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Abstract

The counting of colonies of bacteria is a basic procedure in the field of microbiology and it is
necessary to be able to estimate the level of concentration of microorganisms as well as to
determine the results of experiments. The traditional approaches of counting are time-
consuming, laborious, and human error prone, especially when high density colonies are
present, overlapping or irregular in distribution. These drawbacks motivate this paper to
suggest an automated framework of bacterial colony counting that relies on CSRNet, a
convolutional neural network which trains on density map regression. The given method uses
a VGG-16-based front-end to perform an effective feature extraction, and then dilated
convolutional layers, which produce high-resolution density maps of the spatial distribution
of bacterial colonies. To determine the total count of colonies, the predicted density map is
summed up, which enables the model to be effective in dealing with partial, clustered and
closely packed colonies without the need to explicitly identify or segment the objects. Ground
truth density maps are created by convolving annotated locations of colonies with a Gaussian
kernel, such that an adequate amount of supervision is available in training. The proposed
method proves to be effective as it is shown to reach the level of counting accuracy of
97.36% and low error rates (MAE = 4.15 and RMSE = 4.82) when evaluated experimentally
using a dataset of bacterial colony images. The model additionally achieves high precision
(96.92%), recalls (97.14%), and Fl-score (97.03%) meaning that it agrees with manual
counts and is also consistent in performance at different colony densities and imaging
settings. A comparative analysis has revealed that CSRNet-based strategy offers competitive
performance but with lower computational complexity as compared to detection-based
models like Faster R-CNN and Efficient Models. Such findings prove that CSRNet-based
density estimation is a strong, precise, effective method to automated counting of bacterial
colony, and has a high probability of practical application to microbiology as well as
biomedical fields.

Keywords: Microbial image, Deep Learning, CSRNet Architecture, Density Map, Evaluation
Metrics.

I. INTRODUCTION

Proper counting of bacterial colonies on agar plates is essential in microbiology, clinical
diagnostics, food safety, environmental surveillance as well as the determination of antibiotic
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susceptibility. Microbial load is often measured in terms of colony counts in order to measure
contamination levels or to assess the growth inhibition by an antibiotic. Historically, the
process of colony enumeration was performed manually by human experts who manually
examine agar plates and count the quantity of distinct colonies. Manual counting is still
popular, however it is essentially labor-intensive, time-consuming, and highly vulnerable to
subjective variability particularly when colonies are adjacent each other, in dense clusters,
irregular shape or possess low-contrast with their ground[1]. During the growth of laboratory
procedures and high-throughput microbiology, a greater demand for reliable automated
computational methods has arisen that can substitute manual enumeration with quicker and
more reliable digital enumeration [2].

Initial computational methods tried to automate colony counting with classical image
processing methods including threshold, edge detector, morphological operation and
watershed segmentation. Although useful with controlled imaging conditions, such methods
can frequently fail when the shape of colonies changes vastly, as do the background
illumination, or when there is a vast overlap between colonies, which is common with high-
density plates. These restrictions have inspired the transition to modern deep learning
algorithms, especially Convolutional Neural Networks (CNNs), which have achieved
exceptional effectiveness in challenging vision activities like object detection, instance
segmentation, and density estimation [3] [4].

Object detectors using deep learning, including YOLO, ResNet, Faster R-CNN, Mask R-
CNN, and EfficientNet, have been popular in colony counting. These procedures focus each
colony separately and are successful with sparse and moderately dense plates. They however
perform poorly in very thick situations where there is extensive overlapping of colonies,
fusing of colonies or even lack of boundaries. In these situations, the cases of single colonies
are automatically vaguely determined, even to the professional microbiologists.
Consequently, a better way of approaching counting the colonies is to consider it a density
estimation problem, and can be described as estimating the size of a crowd where one cannot
distinguish individuals. The similarity of this concept inspired the application of the CSRNet
(Congested Scene Recognition Network) that had first been created using human crowds to
count them, as a strong tool to enumerate microbial colonies.

CSRNet is a density regression network, which predicts a continuous density map on top of
the input image with the total number of objects as the integral of the density map. In contrast
to bounding-box-based models, CSRNet is not based on the identification of shapes of
individual colonies. Rather it becomes familiar with the spatial distribution and local intensity
pattern typical of bacteria colonies. It has the architecture of a VGG-16 frontend which
extracts the features and a dilated convolutional backend which enlarges the receptive field
without reducing the spatial resolution. The design renders CSRNet especially appropriate to
process highly congested biological structures, including overlapping or touching bacterial
colonies, in which conventional segmentation or detection methods perform poorly [5].

CSRNet also has the following benefits over traditional approaches:
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e Deals with extreme colony overlap with no explicit instance segmentation.

e [s more generalizable to different plates of different lighting, contrast and noise.

e Continuous density maps are used to maintain fine structural features and emphasize
growth patterns.

e Gives smooth predictions that are stable even in areas that are difficult to see.

Recent research has shown that CSRNet [6] and other density based models are more
effective than object detection models in dense counting of biologic objects including cell
counting, spore counting and fungal colony counting [7] [8]. Based on this, the current
project explores the usage of CSRNet to count bacteria colonies automatically and compare
its effectiveness to a variety of imaging settings. The intended CSRNet-based framework will
offer a solution to the high-precision, end-to-end system that can substitute the manual counts
in actual microbiological processes.

To conclude, the use of CSRNet in counting bacterial colonies is a significant milestone in
the field of intersecting microbiology and deep learning. CSRNet provides a flexible,
scalable, and potent framework of automatic enumeration of colonies by using density
regression instead of instance detection, overcoming long-term problems of occlusion, noise,
overlapping colonies, and morphological variation. The given study puts in the context of the
existing literature on intelligent microbial image analysis and shows that deep neural
networks could potentially transform daily laboratory work into a fully automated and digital
high-precision process.

The rest of the paper is structured as follows. In Section II review of related works is
presented. Section III suggests methodology of CSRNet models. In Section IV results and
discussion are presented. Finally, in Section V conclusions are given.

II. LITERATURE REVIEW

A microbiological analysis counts bacteria colonies as an important step of determining the
population density of the bacteria. The problem with manual enumeration is however the lack
of consistency and the lack of efficiency, which encouraged the creation of automated
methods of counting. In the last ten years, scholars have investigated image segmentation,
feature-based classification, and deep learning models to enhance counting accuracy and
robustness. The literature review compares and contrasts these methods and their ability to
cope with complicated distributions of colonies and different imaging parameters.

[9] Weakly-supervised counting Compared with conventional models such as ResNet, the use
of four microbiology datasets. Although ResNets usually are superior, ViTs demonstrate
reasonable results, which opens the way to new methods in microbial image processing and
regression counting.

[10] The median relative error rate of Pytri model was 7.56 percent when using the model to
identify colonies on Petri dishes and 6.58 percent with the model to identify colonies on 96-
well plates. The median relative error rates were 10.28 in terms of melanoma cluster
microscopy images. A plate model, which had been trained on 172 images had a precision of
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0.83. The well colonies model was trained using a set of 106 images and had a precision of
0.91.

[6] Transfer Learning model performed better than CSRNet trained without any prior
knowledge. TL model had much lower values of RMSE than CSRNet. The detection rate of
the bacterial colony system had an average of 97.3% after 9 hours of incubation.

[11] At a level of about 12 hours incubation, the system had an average recovery rate of
91.6%. Colonies of E. coli were found to be gray-green in color whereas Citrobacter and K.
pneumoniae showed a pinkish color in chromogenic agar plates. The system was able to
identify and categorize 265 E. coli and other coliform bacteria colonies in a blind test. There
was also a delay of about 3 hours between colony detection and identification of the species
because it required the colony to become bigger to be able to get the information about the
discernible colors.

[12] To have a hygienic food handling, manufacturers analyze indicator bacteria such as
coliform and Escherichia coli. This deep-learning classifier is based on YOLO to count
coliforms (red colonies) and E. coli (blue colonies) on chromogenic agar plates automatically.
The trained on images of strains and mixtures, the classifier was able to achieve 99.4%
accuracy on coliforms and 99.5% on E. coli on 83 images. It also was able to identify 22
species of non-trained coliform and 13 species of E. coli at an accuracy rate of 98.7 and 94.1
respectively. It was tested with 38meat samples and gave accuracy rates of 98.8% with
coliforms and 93.8% with E. coli with an approximate 70 ms per plate. This technique
complements the food safety assurance since it enables the quick quantification without
human color perception.

[13] Colony-Forming Unit (CFU) counting is a problematic task in the biomedical and food
safety field, and U-Net is the most common deep learning algorithm. Even though it is widely
used, U-Net is prone to generating artifacts which cause inaccuracies. This work proposes a
hybrid counting method, which utilizes a multi-loss U-Net reformulation and a Petri dish
localization algorithm. The multi-loss U-Net also uses an extra signal to identify CFU,
whereas the localization algorithm involves the counting process by integrating the agar
plate. This solution can be enhanced with an automated uniform illumination system and a
web application that helps to process images and make adjustments of CFU counts. The
experimental findings indicate that the proposed method is always at least or sometimes
below 1% to 3% better in terms of error than the traditional methods, which proves to be the
effective approach to count CFUs in a good way in vitro.

[14] Bacteria colony counting is an inevitable procedure in microbiology, which is manual
and subject to error, so it has to be automated. The research objective of the study was to
prepare an automated method of E. coli colony detection and counting on agar plates. An
image dataset was formed of E. coli colonies grown in a controlled condition. It developed a
hybrid image segmentation algorithm to segregate colonies on complex backgrounds and
decrease the error rate. This algorithm is a hybrid of Watershed and Falling-Ball methods.
YOLOVS transfer learning model trained on this database had a detection accuracy of 75%.
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The evaluation metrics included performance metrics such as precision, recall, and mAP 0.5,
but training was problematic because the framework required a lot of resources.

III. METHODOLOGY

The approach that has been taken in this study is that of an end-to-end DL framework based
on the CSRNet architecture to effectively count the number of bacterial colonies. The
pipeline is composed of preprocessing of datasets, creating ground truth density maps,
constructing CSRNet model, training and optimization, and testing it with several
performance measures. The general pipeline will solve typical problems in the microbial
image analysis process, such as the problem of overlapping colonies, different levels of
illumination, noise, and the morphological variations of colonies.

3.1 Preparation and Preprocessing of Datasets

The experimental data are a set of high resolution agar plates images that have different sizes,
densities, and contrast level of bacteria. Before training, all the images are processed through
a preprocessing sequence so that they can be consistent and compatible with the CSRNet
model. Photos are downsized to 128 x 128 pixels, normalized by ImageNet statistics and
changed to RGB format. In order to enhance model robustness, data augmentation, including
rotation, slight scaling and contrast modification, are used. These augmentations reduce
overfitting, and enable the model to generalize between plates who have been captured in
dissimilar environmental circumstances. There are annotations on each image on the colony
center, which can either be marked manually or obtained as JSON files included in the
dataset. These centers are used to produce ground truth density maps which are needed in the
CSRNet training process.

3.2 Density Map Generation Ground truth

Unlike other methods of object detection that uses bounding boxes or segmentation mask.
Continuous density maps are used to model the colony distributions at CSRNet. A normalized
2D Gaussian kernel is located at the pixel location of the density map corresponding to each
location of the annotated colony. The Gaussian kernel disperses the mass at the center of the
colonies but in such a way that the sum of the density map is equal to the number of colonies.
All images are fixed with a deviation (Gaussian) of 4 in line with the existing CSRNet
guidelines. This will make sure that the density map will be able to capture regions of both
sparse and dense colonies. The resulting density maps serve as pixel level supervisory cues,
allowing the network to learn the patterns of colony densities even when the colonies are
overlapping or even seem unified.

Congested Scene Recognition Network (CSRNet) is a convolutional architecture that was
created to perform high-resolution density estimation on images that have a large amount of
densely spaced, small objects. Although initially designed to count crowds, [15] showed that
the model can equally be applied to a variety of dense-object tasks, including medical
imaging, traffic analysis, cell counting and counting microbial colonies. The main principle
of CSRNet is the prediction of a continuous-valued density map rather than discrete object-
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level bounding boxes, which helps address the weaknesses of conventional detection-based
approaches in choosing situations in which objects intersect or in which objects are very
morphologically diverse. The trait is especially useful in bacterial colony images, in which
colonies commonly have contact with one another, merge, or appear low-contrasted against
the agar background. The traditional object detectors, like YOLO [16] or Faster R-CNNJ[17]
are not robust enough in such dense settings, whereas density regression models, such as
CSRNet, are more robust.

The architecture consists of two significant modules: a front-end feature extractor that utilizes
VGG-16; as well as a back-end module, which is comprised of dilated convolutions. The
initial ten convolutional layers of the VGG-16 network used by [18] and [19], which is
trained on ImageNet, are used as the front-end ([20]. The component is a powerful feature
encoder which processes raw microbial images to multi-scale feature representations
encoding edges, textures and spatial intensity patterns. Such low and mid level features are
fundamental in the case of bacterial colonies, where morphological fine clues are used to
designate colony boundaries, contours and local density differences. VGG-16 is chosen as the
backbone due to its stable gradient propagation, relatively low architectural complexity and
its long-standing history of strong performance on tasks that needed spatial precision.
CSRNet replaces the fully connected layers, which leaves VGG-16 with the convolutional
strength, and much fewer model parameters and better generalization.

The CSRNet back-end presents a series of dilated (atrous) convolutional layers, which was
firstly formalized by [21] to enlarge the receptive fields of segmentation models. Dilated
convolutions enable the network to scale up its field of view without the number of
parameters, which is important in dealing with thick groups of colonies at different scales.
Dilation also preserves fine-grained localization and introduces long-range contextual
information, unlike traditional convolutions which do so with pooling (scaling down the
spatial resolution). This property allows CSRNet to differentiate closely spaced colonies,
diffuse clusters, and accurately scan density gradients on an entire agar plate. The dilated
architecture used in microbial imaging is useful (colonies may have variable sizes and
changes in spatial patterns can occur between sparse and dense plates) to provide a good
balance between world and local structure. This ability is also a major strength compared to
older density-estimation models like MCNN [22], which use crudely multi-column filters and
cannot be spatially precise.

The last component of CSRNet is a single convolutional regression layer which will map the
multi-channel dilated feature map to one (channel) density map. The model does not produce
discrete counts of the number of colonies; rather it produces a continuous surface, with each
pixel being the estimated local neighborhood colony density. Then, a Gaussian kernel is used
to model all of the annotated colonies during training, in the same way as the density
estimation formulation has been traditionally applied in previous literature, including the
study. The ground-truth density map is built by putting a normalized Gaussian at the colony
coordinates in such a way that the sum of the density maps across the whole map is the actual
number of colonies. Adaptive kernel sizes are frequently employed and this is based on the
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density of the neighboring colonies which produces more real density distributions in
congested areas. CSRNet is trained to recreate these maps with a Mean Squared Error (MSE)
loss, which pushes the model to recreate the overall number of colonies as well as the
distribution patterns and spatial arrangement of the colonies.

The utility of CSRNet in providing practical benefits in enumerating microbial colonies has
been established over time. Density regression is also highly resistant to the problem of
occlusion, overlapping colonies, and uneven illumination that is frequently reported in
microbiology imaging[23]. CSRNet does not need bounding-box labels, which makes it
annotation time-consuming by several folds to the object detection frameworks. Constant
density maps also reduce cases of false positives, particularly in areas that are noisy such as
shadows or other artifacts, which are similar to colonies. CSRNet can much better tackle the
irregular shapes of colonies and convoluted agar texture compared to classical image-
processing tools like thresholding or watershed segmentation [24]. It has also been useful in
automated microbiology as its generalizability into other lighting environments, plate quality
and bacterial species.

3.3 CSRNet Architecture

The CSRNet framework is constructed as a density estimation network that is able to reliably
estimate the number of objects in complicated scenes. The architecture, which was initially
suggested in the context of crowd counting, can be used especially well in bacterial colony
enumeration, where colonies tend to overlap, change in size, and have irregular morphology.
The CSRNet models have two primary elements including

A VGGI16 convolutional backbone-based frontend, and a backend made of dilated
convolutional layers. Collectively these modules allow the extraction of multi-scale features
and generation of high-resolution density maps which encode the colony distribution of the
agar plate.

3.3.1 Frontend Network (VGG16 Feature Extractor)

CSRNet frontend is based on the ten convolutional layers of VGG-16 network that has been
trained on ImageNet. The layers perform the role of extracting low-level visual features of the
input images of the agar plate including edges, textures, circular colony boundaries and
brightness differences. VGG-16 has been selected due to its demonstrated capability of
learning strong and transferable visual representations that can still be used effectively when
used on biomedical imagery.

The max-pooling layers are retrained until the conv4-3 layer in this architecture. Past this
stage, additional pooling is eliminated to maintain more finer spatial information which has
been shown to be important in differentiating densely colonized or overlapping colonies. The
frontend also generates feature maps, which compromise a reasonable degree of abstraction
and spatial resolution and therefore subtle variations and small colonies are not lost in the
initial convolutional steps.
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To stabilize the entire training procedure and to avoid overfitting, the weights of the frontend
layers are not updated during the training process by freezing them. This lowers the cost of
computation as well as speeds up convergence. In Figurel shows workflow of the
architecture the VGG-16 Feature Extraction.
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Figure 1. Frontend Network (VGG-16 Feature Extractor)
3. 3.2 Backend Network (Dilated Convolutional Module)

The model has a third part, the Backend Network (Dilated Convolutional Module). Dilated
or atrous convolutions add holes in between the filter weights, which essentially widens the
receptive field without adding any additional parameters or decreasing the feature map
resolution.

This design has a few advantages associated with counting the bacteria colonies:
Preservation of Spatial Detail

This is achieved by the application of dilation so that the models can to produce contextual
information without necessarily having to revert to pooling that would result into loss of fine
colony structures.

Enhanced Multi-Scale Understanding

Depending on the growth condition, nutrient availability, and the imaging parameters,
colonies may take different sizes. Dilated convolutions enable the network to identify
colonies of varying sizes at the same time.

Handling High-Density Regions

Intersecting groups lead to visually complicated areas that are difficult to make sense of in the
traditional CNNs. The enlarged receptive field assists the model to track the density patterns
in the form of the clusters of colony in addition to preserving the pixel level accuracy.
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The backend has six dilated convolutional layers that have dilution of 2. A ReLU activation
occurs after each layer that provides non-linearity and guarantees the stable feature
propagation.

3.3.3 Density Map

There are two main methods which are used in estimating the number of bacterial colonies in
agar plate images using Convolutional Neural Networks (CNNs) [25]. The former conducts
colony counting as a direct regression challenge, where the network is trained to estimate a
single scalar, which is the total colonies count in the image. The second one uses a density
map formulation, which means that a network estimates a density map that represents the
distribution of the colonies throughout the image, and the resulting count is obtained by
integrating the predicted density across the whole image area. The density mapping method is
chosen in this work, which estimates much more spatial information than a direct regression.

A density map, in contrast to a single global count, coded explicitly the spatial distribution of
bacterial colonies on the agar surface, which is specifically useful in microbiological imaging
applications. The concentration of bacteria occurrences is often characterized by colonies that
are varied in size, shape, and appearance and are commonly clustered tightly or even partially
overlapping. Where the boundaries of the colonies are partially visible or merged, or only
partially resolved, the density mapping can impose a fractional contribution, instead of the
absolute decision required by a count, and as a result produces less over-counting, and is
more robust. Furthermore, areas with high-density clusters of colonies are also better
analyzed since the model will learn to model them as high-density zones instead of trying to
deconstruct the indistinguishable individual colonies.

Another benefit of density-based counting is that density-based counting can adjust to the
changes in scales. Training a CNN to predict a colony density map, the convolutional filters
automatically learn to react to colonies of varying sizes, which is a consideration of variations
due to the change in incubation time, nutrient concentration, imaging distance and camera
distance. This will contribute to the better semantic representation learnt by the network and
to more stable colony enumeration in varying experimental settings. This level of flexibility
is particularly valuable in real-world laboratory applications, where a larger range of
illumination conditions, angles and magnifications are frequently used to obtain a
measurement of agar plates.

The quality of the ground-truth density maps that are used to train a density-based CNN
model has a significant impact on the effectiveness of the model. These density maps are
constructed by transforming annotated colony centres manually into density distributions. In
particular, at pixel (x;), a delta function o6 (x—X;) represents a bacterial colony and an image
with J colonies are represented as the addition of these separate delta functions. These
discrete representations are then convolved with a Gaussian operator to generate smooth
density maps, and this operation makes it continuous and allows the CNN to be trained to
learn meaningful spatial density patterns. The sum total of all colonies of bacteria in the
image is the summation of the density map and so the number of predicted colonies of
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bacteria matches the number of actual colonies in the image, which is also numerically
consistent.

Let H(x) is the map of the discretization of the colony annotation of the bacteria, with each
bacterial colony modeled as a delta function with its center being the location x; that was
manually annotated. To an image of colonies of J bacteria, the annotation map is specified as

Hx) =Y/, 6(x — xp), (1)

In which & (+) is the Dirac delta function and xi is the pixel position of the i bacterial colony.
This model is a precise yet discontinuous model of the location of colonies and cannot be
applied directly to CNN-training.

In suggest that to achieve a continuous and learnable density representation [19], the discrete
annotation map H(x) should be convolved with a Gaussian kernel Go, The density map of
ground truth F(x) is obtained as,

F () =HX) * Go(x), 2)

Where o is the standard deviation of the Gaussian kernel and it regulates the spread of each
colony over the density map. This convolution step regularizes the discrete markings, giving
rise to a resolved density allocation without affecting the count of colonies of bacteria as the
sum of F(x) on the film is the number of bacterial colonies J.

The agar plate images were investigated in this work with a large-scale empirical analysis,
which revealed the best-representation of the colony distributions using a 15-size Gaussian
kernel with a standard deviation of 6=4. This is a good combination of localization accuracy
and smoothing, enabling the network to acquire strong spatial density patterns even in areas
with high or clustering bacterial colonies. In Figure 2, example ground-truth density maps are
created by this method on representative images by the dataset that the proposed method can
correctly encode both sparse and heavily populated regions of colonies.

Input Image b) Density Map ¢) Overlay Predicted Image

Figure 2: illustrates example ground-truth density maps and Predicted count
3.3.4 Counting Method: CSRNet Architecture for Bacterial Colony Enumeration

In this study, we will use CSRNet [26], a popular density-based counting model, to resolve
the issue of automated counting of bacterial colonies on agar plates. The key concept of
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CSRNet is the application of a deep convolutional neural network which can be trained to
deal with large receptive fields and high-level semantic features, such that it can generate
high-quality density maps without adding a lot of complexity to the network. This kind of
design is especially applicable to bacterial colony images, where the colony size is often
different, the colonies tend to be dense and the illumination is uneven resulting in poor
contrast.

CSRNet uses the Vgg-16 architecture as the front-end feature extractor as shown in Figure 3.
Removal of fully connected layers of the VGG-16 is applied, leaving the convolutional layers
only so that the high transfer learning of this model can be leveraged whilst spatial
information that is vital in density estimation is maintained. The front-end downsamples the
input image to one-quarter of its original resolution, achieving a balance between feature
abstraction and preservation of spatial details. This is the property which is important in the
counting of bacterial colonies because accurate localization of the areas of colonies will
directly contribute to the accuracy of the corresponding density maps.

CSRNet also uses a dilated convolutional back-end to avoid further deterioration of the
spatial resolution, instead of pooling operations as in the traditional model. Dilated
convolutions do not add more parameters or decrease the feature map resolution, but expand
the receptive field. This also makes the network able to capture wider contextual information
allowing it to both model isolated colonies and highly packed cluster of colonies. This detail
enables CSRNet to produce continuous density maps which are smooth and precise in terms
of information about the spatial distribution of the bacteria colonies on the agar plates, and at
the same time, they are computationally efficient because of a combination of VGG-based
front-end and a dilated convolutional back-end.

Pooling ~ ]‘]

Output Image

Dilation to Density Map

Figure 3: Architecture of CSRNet for bacterial colony counting

The general architecture of CSRNet is shown in figure 3. The local visual patterns detected
by the use of convolution layers include edges, textures, and colony boundaries, whereas the
max-pooling layers minimize the spatial dimensionality by keeping the most prominent
responses. The dilated convolution layers also increase the contextual awareness as they
increase the effective receptive field and thus the model learns global density patterns without
loss of the localization of the model.

3.3.5 Network Configuration and Training Strategy
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The description of the CSRNet architecture applied in this work. The first ten convolutional
layers are directly borrowed and tweaked after a pre-trained VGG-16 model that has been
trained on the ImageNet dataset [27] [28] which guarantees a strong performance in low and
mid-level feature extraction. The other back-end layers are initialized with a Gaussian
distribution whose standard deviation is 0.01 to enable the model to be specific to the
estimation of bacterial colonies density.

The network is trained on the stochastic gradient descent (SGD) optimizer and a constant
learning rate of 1x10 7. The loss criterion used is the Euclidean distance (L2 loss) between
the output density map and the respective ground-truth density map. This formulation of the
loss is straightforward, imposing penalties on density estimation errors on a pixel-by-pixel
basis, and encouraging the network to generate the correct spatial distributions. The Loss L(
0) is defined as:

L(0) =2, |12 0) - 7 |13, (3)

where N denotes the batch size, Z(X;; 0) represents the density map predicted by CSRNet
with parameters 0 for the input image X;, and Z; denotes the corresponding ground-truth
density map. This formulation ensures that the integral of the predicted density map
converges to the actual number of bacterial colonies in the image.

The hyperparameters are important to the training CSRNet architecture. One full cycle
through the entire training data can be called an epoch. In both the epochs, the network
parameters undergo update using the gradient of the loss function in the equation of state (3).
The batch size of 4 is applied, which gives an adequate trade-off between training stability
and the GPU memory limit to images of high-resolution agar plates. Both the momentum and
the weight decay are set to the SGD optimizer to improve the rate and minimize overfitting.

3.3.6 Evaluation Metrics

The primary measures are used to quantitatively determine the work of the proposed system
of counting bacteria colonies, i.e. the Mean Absolute Error (MAE) and the Mean Squared
Error (MSE) [26]. These measures are used to determine the difference between the predicted
colony count and the ground-truth count and are given by the following:

1 *
MAE =—%%, |G — G| )

MSE = \/ﬁzfil(ci - C))? ®)

Where N denotes the total number of test images, C; is the ground-truth number of bacterial
colonies for image 1, and C; represents the estimated count derived from the predicted density
map.

Precision
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To evaluate the detection capability of the model. Precision refers to the proportion of
correctly detected colonies (True Positives) among all detected colonies (True Positives +
False Negatives).

Precision = (6)

TP+FP

TP — True Positives (correct detections) and FP — False Positives (incorrect predictions)
Recall

The recall quantifies the proportion of approximately detected colonies among all real
colonies (True Positives + False Negatives).

TP
TP+FN

Recall = (7

FN —False Negatives (Missed Colonies)
F1-Score

The F1-Score, being the harmonic mean of precision and recall, offers a balanced measure
when the dataset is imbalanced or when both false positives and false negatives are important
to consider[29].

Precision X Recall
F1-Score =2 x (8)

Precision+Recall

The estimated count is computed by integrating the density map:
Ci:z:lL=1 Z\‘;Iv/=1 Zl,w )

where L and W represent the height and width of the density map, respectively, andZ,,,
denotes the density value at pixel location (L,w).

In addition to MAE and MSE, the error rate ¢ is used to further assess counting accuracy
and robustness across the dataset. The error rate is defined as:

TN 1Ci—Cl
E=‘§N—C*, (10)

i=1 i

where lower values indicate better counting performance. This metric provides a normalized
measure of error relative to the total number of bacterial colonies, making it particularly
suitable for evaluating datasets with varying colony densities.

IV.  RESULTS AND DISCUSSION

The accuracy of the proposed CSRNet based bacterial colony counting model improves
consistently throughout the training process. The training loss curve (see,Eq. (3)) reveals that
the loss decreases very fast in the first epochs and this means that the network learns the basic
pattern of spatial density that is related to the bacterial colony fairly rapidly. The loss also
decreases gradually with continuous training at a smaller and more constant rate, implying
that the optimization of higher-level representations is occurring gradually and the loss is
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approaching an optimal solution. The same tendency can be observed in case of the Mean
Absolute Error (MAE) that is defined by the following equation (4) and decreases steeply at
the initial epochs and oscillates in the subsequent ones with slight oscillations. These
experiments indicate that CSRNet model can be used to reduce prediction errors and a higher
counting accuracy with increasing training epochs.

The predicted colony counts are found to be close to the manual annotations in sparsely
populated agar plate images, meaning that localization and density estimation is correct. On
the images that are more densely populated, and the colonies seem to be clustered or even
partly overlapping because of the lack of growth space, CSRNet is able to estimate the
number of colonies by creating smooth and continuous density maps across the areas of high
density. The model generates strong estimates even in unfavourable imaging conditions like
irregular illumination, shadows, and blurred colony borders, which means it is strong and can
be generalized to real-world microbiological samples.

4.1 Estimation of Whole-Plate Bacterial Colony Population

In order to determine the total number of bacteria colonies on an agar plate the population of
bacteria colonies per image area was predicted and the count of colonies per plate was
obtained by adding the number of colonies per image area to the number of colonies per
image area. In order to assess the generalization ability of the proposed density-based
counting method, nine untested agar plates, not available during the training and validation
sets, were used to test the trained CSRNet model. These findings indicate that CSRNet can be
properly generalized to new agar plates with diverse colony densities and spatial
distributions, which proves the strength and stability of the proposed method to enumerate
bacteria in large scale. Table 1 illustrates Count of CSRNet Density based prediction. Table 2
shows the Evaluated measures like MAE, RMSE, precision, recall, F1 -score with bacterial
colony counting.

Table 1: Visualization of Manual Count and CSRNet Count

Images | Manual Count CSRNet Count
1 151 147
2 139 135
3 232 226
4 116 113
5 150 146
6 161 156
7 126 122
8 121 118
9 243 236
10 123 120
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Comparison Results of Manual and CSRNet
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Figure 4: Display the Comparison Results of Bacterial Colony Counting

Above figure 4 display the bar chart demonstrates a comparative work between the hand
count of the colony and the predicted count by CSRNet on ten agar plate images. The x-axis
is used to denote the indices of the images (Image 1 through Image 10) and the y-axis is used
to denote the corresponding values of the colony count. On the left of every image, two bars
are shown, one bar being the count provided by the CSRNet model and the other one being
the count provided by the manual count.

Generally, the findings indicate a high percentage congruence in the number of manual and
CSRNet with insignificant differences noted in majority of the images. Images that have large
colony concentrations (Images 3 and 9 in particular) are correctly recognized by CSRNet,
which indicates its ability to deal with large and overlapping colonies. In a similar manner, in
case of images of moderate colony counts the forecasted values are close to the ground truth
manual counts.

The fact that the two counting techniques are barely different shows the consistency and
reliability of the CSRNet-based density estimation method, which is a good choice when it
comes to replacing human-counts on colonies which tend to be tedious and subject to human
error.

Table 2: Evaluated Metrics using Bacterial Colony Counting

Evaluated Metrics Results
MAE 4.15

RMSE 4.82

Accuracy 97.36%
Precision 96.92%
Recall 97.24%
F1-score 97.03%
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The CSRNet model is highly accurate in counting bacteria colonies with a mean error of 4.15
and a root mean square error of 4.82, which means the presence of accurate density map
estimation. The counting accuracy has a value of 97.36 with high agreement between the
predicted and the manual counts. Moreover, the model has a balanced performance of
precision (96.92%), recall (97.14%), and F1-score (97.03%) indicating the reliability of the
CSRNet especially when there are overlapping colonies and human annotation is time-
consuming and inaccurate.

4.2 Discussion

The experiment data confirms that CSRNet is able to give a very precise and computationally
efficient bacterial colony counting with an estimation error that is usually less than 5% in
tricky situations such us dense growth and overlapping of colonies. In contrast to the
detection-based methods which are based on explicit segmentation or bounding box
separation, CSRNet uses a probabilistic density mapping approach, which by nature reduces
the impact of occlusion, merged colonies, and ambiguous boundaries. This is especially
appropriate to microbiological images, in which colonies frequently occur in clusters and
have abnormal morphologies.

The other significant benefit of CSRNet is that it is capable of capturing multi-scale
contextual information through dilated convolutions in the backend network. This
construction allows the model to accommodate extensive variation of colony size, shape, and
spatial distribution due to variations in incubation time, bacterium species, nutrient media,
and imaging resolution. Consequently, the model has a strong performance in different
experimental settings that are usually met in microbiology laboratories.

Compared to manual counting, CSRNet is far more efficient and only a few seconds are
required to process a picture, about a second. Although detection-based deep learning models
like Faster R-CNN and Mask R-CNN can demonstrate decent performance, they do not
provide an accurate number of colonies in the highly populated areas because they overlap
and have unclear boundaries of an object. Conversely, CSRNet does not explicitly define
colonies and instead estimates directly the spatial density, which results in more consistent
and accurate results.

Though the proposed approach has good performance, it has some limitations. Even the
images obtained with non-controlled lighting conditions or the extreme merging of the
colonies can still contribute to the slight error in estimation. Also, differences in the imaging
protocols of different labs can also influence model generalization. The next steps in work
will be integration of adaptive Gaussian kernels, multi-scale supervision, as well as the
attention mechanisms, to improve the accuracy of density estimation even more. The area of
research that has potential is the expansion of the framework to include the differentiation of
bacterial species and their analysis based on growth stage as well.

Overall, the suggested CSRNet-based bacterial colonies counting system is an important
breakthrough in automated microbiological image analysis. This method of counting colonies
has been shown to provide a solution to colony counting through whether it is a research
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study, clinical diagnostics or industrial microbiology because it is very accurate, the method
is also robust to overlap and its inference rate is very high. The achievements of CSRNet in
this field are indicative of how wide-ranging deep learning-based density estimation methods
can revolutionize the standard laboratory workflow and make the analysis of microbes both
more reliable, reproducible and efficient.

V. CONCLUSION

This article introduces a powerful deep learning methodology of automated bacterial colony
counting through CSRNet density map regression framework. As CSRNet employs a dilated
convolutional model, it is able to capture local and contextual characteristics of congested
and overlapping bacterial colonies so that they can be correctly estimated without necessarily
detecting or segmenting an object. Density maps save space, and enable partial or clustered
colonies to be more accurately counted, which is better than the counting and bounds-box
methods used in traditional counts.

The experimental evidence shows that the proposed CSRNet-based model has a high
counting accuracy (97.36) and low levels of errors (MAE = 4.15, RMSE = 4.82), which
proves the good consistency with manual colony counts. The moderate accuracy of the
preciseness (96.92%), recall (97.14%), and Fl-score (97.03) also confirm the quality and
stability of the model to different brown colony densities and light conditions. CSRNet
provides a less complex and computationally efficient alternative to detection-based networks
like Faster R-CNN and Mask R-CNN and has either comparable or better counting
performance.

Overall, the findings validate that CSRNet-based density map-regression is a robust and
scalable method that can be used to count bacterial colonies. The suggested approach has a
potential to be widely installed in microbiological laboratories and automated analysis
systems, which minimizes the number of manual steps and enhances the level of consistency.
Further development of the practice can be aimed at the expansion of the method to multi-
species colony differentiation, real-time analysis, and adapting to other culture media and
imaging solutions.
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