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Why Count?

Quantification constitutes a fundamental prerequisite for data-driven
decision-making.
Quantity translates directly into actionable metrics.
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Why Count?

Agricultural yield estimation: counts
of fruit and flowers translate into
expected volume.
Biodiversity monitoring: save expert’s
time for thinking, and use computers
to collect transient ecological data.
Unconstrained pedestrian counting:
precise resource management,
transportation engineering, urban
design, and advertising Shen et al.,
2019

Figure 1: A robot autonomously surveys in a
strawberry polytunnel
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The Impact of Automated Counting

Numerical extraction transforms qualitative visual scenes into quantitative insights
necessary for strategic planning.
Manual enumeration is impractical at scale. In this work we try to improve the
accuracy of counting for dense, occluded, and heterogeneous environments.
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How can we count?

(a) Object detection (b) Density estimation

Figure 2: Demonstration of counting methods in an occlusion-free iSAID sample.
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Crowd Counting as a General Counting Problem

Crowd counting methods typically
focus on regressing counts of people in
a scene, but as density estimation and
count estimation can be used for
arbitrary objects, we use those terms
Density and count estimation typically
outperform discrete
counting-by-detection methods in busy
scenes, or in scenes where occlusion is
a problem Figure 3: A busy scene from the VisDrone-DET

dataset Zhu et al., 2022.
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Crowd Counting as a General Counting Problem
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Density Estimation

(a) The same VisDrone sample (b) Output for the ”people” class

Figure 3: Fig. 3a is the same VisDrone sample, and Fig. 3b shows our model’s output for the
people category - the integration of the 1

4 scale density map produces the count of people in
the image, which is 79. The same principle applies to fruit, flowers, or plants.
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Density Estimation
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Density Estimation

The estimate count for the class c, n̂i,c, is the integration of that class in the density
map:

n̂i,c =
Wd∑

w=1

Hd∑

h=1
Dest

i,c,w,h. (1)
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Visualising Density Integration



Counting Density Estimation Multi-class Formulation Ablation Studies Open Vocabulary Counting Conclusion References

Visualising Density Integration
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Visualising Density Integration
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Novel Domains

(a) Model output (b) Input RGB (c) Ground truth

Figure 3: Counting almonds in Gomez et al., 2021 with the ancient CAN Cao et al., 2018
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Novel Domains

(a) Model output (b) Input RGB (c) Ground truth

Figure 3: Counting almonds in Gomez et al., 2021 with the ancient CAN Cao et al., 2018
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Multi-class Imbalance Problems
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Figure 4: Class appearance density

Density estimation can
be applied to more than
just people and cars,
such as biodiversity
monitoring with the
Hicks et al., 2021 dataset
Existing methods fail
where few classes appear
in a given sample
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Multi-class Problem

 Cars = 6.3

 People = 78.7

 Trifolium Repens = 2.1

 Ranunculus = 14.2

VisDrone

Hicks

iSAID

 Cars = 28.9

 Ships = 177.1

Figure 5: Multi-class outputs from our model trained on
VisDrone-DET Zhu et al., 2022, iSAID Waqas Zamir et al.,
2019 and the Hicks et al., 2021 datasets

Density estimation is
expressed as C unique
counting problems to
solve for multi-class
Outputting C density
estimations in one matrix
brings inter-category
interference



Counting Density Estimation Multi-class Formulation Ablation Studies Open Vocabulary Counting Conclusion References

Our Approach
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The interference is
addressed by solving
auxiliary tasks - past
work Xu et al., 2021 has
used segmentation as we
do or an auxiliary
detection task in Michel
et al., 2022.
We learn from
segmentation at training
time, without needing it
at inference time
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Ablation Studies: Category Focus Module (CFM)

CFM Impact: The
module significantly
improves performance,
especially at smaller
count ranges.
Scale Independence:
The multiscale CFM
handles larger ranges
of counts better than
the single-scale
variant.

VisDrone-DET (8-category) CFM Ablation
Count Range YOLO 11x No CFM Single-scale Ours (Base)

No. Params 56.97m 58.20m 60.95m 60.95m

0–1000
MAE 2.65 2.49 2.28 2.29+8.0%

RMSE 10.06 8.00 8.16 8.28-3.5%

0–10
MAE 1.51 0.63 0.53 0.46+27.0%

RMSE 2.44 1.04 0.99 1.08-3.8%

11–50
MAE 7.49 1.62 1.41 1.39+14.2%

RMSE 10.46 3.10 2.78 2.79+10.0%

51–100
MAE 22.21 3.31 3.06 3.09+6.6%

RMSE 27.29 6.59 6.32 6.49+1.5%

101–
1000

MAE 80.63 8.55 8.49 8.61-0.7%

RMSE 105.17 24.64 25.78 26.12-6.0%
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Ablation Studies: Backbone Scale

Tested across
Twins-SVT-small, base,
and large backbones.
The small model
(26.23m params)
provides high-quality
predictions.

VisDrone-DET (8-category) Backbone Ablation
Count Range Small Base Large

No. Params 26.23m 60.95m 107.95m

0–1000
MAE 2.38 2.29+3.8% 2.27

RMSE 8.06 8.28-2.7% 8.18

0–10
MAE 0.59 0.46+22.0% 0.42

RMSE 0.98 1.08-10.2% 0.83

11–50
MAE 1.51 1.39+7.9% 1.37

RMSE 2.80 2.79+0.4% 2.81

51–100
MAE 3.12 3.09+1.0% 3.09

RMSE 6.22 6.49-4.3% 6.49

101–
1000

MAE 8.63 8.61+0.2% 8.61
RMSE 25.45 26.12-2.6% 25.73
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Ablation Studies: Final Activation Function

ReLU: Truncates negative
predictions before the
calculation & propagation of
loss.
Leaky ReLU: Unbounded,
causing metrics to be
impacted by negative count
predictions.
Softplus: Guarantees
numerically stable, positive
outputs without sacrificing
gradients.

VisDrone-DET (8-category) Activation Ablation
Count Range Softplus (Base) ReLU Leaky ReLU

0–1000
MAE 2.29+60.7% 5.83 5.67

RMSE 8.28+49.2% 16.30 10.38

0–10
MAE 0.46+45.9% 0.85 3.97

RMSE 1.08+45.7% 1.99 4.36

11–50
MAE 1.39+61.6% 3.62 4.79

RMSE 2.79+62.0% 7.35 5.86

51–100
MAE 3.09+63.2% 8.40 6.39

RMSE 6.49+60.6% 16.46 9.32

101–
1000

MAE 8.61+57.4% 20.23 12.06
RMSE 26.12+43.6% 46.31 28.69
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Counting Results
Hicks et al. (8-category)

Count Range
(samples in range)

DSACA Ours

0-1000
(420)

MAE 0.92 0.38+58.7%

RMSE 2.10 1.71+18.6%

0-5
(252)

MAE 0.61 0.17+72.1%

RMSE 0.91 0.82+9.9%

6-10
(71)

MAE 0.93 0.31+66.7%

RMSE 1.54 0.97+37.0%

11-25
(71)

MAE 1.39 0.69+50.4%

RMSE 2.78 2.01+27.7%

26-
1000
(26)

MAE 2.64 1.76+33.3%

RMSE 5.96 5.22+12.4%

iSAID (4-category)
Count Range

(samples in range)
YOLO
11x

Michel
et al.

Ours

0-10000
(4056)

MAE 10.95 7.85 2.84
RMSE 68.20 31.64 29.12

0-10
(2862)

MAE 1.67 2.5 1.04
RMSE 13.49 10.26 16.27

11-50
(784)

MAE 6.84 6.51 3.32
RMSE 19.61 12.18 28.07

51-100
(201)

MAE 20.15 17.86 6.54
RMSE 36.05 26.38 24.43

101-10000
(209)

MAE 144.53 50.31 22.11
RMSE 291.71 95.57 96.44
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Counting Results VisDrone-DET (8-category)
Count Range

(samples in range)
YOLO
11l

YOLO
11x

Ours
(small)

Ours
(base)

Ours
(large)

No. Params 25.37m 56.97m 26.23m 60.95m 107.95m

0-1000
(1610)

MAE 2.75 2.65 2.38 2.29 2.27
RMSE 10.49 10.06 8.06 8.28 8.18

0-10
(126)

MAE 1.85 1.51 0.59 0.46 0.42
RMSE 2.67 2.44 0.98 1.08 0.83

11-50
(980)

MAE 7.81 7.49 1.51 1.39 1.37
RMSE 10.83 10.46 2.80 2.79 2.81

51-100
(377)

MAE 23.47 22.21 3.12 3.09 3.09
RMSE 28.35 27.29 6.22 6.49 6.49

101-1000
(127)

MAE 84.94 80.63 8.63 8.61 8.61
RMSE 109.41 105.17 25.45 26.12 25.73
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Open-Vocabulary Counting

The new direction is looking at
open-vocabulary counting
We want a multi-class vision-language counting
model that accepts natural language prompts
such as “the unripe and rotten strawberries” or
“yellow and white flowers”
We’re not quite there yet...

Figure 6: CLIP-Count
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CLIP-Count Preliminary Results

Results show CLIP-Count
method fails to respond to
text modality

(a) Prompt: “carrots” (b) Prompt: “broccoli”

Figure 7: CLIP-Count not paying attention
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CLIP-Count

(a) CLIP-Count found 15.3 “unripe strawberries” (b) CLIP-Count found 16.6 “ripe strawberries”
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DSACA with Strawberries

(a) Ripe strawberries map (b) Input RGB (c) Unripe strawberries map

Figure 9: Qualitative results counting strawberries with DSACA Xu et al., 2021
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Mind the Prompt: A Novel Benchmark for Prompt-Based Class-Agnostic
Counting (WACV, Ciampi et al., 2025)
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DAVE

Figure 10: DAVE failing epically to do what the 2018 model
did with ease

DAVE Pelhan et al., 2024
is praised by Ciampi
et al., 2025 as the most
class-aware model
DAVE still falls short
when dealing with new
scales, so there is work to
be done for open
vocabulary counting
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Try DAVE Yourself!

Figure 11: https://gtnr.vnet.tel/

No data retention
Try counting things with your
phone, and let me know!

https://gtnr.vnet.tel/
https://gtnr.vnet.tel/
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Environmental Impact

494.099 kWh recorded GPU
energy usage ≈ 96.611 kg of
CO2e emissions from generation
and transmission. Conversion
factors from UK Gov’t
Department for Energy Security
and Net Zero, 2025
Every experiment since 20th Jan
2025 tracks cumulative GPU
energy usage
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Conclusion

Counting things is useful in agriculture for
automated decision support, forecasting and
precision farming
Our multi-class density estimation method
provides robust, class-aware counting
capabilities
Open-vocabulary density estimation is
progressing, but class-awareness and zero-shot
robustness is a challenge
Thanks for listening Figure 12: https://gtnr.vnet.tel/

https://gtnr.vnet.tel/
https://gtnr.vnet.tel/
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