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Abstract

Detecting excess mortality during epidemics is particularly
challenging in areas with weak civil registration systems.
Satellite images of burial sites can provide a useful esti-
mate, but current methods often depend on slow and labor-
intensive manual work. We suggest an automated system
to estimate burial site occupancy from satellite images, us-
ing a computer vision model trained with drone-guided an-
notations. We manually annotated drone images from 14
burial sites in Dar es Salaam, Tanzania, and aligned them

with satellite images using manually identified landmarks,
RANSAC homography estimation, and perspective warp-
ing. We then adapted three computer vision algorithms -
CSRNet, DM-Count, and P2PNet - initially developed for
crowd-counting to count burial sites occupancy. We per-
formed 10-fold cross-validation on 337 satellite images that
included 8,888 annotated burial plots, P2PNet performed
the best, achieving R2 = 0.88 ± 0.03, MAE = 7.6, and
RMSE = 11.8. Model performance improved greatly when
trained and evaluated on drone imagery (R2 = 0.97 ±
0.02), indicating performance loss caused by transferring

Figure 1. Example annotation of drone imagery, transfer to satellite, and generation of density maps. Graves in drone imagery were
annotated using LabelBox and then transferred to satellite imagery using manual registration, RANSAC homography estimation, and
perspective warp. Density maps were generated using a Gaussian filter, σ = 5 pixels.



labels to satellite imagery. Performance also varied signifi-
cantly across different burial sites. Overall, these results in-
dicate that using drone-assisted annotation along with au-
tomated counting could provide a scalable method for auto-
mated monitoring of excess mortality using burial sites from
satellite imagery.

1. Introduction
Detecting and monitoring high-casualty epidemics in
resource-limited settings is challenging due to inadequate
disease and mortality reporting [2, 4]. Satellite imagery of
burial sites has been used to monitor changes in the ad-
dition of the new burial plots as a surrogate for mortality
data [2]. However, prior work relied on manual labeling of
burial plots, which can be time-consuming, and the quality
of these labels has not been analyzed.

To reduce the burden of manual annotation, we investi-
gate whether high-resolution drone imagery can be used to
guide the annotation of lower-resolution satellite imagery
to support automated grave counting. A primary concern of
this approach is that adapting labels across different imag-
ing acquisition platforms may introduce additional sources
of error. We therefore evaluate whether computer vision
models adapted from crowd-counting can provide reliable
estimates of grave counts despite these challenges.

2. Methods
Our methods address two practical challenges. First, be-
cause graves are difficult to annotate directly in low-
resolution satellite imagery, we use high-resolution drone
imagery to generate annotations and transfer them to
aligned satellite images. Second, because this transfer pro-
cess may introduce error, we evaluate three crowd-counting
models and design experiments to assess their performance,
robustness, and sensitivity to cross-platform label transfer.

2.1. Datasets
Drone imagery was acquired for fourteen burial sites in Dar
es Salaam, Tanzania, from the OpenAerialMap Project [11].
Drone imagery was captured in April 2015 as 5 cm/pixel
RGB images. Corresponding satellite imagery was acquired
from Maxar as 50 cm/pixel RGB images. Burial plots in
drone imagery of burial sites were manually labeled by local
staff in duplicate using LabelBox to establish ground-truth
counts. Drone and satellite imagery were aligned by man-
ually annotating pixel pairs. The homography matrix was
estimated using Random Sample Consensus [5], and anno-
tations were realigned to the satellite imagery (Figure 1) us-
ing a perspective warp in OpenCV[3]. Satellite images were
tiled into 96x96 pixel patches, and image portions without
valid drone labels were masked.

2.2. Counting Frameworks
We evaluated counting frameworks from the related field of
crowd counting. Similar to grave counting, crowd counting
deals with spatial counting, typically in congested scenes.
We applied three crowd counting frameworks to grave
counting.

2.2.1. Congested Scene Recognition Network
The Congested Scene Recognition Network (CSRNet) is a
density-based counting model [9], formulating counting as
a density map estimation problem, a common technique in
object counting [8]. CSRNet achieved state-of-the-art per-
formance in crowd-counting, and captures large contextual
regions while preserving spatial detail. While other mod-
els have since outperformed CSRNet in crowd counting,
it remains a well established and understood benchmark
[1, 10, 17]; therefore we adapt it to this novel application.
To apply CSRNet, density maps of burial plots were created
by passing a Gaussian filter across each burial plot location,
using a sigma (standard deviation of the Gaussian kernel)
of 5 pixels (Figure 1). The model was trained by mini-
mizing the Euclidean loss between the predicted and the
Gaussian-generated ground-truth density maps. Predicted
density map spatial integration yielded the object count.

2.2.2. Distribution Matching for Crowd Counting
Distribution Matching for Crowd Counting (DM-Count) is
another density-based crowd counting method [16]. DM-
Count was applied using the same density map prepara-
tion as CSRNet. However, rather than a density-based
loss function, DM-Count regresses on a loss function based
on Optimal Transport [15], matching the distribution of
the proposed density map to the actual point annotations.
Count predictions are obtained through spatial integration
of the predicted density map. At the time of its publication,
DM-Count outperformed CSRNet on the ShanghaiTech and
UCF-CC-50 benchmark datasets [6, 18].

2.2.3. Point to Point Network
Point to Point Network (P2PNet) deviates from the pop-
ular density map approach and performs object counting
and localization using a purely point-based framework [13].
P2PNet was applied to the same tiled satellite images as
CSRNet and DM-Count; unlike the density-based models,
it uses point annotations directly without requiring density
map generation. P2PNet outputs a set of proposals, which
are matched with point annotations using the Hungarian al-
gorithm [7, 14]. The network is trained using a combination
of a Euclidean localization loss and a Cross-Entropy classi-
fication loss. Count predictions are calculated as the sum
of proposals with a classification score > 0.5. At the time
of its publication, P2PNet achieved state-of-the-art perfor-
mance on the ShanghaiTech benchmark dataset, outper-
forming DM-Count and CSRNet. Additionally, the local-



ization mechanism present in P2PNet can lead to more in-
terpretable results than density map estimation techniques.

2.3. Experiment
In our main analysis, model performance was evaluated
using 10-fold cross-validation. Data from all cemeteries
were pooled prior to splitting, as the intended application
of this framework is the longitudinal monitoring of known
sites rather than zero-shot generalization to unseen loca-
tions. Primary outcomes were mean absolute error, root
mean squared error, and coefficient of determination (R2).

In secondary analyses, we examined generalization, cal-
ibration, and the impact of transferring labels from high-
resolution drone imagery to low-resolution satellite im-
agery. All secondary analyses were performed using CSR-
Net as a counting framework. To examine generalization,
we stratified results from our main analysis across burial
site. We additionally reran our cross-validation, holding out
entire burial sites rather than random samples of images. To
assess calibration, we estimated the slope and bias of pre-
dicted vs. actual counts, and adjusted error metrics using
10-fold cross-validation. To evaluate the impact of trans-
ferring labels from high-resolution drone imagery to low-
resolution satellite imagery, we repeated the experiment us-
ing the original drone imagery, tiled to match the exact co-
ordinates of corresponding satellite imagery tiles.

3. Results
Satellite tiles (N = 337) had a mean (standard deviation) of
26.4 (33.4) burial plots per tile. In total, 8,888 burial plots
were identified across all tiles. Of these, 75% (N = 254)
contained at least one burial plot. Among tiles with at least
one burial plot, the mean number of burial plots was 35.0
per tile.

Table 1. Counting Performance Across Models

Experiment MAE RMSE R2

CSRNet 8.4± 1.4 12.7± 2.3 0.86± 0.03
DM-Count 8.9± 1.7 12.7± 2.3 0.86± 0.05
P2PNet 7.6± 1.6 11.8± 2.3 0.88± 0.04

CSRNet exhibited skill in estimating grave counts from
satellite imagery (R2 = 0.86 ± 0.03). Mean absolute er-
ror was roughly one-third of the average true count (8.45
burial plots), and the root mean squared error was slightly
higher (12.4 burial plots), indicating a long tail in the error
distribution. DM-Count performed similarly, with identical
R2 and root mean squared error. Mean absolute error was
slightly elevated (8.9± 1.7). P2PNet performed the best of
all counting frameworks, with an R2 of 0.88±0.04, a mean
absolute error of 7.6 ± 1.6, and a root mean squared error

of 11.8± 2.3.

Table 2. Comparative Performance Study

Experiment MAE RMSE R2

Baseline 8.4± 1.4 12.7± 2.3 0.86± 0.03
Hold-out Cemetery 12.5± 5.4 19.8± 7.3 0.65± 0.65
Drone 4.0± 0.7 6.7± 1.1 0.97± 0.02
Calibration (CV) 8.7± 1.4 12.6± 2.3 0.86± 0.03

Performance was highly sensitive to burial site charac-
teristics. In a stratified main analysis (randomized split,
10-fold cross-validation) of CSRNet, the best-performing
cemetery had an R2 of 0.97, while four of the 14 ceme-
teries had an R2 < 0.5. The worst-performing burial-site
predictions had a mean absolute error of 11.2 burial plots
per tile, and the best-performing had a mean absolute error
of 2.7 burial plots per tile. The relative absolute error cal-
culated at the cemetery level varied from 0.16 to 2.33. The
worst performing cemeteries, as measured by R2 and rela-
tive absolute error, had the lowest burial plot density aver-
aged across all tiles. Poor generalization across burial sites
persisted when the entire burial site was held out from train-
ing (Table 2). R2 dropped to 0.65, mean absolute error in-
creased to 12.5, and root mean squared error increased to
19.8.

CSRNet was able to count burial plots much more ac-
curately using the original drone imagery. R2 increased to
0.97, mean absolute error decreased sharply to 4.0, and root
mean squared error similarly decreased to 6.7.

CSRNet predictions were well calibrated (Figure 2). The
calibration regression yielded a bias term of 1.39 (95% CI -
0.342 – 3.129) and a slope of 1.014 (95% CI 0.969 – 1.058).
Consequently, calibration had a limited impact on 10-fold
cross-validation results (Table 2).

4. Discussion
Our findings suggest that it is possible to count burial plots
in satellite images using crowd-counting models trained on
drone-guided annotations. This could provide a practical,
automated alternative to slow manual labeling. It could be
especially useful for quick mortality monitoring in areas
where traditional data systems are weak or delayed. These
discoveries could support a fully automated epidemic early
warning system.

Our model performance assessment had both strengths
and important limitations. Overall errors were moderate,
and predictions followed the true counts reasonably well.
Additionally, predictions were well calibrated, despite some
prior work in object counting identifying calibration as a
potential issue. [12]. However, performance was substan-
tially lower on satellite imagery when compared to drone



Figure 2. CSRNet Prediction vs ground truth plot. Each tile is
represented as a point, and points are colored by cemetery. The
dashed black line represents the regression, while the diagonal is
represented in light grey for reference. Predictions were strongly
correlated with ground truth (R2 = 0.86). Predictions were cali-
brated, with a bias of 1.39 (95% CI -0.342 – 3.129), and slope of
1.014 (95% CI 0.969 – 1.058).

imagery, indicating the value of high resolution imagery in
counting graves. Importantly, other factors may have played
a role in this performance drop-off. There may have been
cases where burial plots were obscured by vegetation in the
drone imagery, and therefore gone unlabeled. Future val-
idation of drone imagery labels by physical inspection of
burial sites could help to quantify this effect.

Additionally, we found that model’s performance var-
ied across burial sites, limiting the generalizability of our
findings. We observed substantial performance degradation
when an evaluated burial site was fully held out from the
training data. This finding suggests that it is crucial to val-
idate individual burial sites before “enrolling” them into an
epidemic early-warning system, and that it may be neces-
sary to fine-tune the system for specific sites.

Finally, due to the limited availability of high-resolution
drone data at multiple time-points, our study was cross-
sectional. To validate this framework for detecting changes
in grave counts, longitudinal drone data must be collected.

Despite these limitations, our findings show that us-
ing satellite-based burial plot counting trained on drone
imagery-assisted annotations has real potential to fully au-
tomate mortality monitoring systems in areas with high
needs but limited on-the-ground data. We recommend ad-
ditional data collection of drone imagery alongside on-site
validation of labels in future work.
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