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Abstract: Counting objects is an important task in biomedi-

cal image analysis, for example to count cells in microscopy

or microbial colonies in laboratory applications. Similar to

most image analysis tasks, modern approaches to counting

rely on deep learning, predominantly by solving an object

detection or instance segmentation task and deriving the

count from it. Here, we revisit regression-based counting,

a simpler approach to counting, introducing a new method

called STACC that makes use of the object size to derive the

density map used as regression target. In our experiments,

it consistently performs better than state-of-the-artmethods

automated for cell and microbial counting. We also provide

a user-friendly tool to apply it to counting problems in prac-

tice.

Keywords: deep learning; image analysis; automated count-

ing; bacterial colony counting; cell counting

1 Introduction

Counting is an important task in biomedical image analy-

sis. Its applications include cell counting in microscopy or

microbial colony counting in photos of culture media. In

these applications the count is used to quantify an exper-

iment or assay. For example, colony counting is used to

analyze the degree of microbe contamination by taking

samples from the environment, growing them on a culture

medium and then counting the number of colonies. Another

application is counting the number of colonies that grow

after filtration in order to validate filter quality. Currently,
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the gold standard for counting in the laboratory setting is

manual assessment. This work is tedious and also prone to

inaccuracies due to attention errors. Hence, automation of

the counting task is highly desirable.

Early work on automated (colony) counting used clas-

sical image processing, e.g. OpenCFU [1]. These approaches

have largely been replaced by deep learning-based meth-

ods, which generalize better and thus enable counting for a

wider set of imaging conditions. Most deep-learning based

methods use counting by detection or counting by seg-

mentation. These approaches are based on identifying all

objects in an image by solving an object detection or an

instance segmentation problem and then computing the

unique number of objects. Examples include object detec-

tion architectures such as Faster R-CNN [2] or YOLO [3],

or instance segmentation methods such as CellPose [4] or

StarDist [5]. The colony counting problem in particular is

most commonly addressed through object detection, see for

exampleMajchrowska et al. [6] orWhipp and Dong [7]; with

recent work employing vision transformers [8].

Despite its popularity, counting by detection or segmen-

tationhas somedrawbacks. It requires expensive data anno-

tations, where each object is outlined by a bounding box (for

object detection) or instance mask (for instance segmenta-

tion). However, for counting a simpler form of annotations

would suffice, either providing a count per image or mark-

ing each object with a single point. Furthermore, object

detection and instance segmentation rely on complex archi-

tectures or sophisticated post-processing. An alternative is

regression-based counting [9]. This approach directly pre-

dicts a count rather than detecting individual objects. Often,

this is achieved by regressing a density map and deriving

the count as its sum as in Lempitsky and Zisserman [9]. It

has been implemented in ilastik for counting in biomedical

images [10] using feature-based machine learning. Later

work has also implemented regression-based counting with

deep learning [11], where a deep neural network predicts

the density map. More recently, it has been extended to

support example-based counting [12]. However, regression-

based counting is currently not in wide use for biomedical

images, due to inferior performance compared to detection-

based approaches.

Here, we revisit regression-based counting for biomed-

ical images and show that it can yield results on-par or
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superior to detection-based methods. Our method uses a

2D U-Net [13] to regress a density map. We found that it

is crucial to derive the target for this density map in a

manner dependent on the object size. We compare differ-

ent strategies for this step, including deriving local tar-

get densities from individual object sizes, an approach we

call “Stamped Automated Colony Counting” (STACC). We

perform experiments for two challenging counting prob-

lems, bacterial colony counting and cell counting. Further-

more, we implement a simple user-interface that enables

life scientists to use our method. It is available at https://

github.com/computational-cell-analytics/stacc. Overall, we

present a simple yet highly effective method for automated

counting, which is also depicted in Figure 1. It promises to

automate time-consuming counting tasks in common anal-

ysis routines in the laboratory.

2 Materials and methods

We develop a new method for counting objects in biomedi-

cal images. It extends regression-based counting, which we

review in Section 2.1, before introducing ourmethod, STACC,

in Section 2.2. We describe the datasets and metrics used

for evaluating different counting methods in Sections 2.3

and 2.4.

2.1 Regression-based counting

Regression-based counting was introduced by Lempitsky

and Zisserman [9]. They formulate counting as a regression

problem, where the number of objects Ni in an image Ii
is regressed with machine learning. More precisely, they

regress a density map Fi, which has the same dimensions

as Ii, that satisfies ∑

j

F
j

i
= Ni (1)

where j is the pixel index. The mapping of Ii to Fi is learned

based on a training set with images and known object cen-

ters using feature-based machine learning.

This approach was extended to deep learning by Xie

et al. [11], who use a convolutional neural network (CNN)

to predict Fi. This method also requires a training set with

images and known object centers. For each image, the den-

sity map Fi is created via

Fi = 𝜏 G𝜎=2 ∗Bi. (2)

Here, Bi is a binary image where each object center has

the value 1 and all other pixels have the value 0, G𝜎=2 is

a Gaussian convolution operator with standard deviation

𝜎 = 2 and 𝜏 is a multiplicative factor that is set to 100.

Note that Fi is correctly normalized by design, i.e.,
∑

jF
j

i
=

Figure 1: Overview of object counting with STACC: (Top) we predict a density map based on the input image with a 2D U-Net and find the object

locations as maxima of this density map, shown here as blue dots on the image. (Bottom) STACC uses the per-object width to derive the target density

map for U-Net training, unlike regular regression-based counting where a fixed width is used.

https://github.com/computational-cell-analytics/stacc
https://github.com/computational-cell-analytics/stacc
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𝜏 Ni, up to numerical inaccuracies due to the discretiza-

tion and truncation of the convolution. During training the

CNN predicts an output map F̂i that is compared to Fi with

the L2 loss. The parameters of the CNN are updated using

stochastic gradient descent based on this loss. For a new

image the object count can then be predicted by applying

the CNN, summing over its output and dividing the result

by 𝜏 .

2.2 STACC

The counting method described in the previous section is

very simple. It can be trained based on data that contains

object center annotations, requires only a few hyperparam-

eters and can directly predict the count for new images

without any post-processing. However, it performs worse

in practice compared to detection-based methods, see for

example our results in Table 1. Hence, detection-basedmeth-

ods have so far been more popular for counting. Here, we

show that a modification of regression-based counting that

takes into account the size of objects in order to construct

the density map significantly improves counting results. We

call our method “stamped automated colony counting”, or

STACC. The name derives from the idea of “stamping” the

regression target with a size dependent kernel for each

object location instead of using a uniform kernel for all

objects.

Hence, STACC differs from regression-based counting

according to Xie et al. [11] mainly in the construction of the

density map. Instead of using a fixed standard deviation for

the Gaussian convolutional operator, we derive a per-object

standard deviation:

𝜎k =
√

−sk2
2 log(𝜖 )

(3)

Here, sk is the size of object k and 0 < 𝜖 < 1 is a trun-

cation factor. In practice, we derive sk from the width𝑤k of

Table 1: Evaluation on the AGAR dataset for object detection methods,

STACC and regression-based counting. All methods were trained for

100,000 iterations. Higher values correspond to a better quality for

precision, recall and F1. For sMAPE and MAE lower scores correspond to

better results.

Model Precision Recall F1 sMAPE MAE

Cascade R-CNN 0.89 0.88 0.89 8.41 % 4.56

Faster R-CNN 0.88 0.89 0.88 9.01 % 3.77

Regression-based 𝜎 = 2 0.88 0.65 0.70 27.23 % 10.23

Regression-based 𝜎 = 22 0.96 0.93 0.94 3.04 % 2.09

STACC 0.93 0.93 0.92 4.81 % 2.39

the bounding box of object k as sk = 𝑤k−1
2

. Given sk for each

object k in Ii, we compute F
stacc
i

according to:

Fstacc
i

= max
{
𝜏k G𝜎=𝜎k ∗Bk

i

}
k=1…Ni

(4)

Here, Bk
i
denotes the binary map that is 1 at the center

of object k and 0 otherwise. The factor 𝜏k is computed

according to:

𝜏k = 8𝜋 𝜎k
2 (5)

We use the pixelwisemax operation in Eq. (4) instead of

a sum. This is done to avoid spurious maxima from overlap-

ping Gaussians of adjacent objects that would result from

summing up the individual object densities instead of using

their maximum.

In order to solve the counting problem with STACC,

we train a 2D U-Net [13] to predict Fstacc
i

for the training

set, using the L2 loss to compare prediction and target. See

Figure 1 for a graphical comparison of STACC and regular

regression-based counting; see Section 3 for an overview of

the training hyperparameters.

Note that Fstacc
i

is not correctly normalized, i.e., its sum

does not equal the number of obejcts in the image, due to

the use of the maximum and the object dependent 𝜏k . In

order to count the number of objects in a new image we

thus compute the local maxima of the network predictions

and count an object per maximum. This has the advantage

of providing a prediction for object locations in addition to

just the count. We use the local maximum implementation

of scikit-image [14].

Note that STACC has a disadvantage compared to reg-

ular regression-based counting: it relies on an estimate for

the object size sk . Hence, the annotations required for train-

ing are more complex as the size (usually in the form of a

bounding box) is needed in addition to the object location.

Consequently, we investigate a different regression-based

approach, where we use the median object size to derive

the fixed standard deviation for Fi computed according to

Eq. (2). In our experiments we derive this size as themedian

over all object sizes in the training set. In practice it could

also be derived from first principles or estimated from a

small sample of object sizes, enabling training with only

object location annotations.

2.3 Datasets

We evaluate counting methods for two different tasks:

microbial colony counting in photos of culture media and

cell counting in phase-contrast microscopy. For the first task

(microbial colony counting) we make use of two different

datasets: the AGAR dataset [6], which contains images of

bacterial colonies in AGARmedium, and an internal dataset
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of microbial colonies growing on filter media. Originally,

AGAR contains 18,000 images. The images are divided into

three categories: countable, empty, and uncountable. The

latter images have no colony labels due to their high colony

count (over 300) and are therefore unsuited for training

networks for the counting task. Without the uncountable

images, 12,608 images remain. We adjusted these images

to a uniform size of 2,928 × 2,928 pixels. Images of larger

dimensions were center-cropped, images of smaller dimen-

sionwere resizedwith a scaling factor, the annotationswere

updated accordingly. These changes allowed us to train on

the entire image instead of patches, which provides the

network with more spatial information. We make use of a

train/test – split of 9,077 train and 2,522 test images. The

internal filter dataset contains 1,145 images with bounding

box annotations, which we split into 974 train and 171 test

images.

For the second task (cell counting) we use the LIVECell

dataset [15]. It contains 4,817 phase-contrast microscopy

images of eight different cell lines with bounding box and

mask annotations for each cell in the images. We use the

splits introduced in the publication, which contain 3,253

train and 1,564 test images.

2.4 Metrics

We evaluate counting predictions using five different

metrics. The systematic mean absolute percentage error

(sMAPE) is defined as

sMAPE = 100

n

n∑

i=1

|Pi − GTi|
|GTi|+ |Pi|

, (6)

where Pi is the predicted count for image Ii, n the number

of test images and GTi the actual count for Ii. This metric

gives a measure for the relative counting error. The mean

absolute error (MAE) is defined as

MAE = 1

n

n∑

i=1
|Pi − GTi|, (7)

using the same definitions as for sMAPE. This metric gives a

measure for the absolute counting error.

In addition,we compute precision p and recall r accord-

ing to:

p = TPi
TPi + FPi

, r = TPi
TPi + FNi

(8)

and the F1-score as their harmonic mean: F1 = 2 ∗

p∗ r

p+r . For

these metrics we compute the true positives (TP), false posi-

tives (FP), and false negatives (FN). The TPs are computed by

matching predicted points and point annotations via linear

cost assignment (hungarian matching). Here, the costs are

derived from the distance of the predicted points to the

point annotations – the closer to the true label, the lower

the cost, such that the closest points will be matched. Based

on this, FP and FNare calculated as FPi = Pi − TPi and FNi =
GTi − TPi, where Pi is the predicted count andGTi is the true

count.

3 Results

We evaluate STACC, regression-based counting and

detection/segmentation-based methods on the datasets

described in Section 2.3. Unless specified otherwise, we use

the following hyperparameters for network training:

– Weuse a 2DU-Net architecturewith four levels, starting

with an initial number of 32 features and doubling the

number of features in each encoder level. We use con-

volutional filters with a kernel size of 3 and padding,

max-pooling for downsampling in the encoder, linear

interpolation for upsampling in the decoder and the

same architecture as Ronneberger et al. [13] otherwise.

– We use PyTorch [16] and the torch-em library [17] to

implement the network and training pipeline, using the

ADAM [18] optimizer with an initial learning rate of

10−4 and PyTorch defaults otherwise.

– We divide the learning rate by a factor of 2 after the

validation loss plateaus for 5 epochs.

– We use random horizontal flips and rotations by 90◦ as

data augmentations.

– We train networks for 100,000 or 200,000 iterations, but

then use the best checkpoint according to the validation

loss for prediction.

All models were trained on an NVIDIA A100 GPU.

3.1 Colony counting

We first performed experiments on the AGAR dataset to

compare STACC with regression-based counting and object

detection. The first two methods are trained with our code,

using the set-up described above. We train two object detec-

tionmethods using theMMDetection framework [19]: Faster

R-CNN [2] and Cascade R-CNN [20], which was the best

method in the experiments performed inMajchrowska et al.

[6]. The R-CNN architectures can be trained directly using

the bounding box annotations provided by the dataset. For

training STACC and regression-based methods we convert

these annotations to center coordinates, corresponding to

the bounding box centers, and to object sizes following

Eq. (3).

Table 1 shows the results for these methods. We

compare two regression-based approaches, 𝜎 = 2, which
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corresponds to the settings of Xie et al. [11] and 𝜎 = 22,

which corresponds to the median object size. We determine

the best parameters for post-processing, corresponding to

the minimal distance and absolute threshold of maxima for

STACC and regression-based approaches and to the NMS

threshold andmaximum number of bounding boxes for the

R-CNNs, on a separate validation set. We first note that the

default setting of 𝜎 = 2 for regression-based counting yields

inferior results compared to any other approach due to a

low recall. Both STACC and regression-based counting with

the median size perform better than the R-CNN architec-

tures, with the median based approach yielding the best

results.

Closer inspection of the STACC results indicated that

this method performed not yet optimal for the given

settings: the model did not yet converge in 100,000 training

iterations, apparent by the fact that the best validation loss

occured in the last epoch. Furthermore, visual inspection

of the target density maps showed artifacts for very large

and very small objects, likely due to numerical inaccura-

cies for Gaussian kernels with small or large 𝜎 values.

Hence, we modified the procedure for computing the den-

sity map and clipped the per-object standard deviation val-

ues at the 22.5 % percentile (lower threshold) and 60 % per-

centile (upper threshold). The results for the updated exper-

iments are shown in Table 2. Here, all methods were trained

for 200,000 iterations (using the best checkpoint according

to the validation loss for subsequent evaluation) and we

Table 2: Evaluation on the AGAR dataset for STACC and regression-based

methods. All methods were trained for 200,000 iterations.

Model Precision Recall F1 sMAPE MAE

Regression-based 𝜎 = 2 0.89 0.68 0.73 24.19 % 9.82

Regression-based 𝜎 = 22 0.96 0.94 0.95 2.68 % 2.03

STACC (no bounds) 0.94 0.94 0.93 3.82 % 1.85

STACC bounds 0.96 0.94 0.95 2.34 % 1.08

compare two different STACC variants, with and without

bounding the per-object standard deviation 𝜎. We can

see the advantage of STACC with bounds over the other

approaches. Example predictions are shown in Figure 2.

Here, we can see the qualitative differences between the

methods: STACC and regression-based counting with the

median yield quite similar results, but STACC performs bet-

ter for images with heterogeneous size distributions and

close-by colonies. This can be seen in the first row,where the

arrows indicate close-by colonies that are predicted as a sin-

gle colony by the median approach, but correctly predicted

by STACC. The inferior prediction quality of regression-

based counting with 𝜎 = 2 is immediately apparent as it

misses many colonies.

3.2 Transfer learning for colony counting

Next, we perform transfer learning experiments for the

colony counting problem, to see how a network trained on

Figure 2: Qualitative results of different regression-based counting models on the AGAR dataset. Red and cyan overlays indicate predicted objects.

Arrows indicate selected colonies that are correctly predicted by STACC but incorrectly predicted by the median-based approach or the fixed sigma

approach.
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a large annotated dataset, such as AGAR, can be applied

to a smaller dataset, such as the filter data. We test three

approaches, training networks only on the filter dataset

(scratch), transfer learning from AGAR to the filter dataset

(filters) and transfer learning using a combined dataset

(combined). In the latter two cases,we either fine-tune exclu-

sively on the filter dataset (filters), or on a combination

of the filter and AGAR datasets (combined). In both cases,

we initialize the networks with the weights of the respec-

tive best-performing model on AGAR. Note that for the

regression-based median approach, the badwidth on the fil-

ter dataset is𝜎 = 8; thismodel is initializedwith theweights

for the 𝜎 = 22 network from AGAR. Similarly, the bounds

for STACC bounds are adapted for this dataset. Combining

both datasets for finetuning aims to prevent catastrophic

forgetting while enabling the analysis of bacterial growth

on both agar plates and filter membranes. All networks are

trained for 100,000 iterations.

The evaluation of these methods for the respective

training data is shown in Table 3. Here, we again see that

regression-based training with 𝜎 = 2 yields inferior results.

Regression-based counting with the median size and STACC

bounds yield similar results for all training datasets, show-

ing that the filter dataset contains enough annotations to

train from scratch. In addition, we evaluate the perfor-

mance of these models on the AGAR dataset in Table 4.

Here, we see that the performance of models that were fine-

tuned exclusively on the filter dataset (filters) significantly

decreases on AGAR (see also Table 2 for the pretrained

model’s performances), exhibiting catastrophic forgetting.

However, models finetuned on the combined training data

don’t show this drop in performance. Overall, these results

indicate the following best practices for fine-tuning net-

works on new datasets:

– If the new datasets is big enough, as is the case for the

filter dataset, then training only on this data yields good

results.

– If the performance on the original training data

remains of interest, as is the case in practical applica-

tions, where a network should for example work for

images of agarmedium and filters, then finetuning on a

combined dataset is the best option. Finetuning on only

the new data would lead to catastrophic forgetting.

Figure 3 shows example predictions of the respective

best-performing models from Table 3 on the filter dataset.

3.3 Cell counting

We then perform experiments for counting cells in phase-

contrast microscopy images. We use the LIVECell dataset

for these experiments, see also Section 2.3. We follow the

Table 3: Evaluation on the filter dataset for different counting methods trained on different training datasets. Models trained on the scratch training

data were only trained on the filter dataset, models trained on filters were initialized with pretrained weights and then exclusively finetuned on the

filter dataset, models trained on combined were also initialized with pretrained weights, and then finetuned on combined training data from the filter

and AGAR datasets.

Model Train data Precision Recall F1 sMAPE MAE

Regression-based 𝜎 = 2 scratch 0.96 0.90 0.93 5.94 % 5.71

Regression-based 𝜎 = 2 filters 0.96 0.86 0.90 8.87 % 10.86

Regression-based 𝜎 = 2 combined 0.99 0.92 0.95 4.31 % 6.22

Regression-based 𝜎 = 8 scratch 0.99 0.97 0.98 1.41 % 2.66

Regression-based 𝜎 = 8 filters 0.99 0.96 0.98 1.67 % 3.06

Regression-based 𝜎 = 8 combined 0.99 0.96 0.98 1.82 % 3.14

STACC bounds scratch 0.98 0.96 0.97 1.96 % 2.34

STACC bounds filters 0.99 0.96 0.98 1.73 % 2.92

STACC bounds combined 0.97 0.96 0.96 2.37 % 3.22

Table 4: Evaluation of finetuned models from Table 3 on the AGAR dataset, showing catastrophic forgetting for models finetuned exclusively on filters.

Model Train data Precision Recall F1 sMAPE MAE

Regression-based 𝜎 = 2 filters 0.51 0.51 0.46 37.45 % 12.78

Regression-based 𝜎 = 2 combined 0.86 0.61 0.67 31.26 % 11.13

Regression-based 𝜎 = 8 filters 0.56 0.70 0.58 31.75 % 9.26

Regression-based 𝜎 = 8 combined 0.96 0.93 0.94 3.27 % 1.45

STACC bounds filters 0.51 0.64 0.50 40.48 % 18.18

STACC bounds combined 0.95 0.93 0.94 3.27 % 1.29
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Figure 3: Qualitative results of the respective best model for the three different regression based approaches (STACC, median, fixed small sigma) on

the filter dataset. Yellow overlays indicate predicted colonies. Arrows in the top row indicate selected colonies that were correctly predicted by STACC,

but not by the median-based or fixed sigma approach.

same experimental set-up as before. For this dataset the

median object size results in a standard deviation for the

Gaussian of 𝜎 = 4. We also compare to CellPose [4], using

themodel trained on the LIVECell dataset provided by them.

In order to evaluate instance segmentation results from

CellPose with our metrics (see Section 2.4) we derive the

centroid for each predicted mask.

The results for LIVECell are shown in Table 5. We can

see a similar trend as for the other datasets: regression-

based counting with 𝜎 = 2 performs badly, while the other

Table 5: Evaluation on the LIVECell dataset.

Model Precision Recall F1 sMAPE MAE

Regression-based 𝜎 = 2 0.96 0.78 0.84 13.03 % 67.60

Regression-based 𝜎 = 4 0.94 0.90 0.91 5.91 % 39.80

STACC (no bounds) 0.93 0.90 0.91 6.01 % 42.33

STACC bounds 0.94 0.91 0.92 5.68 % 40.62

CellPose 0.90 0.86 0.87 7.31 % 62.65

regression-based approaches perform similarly well, with

STACC bounds yielding the best results. The regression-

based approaches (except 𝜎 = 2) all perform better than

CellPose. Figure 4 shows example predictions on this dataset

with the STACC bounds model.

3.4 Colony and cell type analysis

We also study the quality of results for the different types

of bacterial colonies in AGAR and the different cell types in

LIVECell. The corresponding results are shown for the 8 dif-

ferent cell types in Table 6 (LIVECell) and for the 5 different

types of colonies in Table 7 (AGAR). Here, we use the STACC

modelwith bounds trained on the combinedAGARandfilter

dataset for the AGAR result, and the LIVECell STACC model

with bounds.

For AGAR, the challenges stem from the varied shapes

and transparencies of both Bacillus subtilis and Pseu-

domonas aeruginosa, as shown in the second row of

Figure 2. When these bacteria types grow closely together,



210 — J. Jeremias and C. Pape: Stamped counting for biomedical images

Figure 4: Predictions of the STACC bounds model on representative test images of different cell types from the LIVECell dataset. Yellow overlays

indicate predicted cells. The scale bar is valid for all images.

Table 6:Mean performance values for each cell type.

Cell type Precision Recall F1 sMAPE MAE

A172 0.96 0.89 0.92 6.56 % 25.80

BT474 0.91 0.89 0.89 6.69 % 27.63

BV2 0.92 0.95 0.92 6.67 % 112.18

Huh7 0.88 0.88 0.87 6.42 % 7.79

MCF7 0.95 0.91 0.92 5.95 % 67.06

SHSY5Y 0.96 0.86 0.90 7.76 % 71.72

SkBr3 0.99 0.95 0.96 3.04 % 32.84

SKOV3 0.96 0.92 0.93 4.03 % 15.52

their colonies tend to merge, making it difficult to separate

them accurately. In contrast, Escherichia coli and Staphy-

lococcus aureus form more defined colonies, as seen in

the first row of Figure 2. When E. coli colonies grow in

close proximity, they establish a nearly distinct boundary

between each other. For LIVECell the model performs best

for cell types SkBr3 and SKOV3, these cells either have

regular shapes (SkBr3) and/or do not show areas of very

high confluence (SkBr3 and SKOV3). Conversely, the model

performs worst for SHSY5Y, which has irregular shapes and

Table 7:Mean performance values for each bacteria type.

Bacteria type Precision Recall F1 sMAPE MAE

Bacillus subtilis 0.93 0.90 0.91 3.82 % 2.54

Candida albicans 0.93 0.94 0.93 2.96 % 1.34

Escherichia coli 0.97 0.96 0.96 1.81 % 0.62

Pseudomonas aeruginosa 0.95 0.91 0.92 5.32 % 1.69

Staphylococcus aureus 0.96 0.96 0.96 2.20 % 0.61
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Figure 5: User interface of our napari plugin for automated counting. The plugin (right hand side) enables prediction with our models for colony or

cell counting for images loaded in napari. It displays the predictions as the point layer “counting result”, see points on the image, and also prints the

number of predicted objects (lower right).

areas of high confluence with many overlapping cells. See

also Figure 4 for exemplary images for six cell types.

3.5 User-friendly tool

As shown in our experiments, we provide a new method

for object counting that is conceptually simple and that

yields better results than existingmethods. In order tomake

this method available to life scientists that face counting

problems we build a user-friendly tool to apply it to new

data.

Our tool is implemented as a napari plugin [21] and

enables prediction in a graphical user interface, see Figure 5

for an overview. In addition to this tool our trained net-

works for colony and cell counting are available on BioIm-

age.IO [22], a resource for sharing deep neural networks

for bioimage analysis. This way they can be used within

other image analysis software, such as Fiji via DeepImageJ

[23].

Furthermore, we provide our training code in a well

documented manner, so that users can train networks for

other counting tasks. This includes functionality for fine-

tuning of pretrained networks, including scripts that can

leverage annotations from napari for easy training data

generation.

4 Discussion

We have introduced a new method for counting in

biomedical images. It extends regression-based counting by

deriving the density map that is used as regression tar-

get in a manner depending on individual object sizes.

We have demonstrated that this approach improves sig-

nificantly over regular regression-based counting. In our

experiments it also performs better than the state-of-the-

art counting methods, which are based on object detection

or instance segmentation, for two challenging problems.

Furthermore, our experiments show two possible strategies

for effective regression-based counting: ourmethod, STACC,

can be used if information about object position and size

is available for each object in the training set. If the size

information is not available, then regression-based count-

ing using the median object size, which can be derived

from first principles or estimated based on a small sam-

ple, can be used with only a small penalty in prediction

quality.

A limitation of our method is that it does not provide

semantic information. This information may be desired

to count the number of different types of objects, such

as the number of colonies of different bacterial stems or

the number of different cell lines in co-cultures. Adding

semantic information to the output is a possible extension

for future work. Another possible extension is the com-

bination of our method with Segment Anything [24] or

a similar method for interactive segmentation. Here, the

object positions predicted with our model could be used

as input prompts to such a model in order to obtain an

instance segmentation. Such a strategy is especially promis-

ing when combined with domain specific models, such as

Segment Anything for Microscopy [25]. Finally, Spotiflow
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Mantes et al. [26] is concurrent work that has explored spot

detection for other bioimaging applications, for example

spatial transcriptomics. This method shares conceptual

similarities with our work, and could potentially also profit

from integrating object size dependant target derivation.
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