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Abstract

Microorganism enumeration, critical for evaluating contamination levels and en-
suring safety in various fields, traditionally relies on labor-intensive methods that
usually involve manual counting. This has been tackled with computer vision
and machine learning methods to automate this process commonly through tech-
niques like instance segmentation or density estimation. But these techniques
rely on data annotations that can be omissible for the task, or may be difficult
to obtain. This makes weakly-supervised counting an end-to-end, task-oriented
approach to solve the microorganism enumeration problem, by omitting the use
of any spatial data rather than the global count. This study explores the inte-
gration of weakly-supervised counting with Vision Transformers (ViTs), aiming
to enhance microorganism counting efficiency by focusing on aggregate counts
without needing spatial details. We compared ViTs against traditional models
like ResNet and analyzed ViT-based models such as TransCrowd and other ViT
back-boned architectures, for their accuracy in microorganism enumeration across
three microbiological datasets. The findings reveal that ViTs not only compete well
enough with traditional methods but also open research lines on their exploration
in weakly-supervised counting of microbial imagery.

1 Introduction

There are numerous tasks where the counting of microorganisms is necessary, such as quality
control in the pharmaceutical [24], food industry [22] or environmental monitoring [13]. Traditional
approaches to enumerating microbes involves methods like manual counting on agar plates, that
is subjective, error-prone, tedious, and labor-intensive [1]. As result, image analysis methods for
efficient microbial enumeration appear and increasingly improve in efficiency thanks to machine
learning. Most of these methods depend on the use of mask estimates [11, 20] or density maps
regression [9, 10], both dependent of ground-truth annotations regarding spatial information in the
image regarding location and/or size of the instances. This kind of data is very present in a variety of
datasets oriented for instance counting [28, 12, 23] which has led to the resolution of this problem
through the use of novel deep learning methodologies.

Conversely, estimating the density map or applying instance segmentation is not always the best
approach for every use case. An example would be the use of microbial control (swab tests) for
bacterial analysis that are able to count the number of colonies and estimate a number of bacteria for
surface cleanliness assertion [3]. Positional information is trivial, and an overall count of the bacteria
is obtained, which allows estimation of the level of infection of the surface.
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This points to the need of generating spatial-aware datasets that can be a complex and time-consuming
task compared to the use of simple count annotations. Thus, a direct end-to-end regression counting
method on images to predict the overall number of instances can be an efficient alternative to deal
with use cases where spatial information is redundant. This approach is called weakly-supervised
counting and the use of CNNs is prominent as a solution to microbial enumeration [27, 4].

However, CNNs face difficulties in modelling the global context and interactions between image
patches due to the limitations of their reception fields, hence, their performance in weakly-supervised
counting applications may be limited. In contrast, Vision Transformers (ViT) [5] emerge as a potential
solution. The inherent self-attention characteristics of ViTs model the global context of the image
effectively and capture long context dependency thanks to their wide reception field, making them
some of the best tools in tasks like image classification or segmentation [16].

ViTs competence to achieve weakly-supervised counting of instances [18, 7] or, in most cases,
people in crowds [25, 19, 17] has shown great results, claiming to be an approach that surpass in the
State-Of-The-Art benchmark imposed by the CNNs and competing with more precise solutions like
instance-segmentation or density estimation solutions. Yet, the use of ViTs in weakly-supervised
counting in the paradigm of microorganism enumeration remains unexplored.

This study aims to highlight the effectiveness of Vision Transformers (ViTs) in weakly-supervised
microorganism counting, presenting them as a promising solution compared to the current present
approaches. We conducted a thorough analysis of State-Of-The-Art ViT-based models, including
TransCrowd and our custom ViT back-boned regression architectures, comparing them with traditional
ResNet models. Our focus was on identifying an efficient approach to microorganism enumeration
that bypasses the need for spatial data, directly predicting aggregate counts. The findings demonstrate
ViTs’ competence in regression counting tasks for weakly-supervised counting in the paradigm of
microbial enumeration.

2 Methodology

Architectures We compare three architectural categories for weakly supervised counting: ViT-
based regression architectures employing various ViT iterations for feature extraction, leading-edge
models with strong performance in weakly supervised counting, and conventional deep learning
computer vision architectures. TransCrowd [17], a top-performing model originally for crowd count-
ing, serves as our benchmark for integrating ViTs in weakly supervised counting scenarios. In the
second category, we explore ViT backbones, including the original Vision Transformer [5] and a
modified variant, ViT*, which uses Euclidean distance instead of dot product for exploratory model
performance analysis. The third category examines the Residual Network (ResNet) [8], a staple
in computer vision tasks, through an ablation study to evaluate its applicability to microorganism
counting, drawing on its previous application in cancer cell enumeration [14]. This structured compar-
ison aims to identify optimal strategies for enhancing the accuracy and efficiency of microorganism
counting in a weakly supervised context.

Datasets Three different datasets were used to train the models from scratch. The datasets represent
different scenarios where bacteria or cell enumeration can be achieved. The datasets have different
characteristics: number of images, application of data augmentation, variability between images.
Dataset 1: yellow fluorescent cells Dataset [21] consists of 10k training images with counts per image
ranging from O to 20. Dataset 2: blue fluorescent cells dataset from "Learning To Count Objects”
[15] is composed of 19.3k training images with quantities per image ranging from 1 to 317 cells.
And dataset 3: an artificial dataset of fluorescent bacillus subtilis counting with 12k training images,
with quantities ranging from 0 to 1900 bacteria per image. The models are evaluated under the same
conditions, studying the ability to predict the total number of microorganisms and the ability to
analyze the images in different quantities scenarios, as seen in Figure 1. The metrics used to compare
the architectures are Mean Absolute Error and Root Mean Squared Error. All models were trained
on an NVIDIA RTX 3090 with different batch sizes depending on the computational load of each
architecture.
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Table 1: Quantitative results of different architectures performing weakly supervised counting
on three microorganism datasets. TransCrowd-G and TransCrowd-T refer to the two variants of
the TransCrowd architecture, Gap and Token, respectively. ViT refers to the traditional Vision
Transformer architecture, while ViT* refers to the Vision Transformer using Euclidean distance
instead of point operation. The average rank shows the performance ranking of the architectures on
the three datasets.

Fluorescent Yellow Cells LTCO Blue Cells  Fluorescent Artificial Bacteria
Architectures MAE RMSE MAE RMSE MAE RMSE Average Rank
ResNet34 0,46 0,78 2,64 5,18 19,75 26,93 1°
ResNet50 0,51 0,81 2,79 5,49 42,92 50,48 5°
ResNet101 0,51 0,82 3,11 6,02 20,24 27,81 3°
TransCrowd-G 0,76 1,131 20,97 33,89 38,98 65,34 7°
TransCrowd-T 0,38 0,67 4,23 7,67 22,01 30,18 2°
ViT 0,58 0,96 6,04 10,59 15,09 21,77 6°
ViT#* 0,57 0,91 5,21 9,25 14,75 20,897 4°
3 Results

The results show us that each approach can achieve different performances depending on the dataset
being evaluated. As seen in the table 1, the benchmark architecture for weakly supervised counting
used for crowd counting TransCrowd ("token" variant) outperforms the rest in dataset 1 (yellow
fluorescent cells). In dataset 2 (blue fluorescent cells), the simpler ResNet34 is able to predict
very similarly to its more complex variant ResNet50, but both significantly outperform the rest of
the architectures. Finally, in dataset 3 (artificial bacteria), the modified Euclidean distance ViT*
as backbone outperforms the rest, even the original configuration of ViT. An explanation of this
differentiation in between evaluation for each model can be explained by the differences of the
datasets used, as for some datasets the amount of data is more scarce, or the use of data augmentation
has not been done to all of them. For example, ResNets can achieve better convergence with smaller
datasets and generalize better between a dataset with many differentiations between its images
(property of the second dataset). TransCrowd might even be better at discriminating between the
yellow cells of dataset 1, as it is likely to be better at generalizing between larger, more salient regions
of an image. None of these characteristics are observed in Data Set 3, where the best performance is
achieved by the ViT* backbone regression architecture, which could explain why ViT is actually able
to better capture the global context of an image in a more homogeneous scenario (as opposed to Data
Sets 1 and 2).
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Figure 1: Results evaluating amount of cells per image with the fluorescent artificial dataset. Left:
Absolute error. Right: Relative Error. Here we can evaluate how the models behave not only
predicting an overall estimate of the number of bacteria but also analyze the capability of the model
to capture visual features in all counting scenarios.

In figure 1 its represented as qualitative results the distribution of absolute error and relative error in
the range of instances of the dataset 3. This visual analysis helps to evaluate the competence of the
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architectures in terms of understanding the general characteristics of the images as more instances
appear in them. In the case of dataset 3, ViT* is the one that has the lowest MAE overall, but its
ResNet34 is the one that actually maintains a more consistent slope, meaning that the MAE actually
doesn’t vary much along the range of bacteria per image.

These results are based on end-to-end training of the architectures, without the use of pre-trained
weights. The training for each architecture varied depending on the computational needs of each
architecture and dataset, affecting training hyper-parameters such as batch size, epochs, or learning
rate. They show that training from scratch yields quite similar results, and that further fine-tuning
experiments should continue.

4 Discussion

The use of ViTs is common in tasks where the self-attention mechanism understand better the features
within image regions. It’s use in regression tasks is not well explored, and hence in this paper they
have shown promise in such a task like weakly-supervised counting. This success suggests potential
in microorganism counting and beyond, including crowd and instance counting. Exploring ViTs
further could unravel new methods for these tasks, highlighting their versatility and expanding their
application scope in image-based problem-solving.

The methodology is being scrutinized in the current research. Current considerations consider more
implementations of the architectures, like the use of pre-trained models (ResNet, TransCrowd, of
pre-trained ViT back-bones for feature extraction) to analyze new approaches in regard of capturing
the characteristics of the images in lower dimensions. The study could be also improved by the
measurement of the performance of the architectures at inference time (time and floating-point
operations "FLOPs"), e.g., ViTs usually have high amount of parameters which could mean that at
inference they would not be as efficient as other architectures. Other means of comparison in between
architectures can be the use of cross-dataset evaluation to measure extrapolation outside of their
training dataset.

Other SOTA architectures are also considered to be applied in weakly-supervised microorganism
counting, like CCTrans [25], and more in depth ablation study of the ViT backbone architecture, with
the use of other iterations like the DeepViT [29], parallel ViT [26], XCiT [6] and CrossViT [2].

Future work might comprise the conclusions extracted from this analytic comparison into assembling
a bacteria/cell oriented weakly-supervised counting model, and implementation in real systems for
bacterial carrier tests. This can be useful for practitioners and biologists for solving such task by
automatizing the counting of microbes, or for re-designing standardized quality tests with automatic
systems that would make the process of quality assurance faster.

5 Conclusion

In this study, we conduct a comparative study of the ViT architectures with the intention of discerning
their capabilities to achieve weakly-supervised microorganism enumeration. The results show that
these architectures can all solve the problem of weakly supervised microbial enumeration, but some
considerations must be taken into account. We show that, depending on the type of data, some
approaches can be better than others under the same evaluation conditions, but at the same time we
prove that the use of ViTs for weakly supervised counting of microorganisms is feasible and confirms
the hypothesis that it can be used as an effective solution. Furthermore, the use of larger datasets is
something that greatly affects the training of these architectures, so benchmarking with larger datasets
should be considered. Overall, traditional architectures such as ResNet can generalize well for such a
task, and they are not as computationally expensive as ViTs, although ViTs show potential in solving
such a task as it has been demonstrated in this study and in previous works such as [17, 25, 18, 7].
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