Storage URLs without downloading the entire 
collection.

Recommended Software and Analysis Platforms.  Our collected crop-type points can be used to 
train machine learning models and create crop-type maps. We recommend using Google Earth Engine with our 
data points because Earth Engine makes it straightforward to analyze crop-type coordinates in conjunction with 
remote sensing data. We share code for an example maize mapping use case in Nakuru county on Google Earth 
Engine: https://code.earthengine.google.com/?accept_repo=users/izvonkov/helmets-kenya-public. The CSV 
format also enables direct import into common GIS software including QGIS, ArcGIS, and Google Earth Pro for 
spatial visualization and analysis. The dataset is compatible with standard Python geospatial libraries (geopandas, 
rasterio) and R spatial packages (sf, raster) for custom analysis workflows.

Suggested Processing Steps.  For training crop classification models, users should split the dataset geo-
graphically rather than randomly to avoid spatial autocorrelation in validation results. The road coordinates 
(is_crop = 0) can serve as non-crop training points for cropland extent mapping. When combining with satellite 
imagery, we recommend using the 10-meter grid snapping inherent in our coordinates for compatibility with 
Sentinel-2 data. Users should account for the temporal information (capture_time) when matching with satellite 
imagery to ensure appropriate temporal alignment.

Dataset Limitations and Considerations.  The heavy maize representation (88% of points) makes the 
dataset particularly suitable for maize mapping applications and food security monitoring in similar smallholder 
contexts. Users requiring balanced multi-crop training data should consider combining our dataset with other 
sources or implementing class balancing techniques. The dataset reflects agricultural conditions during specific 
growing season windows and may not represent year-round crop distributions. Users working in different geo-
graphic regions should validate coordinate offset assumptions against local field boundary patterns.
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