Rapid Identification of Soil Contamination by
Pathogenic Fungi Using Single-Instance Driven
Convolutional Neural Networks

Karol Struniawski! [0000-0002-4574=-2986] ' Rygsard
Kozeral2:410000-0002-2907-8632] ' Aleksandra Konopka! [0000-0003—1730~5866]
Lidia Sas-Pasz3[0000-0003-4076-4032] " A gpjeszka
Marasek-Ciolakowskas3[0000—0001—9349=2566]

! Warsaw University of Life Sciences - SGGW,
ul. Nowoursynowska 159, 02-776 Warsaw, Poland
karol_struniawski@sggw.edu.pl
2 The University of Western Australia,

35 Stirling Highway, Crawley, WA 6009, Perth, Australia
3 The National Institute of Horticultural Research,
Ul. Konstytucji 3 Maja 1/3, 96-100 Skierniewice, Poland
4 John Paul II Catholic University of Lublin,

Al. Ractawickie 14, 20-950 Lublin, Poland

Abstract. Microbial contamination of laboratory cultures is a major
source of experimental failure and resource waste. This study proposes a
Single-Instance Driven CNN approach for rapid genus-level recognition
of common soil-dwelling contaminants ( Trichoderma, Fusarium, Verticil-
lium, Purpureocillium) from microscopy images. The pipeline retrieves
standardized subimages and combines their predictions via majority vot-
ing to overcome the limitations of full-image classification. DenseNet201,
ResNetb0v2, and InceptionResNetV2 are evaluated across five datasets
collected with manual, automated, and focus-stacked microscopy. The
results show that subimage-based learning consistently outperforms full-
image baselines, while cross-dataset experiments confirm robust gener-
alization. Grad-CAM analysis indicates that subimage-trained networks
focus on microorganism fragments and suppress irrelevant background,
supporting the interpretability of the proposed workflow.

Keywords: microbial contamination, microscopy, deep learning, trans-
fer learning, explainable Al

1 Introduction

Microbial contamination remains a critical challenge for laboratory cultures,
directly affecting experimental integrity and increasing time and resource con-
sumption [15,11]. In routine practice, contamination is frequently detected by
manual inspection of Petri dish cultures; however, this procedure is time consum-
ing, subjective, and difficult to scale for rapid quality control [13]. The problem is
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particularly pronounced for soil-dwelling microorganisms, whose growth dynam-
ics and morphology can lead to fast and heterogeneous contamination patterns.
Several genera are especially relevant in this context, including Fusarium, Pur-
pureocillium, Trichoderma, and Verticillium [2,3,5,7,9,12,14,16,17, 19].

Recent work has shown that machine learning can support contamination de-
tection, yet many approaches require multiple samples, complex preprocessing,
or do not generalize well across imaging protocols [8,1]. A practical monitoring
system should identify contamination reliably from a single image while remain-
ing robust to variability in focus, illumination, and specimen preparation.

This study proposes a Single-Instance Driven CNN workflow that transforms
each microscopy image into a set of standardized subimages (single instances)
and combines their predictions via majority voting. We evaluate three widely
used CNN backbones across five datasets acquired with different imaging pro-
tocols and demonstrate improved performance over full-image baselines. Addi-
tionally, we provide interpretability evidence through Grad-CAM analysis.

2 Materials

2.1 Dataset

Five datasets (A-E) were collected to represent common microscopy acquisition
scenarios for soil-dwelling microorganisms. Datasets A and B contain manu-
ally captured images selected by expert microbiologists, while Datasets C-E
were acquired using automated microscopy to reduce operator bias and increase
scale. Dataset C uses wet-mount preparation with a coverslip, Dataset D uses
direct smears without a coverslip, and Dataset E uses automated focus stack-
ing to increase depth of field. Representative images are shown in Fig. 1. For
the automated datasets, images with imperfect focus were retained to better
reflect real laboratory conditions. Dataset sizes (instances) are: A=128 ( Verticil-
lium 25, Trichoderma 26, Phytophthora 20, Fusarium 57), B=303 (25/89/20/109
plus Purpureocillium 60), C=960 ( Verticillium 240, Trichoderma 386, Fusarium
334), D=1279 ( Verticillium 260, Trichoderma 240, Fusarium 240, Purpureocil-
liumn 539), and E=196 (49 per class for Verticillium, Trichoderma, Fusarium and
Purpureocillium,).

2.2 Single-instance retrieval

To enable learning from single instances rather than full images, we apply an
image processing pipeline that extracts up to 200 candidate microorganism frag-
ments (subimages) per input image. The pipeline follows standard machine vi-
sion procedures [6]: grayscale conversion, denoising and contrast enhancement,
thresholding with morphological refinement, and connected component label-
ing. Components are filtered by geometric properties (e.g., area and solidity),
cropped, and centered on a fixed 224 x 224 canvas to standardize the CNN input.
The overall data flow is shown in Fig. 2.
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Fig. 1: Sample images from Dataset D.

For each dataset, we retrieve up to 200 subimages per original image. This
yields 8,432 (A), 29,432 (B), 87,991 (C), 141,951 (D), and 23,277 (E) subimages
that are linked to their source images, enabling both per-subimage evaluation
and image-level majority voting. Exemplary subimages are shown in Fig. 3.

3 Methodology

The retrieved subimages form the input to CNN classifiers. We employ three
standard backbones (DenseNet201, ResNet50v2, and InceptionResNetV2) and
apply transfer learning from ImageNet [10,4]. Fine-tuning is performed by un-
freezing selected blocks of the backbone while keeping earlier layers fixed. The
classification head consists of global average pooling followed by two fully con-
nected layers (512 neurons, Mish activation [20]) with dropout (0.3), and a soft-
max output.

Evaluation is reported at two levels. First, each subimage is classified in-
dependently and summarized with standard metrics. Second, for each original
image, subimage predictions are aggregated using majority voting to obtain an
image-level decision.

4 Results

We report performance for full images, single-instance subimages, and subimage
majority voting using Precision, Recall, and AUC. We also assess robustness via
cross-dataset evaluation and interpretability analysis using Grad-CAM [18].
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Fig.2: The data flow diagram illustrating the proposed algorithm for subimages
retrieval.

Table 1: Image-level results (Precision/Recall/AUC): subimage majority voting
vs. full-image baselines.

Dataset Method Prec. Rec. AUC
C Subimages (ResNet50v2) 0.975 0.974 0.981
C Full image 0.405 0.399 0.581
D Subimages (InceptionResNetV2) 0.996 0.996 0.998
D Full image 0.609 0.607 0.753
E Subimages (DenseNet201) 1.000 1.000 1.000

4.1 Numerical results

Across datasets and backbones, subimage-based training consistently improves
performance over full-image baselines, with the largest gains observed for the
automated datasets. Representative image-level Precision/Recall/AUC compar-
isons are summarized in Table 1.

Cross-dataset accuracy remains high across architectures, indicating that the
proposed single-instance representation generalizes well between related acqui-
sition protocols. Table 2 summarizes within-domain and cross-domain accuracy
ranges.

4.2 Explainable Artificial Intelligence

To interpret model decisions, we apply Grad-CAM [18] to InceptionResNetV2
fine-tuned at different depths (block35, block17, block8) using Fusarium images

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI] 10.1007/978-3-032-29909-3_14 |



https://dx.doi.org/10.1007/978-3-032-29909-3_14
https://dx.doi.org/10.1007/978-3-032-29909-3_14

Identification of Pathogenic Fungi 5

) Fusarium ) Verticillium
¢) Purpureocillium ) Trichoderma

Fig. 3: Sample subimages from the retrieved Dataset D.

Table 2: Cross-domain accuracy ranges for image-level majority voting.

Train—Test Accuracy

D—D 0.993-0.998
E—E 0.981-1.000
D—E 0.889-0.926
E—D 0.811-0.983

from Dataset B (Fig. 4). For full images, shallow fine-tuning can yield high scores
while still highlighting background-dominant regions.

In contrast, for centered subimages the Grad-CAM maps consistently empha-
size microorganism fragments and suppress the black background (Fig. 4). This
supports the key assumption of the proposed workflow: single-instance standard-
ization encourages the CNN to learn diagnostically relevant structures.

For clarity, Fig. 4 presents a compact comparison across fine-tuning depths
(rows) and input types (columns).
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Fig.4: Grad-CAM analysis for Fusarium using InceptionResNetV2 fine-tuned
from different depths (rows). Left column: full image Grad-CAM. Right column:
averaged Grad-CAM over random subimages. Images from Dataset B.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI] 10.1007/978-3-032-29909-3_14 |



https://dx.doi.org/10.1007/978-3-032-29909-3_14
https://dx.doi.org/10.1007/978-3-032-29909-3_14

Identification of Pathogenic Fungi 7
5 Conclusion

This study shows that Single-Instance Driven CNNs, combined with major-
ity voting, provide an effective and interpretable approach for identifying soil-
dwelling microbial contaminants from microscopy images. Across multiple datasets
and acquisition protocols, subimage-based learning improves performance rela-
tive to full-image baselines and maintains strong cross-dataset generalization.
Grad-CAM analysis further indicates that single-instance standardization en-
courages attention to microorganism structures rather than irrelevant back-
ground. Future work may extend the approach to additional taxa and fully
automated, real-time laboratory monitoring.
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