
Received: 17 June 2026

Revised: 23 July 2026

Accepted: 24 July 2026

Published: 27 July 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Non-Destructive Detection of Mycotoxin Contamination in
Maize Silage Based on Machine Vision
Xinglu Zheng 1, Haiqing Tian 1,* , Kai Zhao 1, Lina Guo 1,2, Daqian Wan 1, Yang Yu 1, Chunxiang Zhuo 1

and Shengli Wang 1

1 College of Mechanical and Electrical Engineering, Inner Mongolia Agricultural University,
Hohhot 010018, China; zhengxinglu@emails.imau.edu.cn (X.Z.); lat41n_zk@163.com (K.Z.);
15049220128@emails.imau.edu.cn (L.G.); wandg@imau.edu.cn (D.W.); yuyangya1997@163.com (Y.Y.);
zcx@emails.imau.edu.cn (C.Z.); shengliwang616@163.com (S.W.)

2 Department of Scientific Research, Baotou Vocational and Technical College, Baotou 014035, China
* Correspondence: hqtian@126.com

Abstract

Mycotoxin contamination by aflatoxin B1 (AFB1) and deoxynivalenol (DON) in maize
silage threatens feed safety, requiring rapid, non-destructive monitoring tools. This study
developed a visible-light machine vision approach combined with machine learning to
quantify AFB1 and DON and classify contamination levels. A total of 210 silage samples
were imaged, and 111 RGB-based color and texture features were extracted, followed by
correlation analysis and model-based feature selection. Using the 10 selected features,
support vector regression (SVR) achieved the best quantitative performance for AFB1

(R2 = 0.9945, RMSE = 3.18 µg· kg−1), while XGBoost performed best for DON (R2 = 0.9816,
RMSE = 45.50 µg· kg−1). For classification, random forest and XGBoost correctly identified
AFB1 contamination levels with an Accuracy of 90.48%, whereas SVM achieved 97.62%
Accuracy for DON. Comparison of correlation-based and model-based feature importance
confirmed the complementary value of statistically significant and nonlinearly predictive
features. Biological interpretation suggested that color and texture responses may reflect
fungal pigmentation/browning and multiscale surface-structure alterations, respectively,
with selected texture descriptors changing earlier than color descriptors during aerobic
exposure. The proposed low-cost RGB imaging strategy, coupled with multi-feature fusion,
offers a promising approach for high-throughput preliminary mycotoxin screening in
feed production.

Keywords: machine vision; machine learning; aflatoxin B1; deoxynivalenol; non-destructive
detection; silage

1. Introduction
The intensification of modern livestock production has placed increasing pressure on

feed supply chains, with silage maize widely used as a major roughage source because
of its high biomass yield, favorable nutritive value, and good ensiling characteristics [1].
However, during the ensiling process, microbial contamination and improper storage
often promote the proliferation of toxigenic fungi, leading to the production of harmful
mycotoxins such as aflatoxin B1 (AFB1) and deoxynivalenol (DON) [2,3]. AFB1, identified as
a Group I carcinogen by the World Health Organization, and DON, a known plant pathogen
metabolite, are among the most prevalent and toxic mycotoxins found in silage [4,5]. Their
presence in feed not only compromises animal productivity and welfare but also contributes
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to broader ecological risks through soil and water contamination [6,7]. Effective feed
safety management therefore requires rapid, non-destructive detection methods capable of
quantifying mycotoxin levels in silage maize.

Currently, the detection of mycotoxins in maize silage primarily relies on physico-
chemical analytical techniques. Common methods include high-performance liquid chro-
matography (HPLC), liquid chromatography-tandem mass spectrometry (LC-MS/MS), and
enzyme-linked immunosorbent assay (ELISA) [8]. Despite their high analytical precision,
these laboratory-based techniques present practical limitations: high capital and operating
costs, labor-intensive sample preparation, extended analysis time, and dependence on
skilled technicians [9,10]. These constraints necessitate alternative detection strategies that
balance accuracy with operational efficiency and cost-effectiveness.

Non-destructive sensing technologies have emerged as promising alternatives, with
near-infrared spectroscopy (NIR) and hyperspectral imaging (HSI) demonstrating capa-
bility for mycotoxin detection [11,12]. NIR has been successfully applied to detect my-
cotoxins in peanut crops, achieving a classification accuracy exceeding 94% [13]. HSI
captures hundreds of continuous spectral bands, allowing for precise characterization of
compound-specific absorption behavior across different wavelengths [14]. This enables
strong detection capabilities for chemical contaminants. An increasing number of studies
have demonstrated the strong potential of hyperspectral techniques in the field of my-
cotoxin detection. Zhang et al. employed HSI to classify AFB1 contamination in maize,
reporting that the support vector regression (SVR) model yielded the highest performance,
with an accuracy of 87.3% [15]. Teixido et al. applied near-infrared hyperspectral imaging
(NIR-HSI) to predict T-2 and HT-2 toxin levels in oats. The quantitative model achieved a
coefficient of determination (R2) of 0.64, while the classification accuracy reached 94.1% [16].
While spectroscopic methods show promise for mycotoxin quantification, their adoption
remains limited by high equipment costs, computational complexity, and challenging field
deployment. Accordingly, RGB imaging was selected in this study to evaluate whether vis-
ible color and texture phenotypes could support rapid and low-cost preliminary screening
using readily available imaging hardware. This choice prioritizes practical deployability
rather than spectral resolution or compound-specific chemical information.

Machine vision offers a compelling alternative by combining simplicity, speed, and ac-
cessibility [17]. Unlike spectroscopic systems requiring specialized hardware, vision-based
methods leverage standard imaging sensors combined with advanced feature extraction
algorithms [18]. Kim et al. integrated wheat surface image features with CO2 concentra-
tion measurements [19]. Based on this information, they classified early-stage mycotoxin
contamination and achieved an accuracy of 83.3%. Yorulmaz et al. developed an image
processing-based method to detect fungal infection in popcorn kernels [20]. By extracting
pixel intensity and color features and applying support vector machine (SVM) classifica-
tion, they achieved a recognition accuracy of up to 96.5%. In addition, machine vision has
been applied to evaluate surface quality, detect mold, and perform preliminary screen-
ing for mycotoxin contamination in agricultural products such as citrus fruits and nuts.
These studies demonstrate the promising application potential of the technology [21,22].
While these studies validate image-based contamination detection, current approaches
predominantly perform categorical classification rather than continuous quantification
of mycotoxin concentrations. Furthermore, limited biologically informed interpretation
of feature–toxin associations constrains understanding of the visual information used by
image-based prediction models.

This study develops a machine vision-based measurement system for quantitative my-
cotoxin detection in maize silage, addressing the dual requirements of continuous concen-
tration prediction and categorical contamination classification. By systematically analyzing
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the relationships between image features and toxin levels, the study provides a biologically
informed interpretation of visual phenotypes associated with fungal deterioration and
measured mycotoxin concentrations. The specific objectives are to: (1) establish quantitative
relationships between image features and AFB1/DON concentration levels; (2) identify
optimal feature subsets through systematic selection and evaluation; and (3) develop and
validate regression and classification models for practical mycotoxin measurement in feed
production scenarios.

2. Materials and Methods
2.1. Sample Preparation

Maize silage samples were collected from dairy farming regions across northern Inner
Mongolia (Baotou, Ulanqab, and Hohhot) between March and June 2024. Ten batches were
obtained from multiple farms to ensure geographical representativeness and transported
to Inner Mongolia Agricultural University for mycotoxin analysis and model development.
The silage was produced from medium-early to medium-maturity maize hybrids (e.g.,
Xianyu 335, Heyu 187, and Lihe 1), with reported growth durations of approximately
127, 128, and 130 d, respectively, under northern spring-maize production conditions.
These values are provided for general comparison because growth duration and maturity
classification may vary among ecological regions and variety-testing systems. The hybrids
were cultivated under irrigated conditions in the Tumochuan Plain with planting densities
of 60,000–67,500 plants/ha. Whole-plant maize was harvested at the 1/2–2/3 milk line
stage with 65–70% moisture content, chopped to 1–2 cm, and ensiled in bunker silos at
a packing density of ≥650 kg/m3. The silos were sealed with polyethylene film and
fermented under anaerobic conditions at ambient temperature for 3–6 months prior to
sampling. The variation in fermentation duration resulted from differences in production
schedules among the commercial farms and was not an experimentally controlled factor.

Each 4 kg sample was stored in polyethylene containers at a controlled room tempera-
ture of 18–22 ◦C during the 7-day aerobic exposure experiment. Containers were sealed
with microporous aluminum foil, permitting controlled gas exchange while minimizing
moisture loss. Samples were collected daily over a 7-day period (days 0–6) for each batch.
At each sampling point, three subsamples were obtained via the quartering method to
ensure representativeness. This yielded a total dataset of 210 samples (10 batches × 7 days
× 3 replicates) for mycotoxin quantification and predictive modeling.

2.2. Machine Vision System and Image Preprocessing

The machine vision system comprised a high-resolution industrial camera, dual-sided
LED illumination, a black-painted dark chamber, and an image acquisition workstation.
The imaging setup employed a CMOS camera (2248 × 2048 pixels; BFLY-PGE-50H5C-C,
Teledyne FLIR, Wilsonville, OR, USA) and bar-type LED light sources (RF-TX10030, KEMAI
Vision Technology, Ltd., Dongguan, China), which were symmetrically installed on both
sides of the dark chamber. The camera was mounted vertically above the sample platform,
and image acquisition was performed using the Point Grey FlyCapture2 software (version
2.6.3.2, Teledyne FLIR, Wilsonville, OR, USA) after a 30 min system warm-up to ensure
operational stability.

For each image acquisition, approximately 70 ± 0.5 g of maize silage was randomly
obtained using the quartering method and evenly spread in a Petri dish (φ120 × 20 mm).
The dish was then placed on a conveyor belt within the dark chamber. Imaging parameters
such as exposure, gain, and brightness were optimized to ensure consistent illumination
across all samples. Three images were captured per sample and stored in 24-bit RGB
format (2248 × 2048 pixels) as BMP files. During preprocessing, a 1000 × 1000-pixel
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central region of interest (ROI) was extracted from each image to standardize subsequent
feature analysis [23]. A multi-stage filtering strategy was employed to mitigate noise and
enhance image quality. After comparative testing of Gaussian, mean, and median filters, a
3 × 3 median filter was selected for its superior balance between noise suppression and
edge preservation. Edge enhancement was then performed using the Laplacian operator to
improve contour sharpness and structural visibility.

Following image preprocessing, a total of 111 color and texture features were extracted
from each region of interest for downstream analysis. The feature design was informed by
established methods in image-based agricultural analysis, comprising 31 color features and
80 texture features [24,25]. Color features were derived from the RGB, HSI, and CIE Lab
color spaces using first- to third-order color moments. Additional color features included
vegetation and chromatic indices such as excess green (EXG), color difference metrics, and
hue angle. For texture feature extraction, grayscale conversion was first applied to each
ROI. Texture features were computed using four descriptor types: gray-level statistical
moments (GLMs), gray-level co-occurrence matrix (GLCM), local binary pattern (LBP),
and discrete wavelet transform (DWT). For DWT analysis, the Daubechies 4 wavelet was
used as the basis function with a decomposition level of 4, enabling multi-scale texture
representation. The overall experimental workflow is shown in Figure 1, and a complete
list of the extracted features and their definitions is provided in Table 1.

 

Figure 1. Schematic illustration of the experimental workflow.

Table 1. Summary of color and texture features extracted from images of maize silage.

NO. Name Description

1–3 R_mean/R_std/R_skew Mean value/Standard deviation/Skewness of the R channel

4–6 G_mean/G_std/G_skew Mean value/Standard deviation/Skewness of the G channel

7–9 B_mean/B_std/B_skew Mean value/Standard deviation/Skewness of the B channel

10–12 H_mean/H_std/H_skew Mean value/Standard deviation/Skewness of the H channel
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Table 1. Cont.

NO. Name Description

13–15 S_mean/S_std/S_skew Mean value/Standard deviation/Skewness of the S channel

16–18 I_mean/I_std/I_skew Mean value/Standard deviation/Skewness of the I channel

19–21 L_mean/L_std/L_skew Mean value/Standard deviation/Skewness of the L channel

22–24 a*_mean/a*_std/a*_skew Mean value/Standard deviation/Skewness of the a* channel

25–27 b*_mean/b*_std/b*_skew Mean value/Standard deviation/Skewness of the b* channel

28 EXG Excess green (2 × Gavg − Ravg − Bavg)

29 GB Green minus blue (Gavg − Bavg)

30 EBI Additional blue index ((Bavg − Gavg) × (Bavg − Ravg))

31 hab Hue angle

32 Mean Mean

33 Std Standard Deviation

34 Skew Skewness

35 Smooth Smoothness

36 U Uniformity

37–40 Ener/Entr/Med/Range Energy/Entropy/Median/Range

41–43 MeanAbs/RMS/Kur Mean absolute deviation/Root mean square/Kurtosis

44–47 Con_0/45/90/135 Contrast in four orientations (0◦, 45◦, 90◦, and 135◦)

48–51 ASM_0/45/90/135 Angular second moment in four orientations
(0◦, 45◦, 90◦, and 135◦)

52–55 RMSE_0/45/90/135 Root mean square energy in four orientations
(0◦, 45◦, 90◦, and 135◦)

56–59 Hom_0/45/90/135 Homogeneity in four orientations (0◦, 45◦, 90◦, and 135◦)

60–63 Cor_0/45/90/135 Correlation in four orientations (0◦, 45◦, 90◦, and 135◦)

64–67 Entr_0/45/90/135 Entropy in four orientations (0◦, 45◦, 90◦, and 135◦)

68 LBP-Std Standard deviation of local binary pattern

69 LBP-Var Variance of local binary pattern

70 LBP-Skew Skewness of local binary pattern

71 LBP-Kur Kurtosis of local binary pattern

72 LBP-Entr Entropy of local binary pattern

73 LBP-Ener Energy of local binary pattern

74 LBP-Con Contrast of local binary pattern

75 LBP-Hom Homogeneity of local binary pattern

76–87 DWT-R1/2/3/4-cH/cV/cD
Mean of high-frequency coefficients in the

horizontal/vertical/diagonal direction at level 1/2/3/4 of the
red channel

88–99 DWT-G1/2/3/4-cH/cV/cD
Mean of high-frequency coefficients in the

horizontal/vertical/diagonal direction at level 1/2/3/4 of the
green channel

100–111 DWT-B1/2/3/4-cH/cV/cD
Mean of high-frequency coefficients in the

horizontal/vertical/diagonal direction at level 1/2/3/4 of the
blue channel

Note: a* and b* denote the green–red and blue–yellow chromaticity coordinates, respectively, in the CIE Lab*
color space; the asterisks are part of the standard notation and do not indicate footnotes.

2.3. Mycotoxin Measurement

Mycotoxin detection was conducted at the Inner Mongolia Research Center for Ex-
perimental Biology. Quantification of AFB1 and DON concentrations in maize silage was
performed using ELISA, in accordance with GB/T 17480-2008 and GB 5009.111-2016 [26,27].
A 2.50 g subsample was placed in a centrifuge tube and extracted with 20 mL of 60%
methanol–water solution, followed by homogenization. An additional 5 mL of solvent
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was used to rinse the tube walls. The combined solution was shaken at room temperature
for 5 min and centrifuged at 4000 rpm for 5 min. The supernatant was filtered through
qualitative paper, and the filtrate was used for ELISA.

Quantitative determination was carried out using PriboFast® ELISA kits (EKT-010
for AFB1; EKT-030 for DON; Pribolab, Ltd., Qingdao, China). The limits of detection
(LOD) and limits of quantification (LOQ) for AFB1 were 0.3 µg· kg−1 and 1 µg· kg−1,
respectively; for DON, the LOD and LOQ were 75 µg· kg−1 and 250 µg· kg−1, respectively.
For ELISA detection, the test solution (200 µL) was mixed with diluent (300 µL) and
vortexed thoroughly. The pH was adjusted to 6.0–8.0 before proceeding. All samples were
analyzed in duplicate. Following the kit protocol, standard solutions, test samples, enzyme
conjugates, and antibody reagents were sequentially added to the microplate wells. After
incubation at room temperature for color development, the reaction was terminated and
the optical density (OD) was measured using a microplate reader. Toxin concentrations
were determined by interpolating the OD values from the standard curve and applying the
corresponding dilution factor. Concentrations below the assay LOD were not extrapolated
but were replaced with one-half of the corresponding LOD, namely 0.15 µg· kg−1 for AFB1

and 37.5 µg· kg−1 for DON. Measurements equal to or above the LOD but below the LOQ
were retained as reported by the ELISA and were directly used as reference values for
model development.

2.4. Dataset Preparation

Each of the 210 subsamples was assigned a unique sample ID and treated as an indi-
vidual observation during dataset partitioning. Although three subsamples were collected
from each batch and aerobic-exposure day, they were separately obtained through the quar-
tering procedure and independently subjected to image acquisition, feature extraction, and
ELISA measurement, resulting in distinct image-feature vectors and toxin concentrations.
A total of 168 samples were assigned to the training set and 42 samples to the held-out test
set at a ratio of 4:1. For quantitative prediction, the Kennard–Stone (KS) algorithm was
applied at the individual-sample level to improve the representativeness of the training
set. For classification, stratified sampling was performed at the individual-sample level to
maintain similar class proportions between the training and test sets. No explicit grouping
constraint based on batch and aerobic-exposure day was imposed during partitioning.

The extracted color and texture features exhibited substantial variation in scale and
units across dimensions due to their heterogeneous nature. To mitigate this, Z-score
normalization was applied to standardize the feature values. The standardization formula
is given by Equation (1):

xs =
x − µ

σ
(1)

where xs denotes the standardized value, x is the original feature value, µ is the arithmetic
mean, and σ is the standard deviation of the corresponding feature dimension.

To ensure reliable model development, five-fold cross-validation was performed ex-
clusively within the training set. Feature ranking and selection of the 10 most informative
descriptors were embedded within the cross-validation procedure and conducted using
only the corresponding training folds, while the remaining fold was used for internal valida-
tion. The held-out test set was completely excluded from feature selection, cross-validation,
hyperparameter optimization, and model fitting. After the optimal feature subset and
hyperparameters were determined, the final models were fitted using the complete training
set and evaluated once on the held-out test set. Accordingly, the performance metrics
reported in this study were calculated from the held-out test set rather than averaged
across the cross-validation folds. For regression models, the mean root mean square error
(RMSE) across folds was used as the evaluation metric, where lower RMSE values indicated
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superior generalization. For classification tasks, average accuracy was used to assess inter-
fold consistency. The parameter set that yielded the lowest RMSE or highest accuracy was
selected as the optimal configuration for the respective model type.

2.5. Development of Quantitative Prediction Models

To construct robust and interpretable models for quantitative prediction of AFB1

and DON concentrations, three widely adopted regression algorithms were investigated:
Random Forest Regression (RFR), SVR, and Extreme Gradient Boosting (XGBoost). RFR
employs an ensemble learning approach and is recognized for its robustness and strong
generalization capability. SVR is well suited for regression tasks involving small sample
sizes, high-dimensional feature spaces, and complex nonlinear relationships. XGBoost,
a computationally efficient implementation of gradient boosting, balances prediction ac-
curacy and training speed. Grid search integrated with five-fold cross-validation was
conducted exclusively on the training set to optimize the hyperparameters of each model,
while the independent test set remained untouched until final model evaluation. The
explored hyperparameter ranges are summarized in Table 2.

Table 2. Various parameters of models.

Model Model Parameters Values and Specifications

RFR/RF n_tree
m_try

50–1000 (value every 50)
1–number of feature inputs (value

every 1)

SVR/SVM C
g

2−10–210 (value every 20.5)
2−10–210 (value every 20.5)

XGBoost
learning_rate
n_estimators
max_depth

0.01–0.3 (value every 0.01)
50–2000 (value every 50)

3–10 (value every 1)

Model performance was evaluated using three metrics calculated on the prediction
set: R2, RMSE, and ratio of performance to deviation (RPD) [28,29].

The corresponding calculation formulas are as follows:

R2 = 1 − ∑
np
i = 1(yi − ŷi)

2

∑
np
i = 1

(
yi − ŷp

)2 (2)

where np is the number of samples in the prediction set, ŷi is the predicted value of the
i-th sample, yi is the corresponding true value, and ŷp is the mean of all true values in the
prediction set.

RMSE =

√√√√ 1
np

np

∑
i = 1

(yi − yı)
2 (3)

where np is the number of samples in the prediction set, yı is the predicted value of the i-th
sample, and yi is the corresponding true value.

RPD =
SD

RMSEP
(4)

where SD is the standard deviation of the prediction set, and RMSEP is the root mean
square error of prediction.

Based on comparative analysis of R2, RMSE, and RPD values on the test set, the model
demonstrating the best overall performance was selected for subsequent analysis.
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2.6. Development of Classification Models

For robust classification models for AFB1 and DON contamination levels, three rep-
resentative classification algorithms—Random Forest (RF), SVM, and XGBoost—were
employed. RF employs an ensemble of decision trees, providing noise resistance with
stable classification performance. SVM suits nonlinear classification tasks involving small
sample sizes and high-dimensional feature spaces, with strong generalization capabil-
ity. XGBoost, a computationally efficient implementation of gradient boosting, balances
predictive accuracy and training efficiency in complex classification scenarios. Model
construction followed the same procedure as the regression tasks. Grid search with five-
fold cross-validation was used to optimize the hyperparameters of each classifier. The
final parameter configurations are listed in Table 2. The DON classification threshold of
250 µg· kg−1 was derived from one-quarter of the statutory limit of 1000 µg· kg−1 and
coincided with the reported ELISA LOQ. Samples with DON concentrations greater than
250 µg· kg−1 were classified as contaminated, whereas those with concentrations equal to
or below 250 µg· kg−1 were classified as uncontaminated.

Classification performance was evaluated using five metrics. Accuracy provided
an overall measure of correct predictions. Precision and Sensitivity (Se) assessed the
model’s ability to correctly identify contaminated samples, while Specificity (Sp) quantified
correct identification of uncontaminated samples. F1-score provided a balanced measure of
classification performance. The corresponding formulas are given in Equations (5)–(9):

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

Precision =
TP

TP + FP
(6)

Se =
TP

TP + FN
(7)

Sp =
TN

TN + FP
(8)

F1 =
2 ∗ TP

2 ∗ TP + FP + FN
(9)

where TP is the number of true positives (positive samples correctly predicted as positive),
TN is the number of true negatives (negative samples correctly predicted as negative), FP
is the number of false positives (negative samples incorrectly predicted as positive), and
FN is the number of false negatives (positive samples incorrectly predicted as negative).

The classifier with the highest accuracy on the test set was selected as the optimal
model for on-site discrimination of silage maize contamination levels.

3. Results
3.1. Effects of Mycotoxin Contamination on Maize Silage Image Features
3.1.1. Statistics of Mycotoxin Data

Mycotoxin accumulation patterns in maize silage were systematically analyzed across
10 batches over a 7-day storage period (n = 210). The two target mycotoxins exhibited markedly
different concentration ranges but similarly high variability. AFB1 concentrations ranged from
0.15 to 63.82 µg· kg−1 (mean: 15.32 µg· kg−1, median: 13.14 µg· kg−1, CV: 94.91%), while
DON concentrations ranged from 37.50 to 964.20 µg· kg−1 (mean: 238.59 µg· kg−1, median:
167.78 µg· kg−1, CV: 91.17%). Both mycotoxins showed high dispersion, with standard
deviations approaching their mean values (AFB1: 14.54 µg· kg−1; DON: 217.53 µg· kg−1) and
large interquartile ranges (AFB1: 25.92 µg· kg−1; DON: 299.36 µg· kg−1).
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Kernel density estimation combined with frequency histograms revealed that both
mycotoxins exhibited right-skewed, unimodal distributions with extended tails toward
higher concentrations (Figure 2). The KDE peaks near the median values indicated that
most samples had moderate contamination, while a minority showed severe contamination.
Shapiro–Wilk tests confirmed significant deviation from normality (AFB1: W = 0.890,
p < 0.001; DON: W = 0.881, p < 0.001), and positive skewness values (AFB1: 0.72;
DON: 1.12) quantitatively validated the visual asymmetry. This non-normal distribu-
tion pattern, combined with high dispersion (CV > 90%), therefore justified the z-score
normalization applied in subsequent data preprocessing.

Figure 2. Histograms of AFB1 and DON concentration distributions: (a) AFB1 distribution histogram;
(b) DON distribution histogram.

The high variability in AFB1 and DON concentrations may be related to differences
in initial contamination, microbial communities, fermentation conditions, and local tem-
perature, moisture, and oxygen availability among the field-collected silage batches. AFB1

and DON are commonly associated with toxigenic species within the genera Aspergillus
and Fusarium, respectively, which differ in biosynthetic pathways and ecological prefer-
ences [30–34]. These differences provide relevant biological context for the distinct toxin
distributions observed. However, because the fungal species and biomass in the present
samples were not determined, the observed distributions cannot be attributed to specific
fungal taxa or developmental states.

Fungal colonization and aerobic deterioration can produce visible changes in pigmen-
tation, browning, and surface organization that may occur concurrently with mycotoxin
accumulation [35]. The relationships between these visible phenotypes and measured
toxin concentrations therefore provide a biological rationale for the proposed image-based
screening approach. Nevertheless, the present imaging data do not directly quantify
fungal biomass or verify the specific biological processes responsible for the observed
visual changes.

3.1.2. Correlation Analysis Between Image Features and Mycotoxin Concentrations

To quantify the relationship between visual changes and mycotoxin levels, Pearson
correlation analyses were performed between 111 image features and the concentrations of
AFB1 and DON. The results revealed that 67 features were significantly correlated (p < 0.05)
with AFB1 levels and 60 with DON levels, demonstrating significant associations between
mycotoxin concentrations and quantifiable image characteristics [36]. Correlation analysis
showed that AFB1 concentration was significantly associated with 21 color features and
46 texture features (Figure 3a). Among color descriptors, red-channel metrics (a_mean,
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a_std, R_mean) increased markedly in contaminated samples, while H_mean and GB
decreased, indicating a shift toward warmer tones at higher AFB1 concentrations, which is
consistent with pigmentation patterns previously reported for toxigenic Aspergillus species.
Top-ranked texture descriptors included local binary pattern features (LBP-Var, LBP-Ener,
LBP-Kur) and gray-level co-occurrence matrix (GLCM) contrast features (Con_0, Con_45),
indicating pronounced changes in local microtexture patterns. DON concentration was
significantly associated with 24 color features and 36 texture features (Figure 3b). As DON
levels increased, H_std rose while S_mean and EXG declined, indicating reduced chromatic
diversity and increased hue dispersion. For texture, DON exhibited strong negative cor-
relations with GLCM correlation features (Cor_0, Cor_180) and wavelet-derived features
(DWT-B4-cV, DWT-R4-cD), suggesting disrupted spatial gray-level structures.

Figure 3. Image features significantly correlated with mycotoxin concentrations in maize silage
samples: (a) AFB1; (b) DON. Note: a* and b* denote the green–red and blue–yellow chromaticity
coordinates, respectively, in the CIE Lab* color space; the asterisks are part of the standard notation
and do not indicate footnotes.
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These feature–mycotoxin associations are biologically consistent with visible changes
reported during fungal colonization and aerobic deterioration. Previous studies indicate
that fungal pigmentation, chlorophyll degradation, oxidative browning, mycelial devel-
opment, and changes in surface coverage can alter the color and texture of agricultural
materials [37,38]. These processes may therefore provide plausible explanations for the
observed responses of H_mean, GB, GLCM, LBP, and related descriptors. However, fungal
pigments, chlorophyll degradation, browning, hyphal development, and tissue structure
were not directly measured in the present study. Thus, these explanations should be re-
garded as literature-supported biological interpretations rather than mechanisms directly
verified by the current experiment.

As illustrated in Figure 3, AFB1 and DON exhibited distinct feature response pro-
files: texture descriptors showed stronger associations with AFB1 (46 vs. 36 significant
correlations), whereas color descriptors were more sensitive to DON (24 vs. 21 significant
correlations). This differential sensitivity is consistent with contrasting colonization and
pigmentation patterns previously reported for toxigenic Aspergillus and Fusarium species.
Such biological differences may help explain the stronger texture associations with AFB1

and the slightly greater color sensitivity to DON. However, the fungal taxa present in
the analyzed samples were not identified. The complementarity between feature types
suggests that combining color and texture descriptors provides a more comprehensive
characterization of contamination-induced changes. To further elucidate these feature–
mycotoxin relationships, the temporal dynamics of representative features were examined
across the storage period.

3.1.3. Temporal Variation in Image Features During Aerobic Exposure

Figure 4 illustrates progressive changes in the visible appearance of maize silage
during the 7-day aerobic exposure period. Samples at days 0–1 generally exhibited brighter
coloration and relatively intact visible structure. Gradual darkening and increasing color
heterogeneity became apparent at days 2–3, followed by more pronounced dark spots,
aggregation, and surface heterogeneity at days 4–6. These temporal changes occurred
alongside changes in the selected image descriptors and measured mycotoxin concentra-
tions and are consistent with progressive fungal deterioration reported in previous studies.
However, the images alone do not permit objective identification of specific fungal devel-
opmental stages such as spore germination, hyphal penetration, conidiogenesis, or mature
colony formation.

 
Figure 4. Daily visual changes in silage maize feed samples (a–g) corresponding to storage days 0–6.
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Representative image features identified by the correlation analysis were z-score
standardized and tracked across the aerobic exposure period. As shown in Figure 5, S_skew
generally increased, indicating greater asymmetry and heterogeneity in the saturation
distribution, whereas Cor_0 and Cor_180 generally decreased, indicating changes in spatial
gray-level relationships. LBP-Skew also varied over time, reflecting changes in the local
texture distribution. The earlier changes observed in selected texture descriptors than
in color descriptors may reflect early alterations in surface organization before stronger
pigmentation and browning-related signals emerged. These interpretations are consistent
with reported fungal deterioration processes, but they cannot be assigned to specific fungal
developmental stages because fungal growth, sporulation, pigmentation, and substrate
structure were not independently measured. These temporal response differences provided
an empirical and biologically interpretable basis for subsequent feature selection and
model analysis.

Figure 5. Temporal dynamics of key image features during maize silage storage: (a) S_skew; (b) Cor_0;
(c) Cor_180; (d) LBP-Skew. Open circles represent the daily mean standardized values, solid curves
represent the fitted temporal trends, and shaded areas represent the mean ± SD.

3.2. Quantitative Prediction Models

Three regression models (RFR, SVR, and XGBoost) were used to predict AFB1 and
DON concentrations. Hyperparameter optimization was performed using grid search with
five-fold cross-validation. The tuning procedure and the resulting optimal hyperparameter
configurations are shown in Figure 6 and Table 3, respectively. The ten key features selected
for each model are presented in Table 4.

The predictive performance of the models for AFB1 concentration is summarized
in Table 5, and the regression plots of predicted versus actual values for each model are
illustrated in Figure 7, providing a visual evaluation of prediction accuracy and fitting
performance. In the modeling scenario using all features (Model 1), the XGBoost Model 1 ex-
hibited the best performance (R2 = 0.9497, RMSE = 3.9939 µg· kg−1, RPD = 3.9387), followed
by RFR Model 1 (R2 = 0.9146, RMSE = 4.9371 µg· kg−1, RPD = 3.4637), while SVR Model 1
performed relatively poorly (R2 = 0.8944, RMSE = 4.5194 µg· kg−1, RPD = 3.1139). Based
on these selected features, optimized models (Model 2) were constructed. The optimized
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SVR Model 2 achieved the best performance, with R2 = 0.9945, RMSE = 3.1794 µg· kg−1,
and RPD = 5.0669. The RFR and XGBoost Models showed slightly lower performance, with
R2 values of 0.9272 and 0.9885, respectively. These results highlight the significant impact
of feature optimization on detection accuracy.

Table 3. Optimal combinations of hyperparameters for each model.

Mycotoxin Models Optimal Hyperparameters

AFB1

RFR Model 1 max_features: 106, n_estimators: 700
RFR Model 2 max_features: 9, n_estimators: 950
SVR Model 1 C: 26, gamma: 2−7

SVR Model 2 C: 25, gamma: 2−1

XGBoost Model 1 learning_rate: 0.16, max_depth: 5, n_estimators: 850
XGBoost Model 2 learning_rate: 0.05, max_depth: 5, n_estimators: 300

DON

RFR Model 1 max_features: 35, n_estimators: 50
RFR Model 2 max_features: 9, n_estimators: 350
SVR Model 1 C: 26, gamma: 2−7

SVR Model 2 C: 25, gamma: 2−1

XGBoost Model 1 learning_rate: 0.04, max_depth: 4, n_estimators: 1200
XGBoost Model 2 learning_rate: 0.05, max_depth: 5, n_estimators: 1600

Table 4. Ten most influential image features contributing to the regression models.

Mycotoxin Models Top 10 Important Features

AFB1

RFR Model LBP-Kur, EXG, S_skew, b*_std, LBP-Skew, a*_std,
I_mean, GB, DWT-R3-cV, EBI

SVR Model GB, EXG, a*_std, LBP-Kur, DWT-B4-cD, S_skew, b*_std,
DWT-G4-cD, H_mean, LBP-Skew

XGBoost Model LBP-Kur, GB, EXG, b*_std, S_skew, Con_0, I_mean,
a*_std, EBI, R_std

DON

RFR Model S_skew, a*_skew, EXG, DWT-B4-cV, H_skew, H_std,
DWT-R4-cD, GB, b*_std, EBI

SVR Model H_std, GB, S_skew, b*_std, S_mean, EXG, DWT-B4-cV,
b*_skew, Hom_180, a*_skew

XGBoost Model S_skew, b*_std, DWT-R4-cD, H_std, GB, EXG, Kur,
DWT-B4-cV, H_skew, a*_std

Note: a* and b* denote the green–red and blue–yellow chromaticity coordinates, respectively, in the CIE Lab*
color space; the asterisks are part of the standard notation and do not indicate footnotes.

Table 5. Performance of quantitative prediction models for AFB1 and DON concentrations.

Mycotoxin Models R2 RMSE RPD

AFB1

RFR Model 1 0.9146 4.9371 3.4637
RFR Model 2 0.9272 4.3975 3.7515
SVR Model 1 0.8944 4.5194 3.1139
SVR Model 2 0.9945 3.1794 5.0669

XGBoost Model 1 0.9497 3.9939 3.9387
XGBoost Model 2 0.9885 3.713 4.3588

DON

RFR Model 1 0.8405 86.3705 2.5339
RFR Model 2 0.8849 75.0753 2.9828
SVR Model 1 0.882 68.0665 2.9465
SVR Model 2 0.9708 46.6408 4.6567

XGBoost Model 1 0.9163 60.6055 3.4987
XGBoost Model 2 0.9816 45.5023 5.1663

Note: Bold values indicate the best quantitative prediction performance for each mycotoxin.

https://doi.org/10.3390/agriculture16151602

https://doi.org/10.3390/agriculture16151602


Agriculture 2026, 16, 1602 14 of 25

 

 

Figure 6. Hyperparameter optimization results: (a–d) AFB1 (RFR Models 1–2; SVR Models 1–2);
(e–h) DON (RFR Models 1–2; SVR Models 1–2). The surface colors represent the corresponding RMSE
values, as indicated by the color bars.
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Figure 7. Regression plots of predicted vs. actual AFB1 values: (a,b) RFR; (c,d) SVR; (e,f) XGBoost
(Models 1–2).

The prediction results for DON are summarized in Table 5, and the regression rela-
tionships between predicted and actual values for each model are illustrated in Figure 8,
providing a visual assessment of modeling accuracy and fitting performance. In the
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modeling scenario using all features (Model 1), the XGBoost Model 1 exhibited the best
performance (R2 = 0.9163, RMSE = 60.6055 µg· kg−1, RPD = 3.4987), followed by RFR Model
1 (R2 = 0.8405, RMSE = 86.3705 µg· kg−1, RPD = 2.5339) and SVR Model 1 (R2 = 0.8820,
RMSE = 68.0665 µg· kg−1, RPD = 2.9465). As shown in Table 4, feature selection based on im-
portance ranking significantly improved model performance. Among them, the SVR Model
2 exhibited the most prominent improvement (R2 = 0.9708, RMSE = 46.6408 µg· kg−1,
RPD = 4.6567), followed by XGBoost Model 2 (R2 = 0.9816, RMSE = 45.5023 µg· kg−1,
RPD = 5.1663), while RFR Model 2 also showed a notable enhancement (R2 = 0.8849,
RMSE = 75.0753 µg· kg−1, RPD = 2.9828).

Figure 8. Regression plots for DON concentration: (a,b) RFR; (c,d) SVR; (e,f) XGBoost (Models 1–2).
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3.3. Classification Models

To address this challenge, regulatory authorities worldwide have established strict
thresholds for AFB1 and DON in animal feed. Maximum allowable concentrations typ-
ically range from 20 µg· kg−1 (AFB1) and 1000–5000 µg· kg−1 (DON) across major mar-
kets including China, the European Union, and the United States [39]. These thresh-
olds underscore the necessity of accurate and rapid quantification of AFB1 and DON in
maize. To enable early warning, this study followed the statutory limits specified in GB
13078-2017 for AFB1 (20 µg· kg−1) and DON (1000 µg· kg−1), and set one-quarter of each
limit—AFB1 > 5 µg· kg−1 and DON > 250 µg· kg−1—as the alert threshold for identifying
potential contamination [40].

To enable rapid identification and automated classification of mycotoxin contamina-
tion levels in maize silage, this study constructed three classification models—RF, SVM, and
XGBoost. The models were built using key image features selected during the quantitative
prediction phase. Their classification performance for AFB1 and DON contamination levels
was systematically evaluated and compared.

For AFB1 contamination classification, RF and XGBoost models demonstrated superior
performance, both achieving test Accuracy of 90.48%, Precision of 92.31%, Se of 92.31%,
and Sp of 87.50% (Table 6, Figure 9a–c). The F1-scores of 92.31% for both models indicate
excellent balance between precision and recall. In comparison, SVM achieved slightly lower
performance with Accuracy of 88.10%, Precision of 92.00%, Se of 88.46%, and F1-score
of 90.20%, while maintaining the same Sp of 87.50%. Both RF and XGBoost exhibited
consistent performance across all evaluation metrics.

Table 6. Performance of classification models.

Mycotoxin Models Accuracy (%) Precision (%) Se (%) Sp (%) F1

AFB1

RF Model 90.48 92.31 92.31 87.50 92.31
SVM Model 88.10 92.00 88.46 87.50 90.20

XGBoost Model 90.48 92.31 92.31 87.50 92.31

DON
RF Model 95.24 93.75 93.75 96.15 93.75

SVM Model 97.62 94.12 100 96.15 96.97
XGBoost Model 95.24 93.75 93.75 96.15 93.75

Note: Bold values indicate the best classification performance for each metric within each mycotoxin.

For DON contamination classification, SVM model achieved the highest Accuracy of
97.62%, with perfect Se of 100%, indicating no missed detections (Table 6, Figure 9d–f). SVM
exhibited Precision of 94.12%, Sp of 96.15%, and F1-score of 96.97%, XGBoost demonstrated
competitive performance with Accuracy of 95.24%, Precision of 93.75%, Se of 93.75%, Sp
of 96.15%, and F1-score of 93.75%. Similarly, RF model achieved Accuracy of 95.24% with
Precision of 93.75%, Se of 93.75%, and Sp of 96.15%. The 100% Se achieved by SVM indicates
complete detection of all contaminated samples in the test set.

These results demonstrate that the proposed machine vision-based classification ap-
proach achieves high accuracy for mycotoxin detection in maize silage. Model selection
should consider the specific application requirements: RF and XGBoost offer balanced
performance for AFB1, while SVM provides perfect sensitivity for DON, making it suitable
for critical safety monitoring systems.
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Figure 9. Confusion matrices: (a) RF Model for AFB1; (b) SVM Model for AFB1; (c) XGBoost Model
for AFB1; (d) RF Model for DON; (e) SVM Model for DON; (f) XGBoost Model for DON. Darker blue
indicates a larger number and proportion of samples in the corresponding cell.

4. Discussion
Comparing the Pearson correlation analysis (Figure 3) with the model-selected features

(Table 4) reveals both convergent and divergent patterns between univariate statistical sig-
nificance and multivariate predictive importance. For AFB1, several features exhibited high
rankings in both analyses: LBP-Kur, a*_std, GB, and EXG showed strong Pearson correla-
tions with toxin concentration and were consistently selected among the top 10 predictors
across all three regression models (RFR, SVR, and XGBoost). This convergence supports
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the statistical and predictive relevance of these features for visual variation associated with
AFB1 contamination. Based on previous reports, such variation may be partly related to
pigmentation and surface changes accompanying colonization by toxigenic Aspergillus
species. Similarly, for DON, H_std, S_skew, DWT-B4-cV, and DWT-R4-cD demonstrated
high Pearson correlations and appeared consistently in the model-selected feature sets,
supporting their dual roles as statistically significant indicators and effective predictors of
DON-associated visual variation. These patterns may be biologically related to deteriora-
tion processes associated with toxigenic Fusarium species, although the fungal taxa present
in the samples were not determined.

However, notable divergences emerged between the two analytical approaches. Cer-
tain features with moderate Pearson correlations were elevated to top predictors by the
machine learning models, likely due to their complementary information content and
nonlinear interaction effects. For instance, b*_std and EBI ranked among the top 10 model-
selected features for AFB1 despite not being among the highest Pearson-correlated features.
This suggests that these features, while exhibiting weaker linear associations individually,
provide unique discriminative information when combined with other predictors in en-
semble or kernel-based models. Conversely, some features with high Pearson correlations
(e.g., Con_0, Con_45 for AFB1; Cor_0, Cor_180 for DON) were not consistently selected by
all models. This may indicate redundancy with other selected features or limited additive
predictive value within the multivariate context. The divergence underscores that Pearson
correlation captures only linear, pairwise relationships, whereas the model-based feature
selection accounts for feature interactions, redundancy, and nonlinear contributions to
prediction accuracy.

Importantly, the model-selected feature combinations integrated both color and texture
descriptors for both mycotoxins, confirming the complementary nature of these feature
categories. For AFB1, the optimal feature sets combined LBP-based texture descriptors
(LBP-Kur, LBP-Skew) with chromatic indices (GB, EXG) and CIE Lab color features (a*_std,
b*_std). For DON, wavelet-derived texture features (DWT-B4-cV, DWT-R4-cD) were paired
with HSI color space features (H_std, S_skew). This multi-feature fusion strategy, whereby
statistically significant individual features are combined into synergistic feature sets, helps
explain the substantial improvement in model performance (Model 2 vs. Model 1 in Table 5)
and supports a biologically informed interpretation in which effective prediction benefits
from jointly characterizing pigmentation-related and surface-structure variations associated
with fungal deterioration.

The temporal patterns of the selected image features provide a biologically informed
interpretation of the visual information used by the models. Selected texture descriptors
changed earlier than color descriptors during aerobic exposure. This sequence may be
related to early alterations in surface organization followed by more pronounced pigmenta-
tion and browning, as reported during fungal deterioration [41,42]. Because hyphal devel-
opment, sporulation, and substrate structure were not directly measured, these processes
are considered biologically plausible explanations rather than experimentally confirmed
developmental stages.

The literature-reported differences among toxigenic fungi also provide biological
context for the toxin-specific feature responses. AFB1 is commonly associated with tox-
igenic Aspergillus species, including A. flavus, whose pigmented conidia can contribute
yellow–green coloration, whereas DON is commonly associated with toxigenic Fusarium
species that may produce white-to-pink mycelia and yellow-to-red pigments [43,44]. These
differences in pigmentation and colonization patterns may help explain why texture de-
scriptors showed stronger associations with AFB1, whereas color descriptors were slightly
more sensitive to DON. However, because fungal isolation and identification were not
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performed, the responses observed in the present samples cannot be assigned to specific
fungal species.

At the feature level, decreases in H_mean and GB may be associated with pigment
changes, chlorophyll degradation, and browning reactions, whereas variations in GLCM,
LBP, and DWT descriptors may reflect changes in surface heterogeneity and multiscale
spatial organization [45–48]. The correlation and feature-selection results support the
relevance of this biological interpretation framework, but they do not directly demonstrate
pigment synthesis, hyphal penetration, tissue degradation, or cellular collapse.

Importantly, the observed associations should not be interpreted as evidence that
AFB1 or DON molecules directly caused the image-feature changes. A more plausible
causal framework is that fungal colonization and aerobic deterioration may simultane-
ously contribute to visible phenotypic changes and mycotoxin accumulation. Accordingly,
the RGB imaging system detects visual phenotypes statistically associated with ELISA-
measured toxin concentrations rather than the toxin molecules themselves [49,50]. Within
this framework, the combined use of color and texture descriptors provides complementary
information for mycotoxin prediction, with selected texture features showing potential as
earlier indicators of visible deterioration and color features providing stronger signals later
during aerobic exposure.

From a practical and methodological perspective, the performance of the proposed
RGB imaging approach was further compared with that of previously reported spectro-
scopic methods. This study systematically expands the scope of image-feature extraction
and analysis for mycotoxin detection by introducing a comprehensive set of 111 color
and texture descriptors. To validate the effectiveness of the proposed method, its quan-
titative prediction performance was compared with that of previous studies employing
spectroscopic techniques. Liu et al. employed Fourier transform near-infrared spectroscopy
to detect AFB1 in maize, achieving R2 = 0.995 and RMSEP = 1.56 µg· kg−1 [51]. Teixido
et al. applied NIR-HSI to predict DON levels in oat kernels, obtaining R2 = 0.75 and
RMSEP = 403.18 µg· kg−1 [52]. The optimized models in this study demonstrated sat-
isfactory prediction accuracy within the tested concentration ranges: R2 = 0.9945 and
RMSE = 3.18 µg· kg−1 for AFB1 (SVR Model 2), and R2 = 0.9816 and RMSE = 45.50 µg· kg−1

for DON (XGBoost Model 2). Despite relying solely on visible-light image features—which
are more cost-effective and require simpler hardware configurations—these results suggest
that the proposed approach offers promising predictive capability for practical mycotoxin
screening. The strong quantitative performance can be attributed to two factors: (1) the
comprehensive feature extraction strategy, which captures both color changes associated
with fungal pigmentation and texture variations reflecting structural degradation, as dis-
cussed above; and (2) the feature selection process, which identified the most informative
predictors while reducing noise from redundant variables (Table 4).

For classification tasks, the proposed models also demonstrated competitive perfor-
mance. Zhang et al. reported classification Accuracy of 78–87% for maize toxins using
hyperspectral imaging, whereas Kim et al. combined short-wave infrared hyperspectral
imaging with SVM to identify multiple toxins in cornmeal, achieving validation Accuracy
of 72–96% [48,53]. In comparison, the RF and XGBoost classifiers developed in this study
achieved Accuracy of 90.48% for AFB1 and 95.24% for DON using only visible-light image
features. This improvement can be attributed to the carefully optimized combination
of color and texture features and the strong nonlinear modeling capability of ensemble
algorithms such as RF and XGBoost. These results demonstrate that high-precision auto-
matic classification can be achieved without costly spectroscopic instrumentation, thereby
providing a practical pathway for rapid on-site screening of mycotoxin contamination.
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The differential performance of models for AFB1 and DON detection reveals impor-
tant insights into model-data relationships. For quantitative prediction, SVR achieved
optimal performance for AFB1 (R2 = 0.9945), while XGBoost performed best for DON
(R2 = 0.9816). This divergence reflects the distinct contamination characteristics of each
toxin: The different optimal algorithms may reflect differences in the concentration scale,
distributional characteristics, and nonlinear feature–response relationships of AFB1 and
DON. However, further validation is required to determine the specific factors responsible
for these model-performance differences.

For classification tasks, RF and XGBoost achieved comparable Accuracy for AFB1

(90.48%), while SVM demonstrated superior performance for DON (97.62% Accuracy,
100% Se). SVM’s maximum-margin principle effectively exploits the well-defined deci-
sion boundaries created by Fusarium contamination’s distinct visual characteristics. The
perfect sensitivity achieved by SVM is particularly valuable for feed safety screening, as
it eliminates false negatives. These findings indicate that model selection should con-
sider toxin-specific characteristics: SVR for low-variability quantification, XGBoost for
heterogeneous distributions, and SVM when maximizing sensitivity is critical.

Compared with conventional chemical methods, the proposed image-based approach
has potential advantages in processing speed, equipment cost, and operational simplicity.
However, its suitability for high-throughput on-site screening and early warning requires
further validation under field conditions and against chromatographically confirmed
reference measurements. The quantitative image features exhibit high controllability as
model inputs, supporting the development of interpretable machine learning models
for both contamination level classification and concentration prediction. While further
validation across diverse sample batches and environmental conditions would strengthen
confidence in model generalizability, the current findings provide theoretical and technical
support for intelligent and automated monitoring of feed quality.

Although the proposed method demonstrated strong predictive and classification
performance, several limitations should be acknowledged. First, the samples were collected
from dairy farming regions in northern China during a single season, which may limit
model generalizability across geographical regions and seasonal conditions. Second, the
field-collected silage batches differed in fermentation duration from 3 to 6 months, which
may have contributed to between-batch variation in mycotoxin concentrations. Future
studies should standardize the fermentation period or include it as an explicit covariate.
Third, Pearson correlation analysis captures only linear feature–toxin associations and may
not fully reflect nonlinear relationships or interaction effects. Fourth, dataset partitioning
was performed at the individual-sample level without grouping the three subsamples
collected from the same batch and aerobic-exposure day. Although these subsamples were
collected, imaged, and analyzed independently, some within-group similarity cannot be
excluded. Therefore, the present evaluation primarily reflects generalization to held-out
subsamples under the studied batch conditions, whereas validation using completely
independent batches remains necessary.

Fifth, fungal identity, biomass, sporulation, pigmentation, oxidative browning, and
tissue structure were not directly assessed. Therefore, the proposed biological interpreta-
tions require further microbiological, microscopic, and chemical validation. Sixth, aerobic
exposure and image acquisition were conducted under controlled laboratory conditions at
18–22 ◦C with standardized illumination. Model performance under other temperatures
and variable field illumination remains to be evaluated. Seventh, although the initial pool
of 111 image descriptors was reduced to 10 features through training-set cross-validation,
the total sample size remained relatively modest (n = 210). The reported results should
therefore be regarded as preliminary and validated using larger and more diverse datasets.
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Eighth, AFB1 and DON concentrations were quantified by ELISA rather than chromato-
graphic methods. Concentrations below the LOD were replaced with one-half of the
corresponding LOD, whereas measurements between the LOD and LOQ were retained as
reported by the assay. Because substituted values and measurements below the LOQ in-
volve greater analytical uncertainty, their inclusion may reduce model calibration precision,
particularly at the lower end of the concentration range. This uncertainty may propagate
into model calibration and performance evaluation. Future studies should incorporate
chromatographic confirmation using HPLC or LC–MS/MS to improve the reliability of the
reference measurements.

Future research should focus on the following directions: (1) expanding the sample
collection to include diverse geographical origins, crops and hybrids, and storage condi-
tions to enhance model robustness; (2) investigating the influence of environmental factors
such as ambient lighting, temperature, and humidity on image feature stability; (3) de-
veloping portable imaging devices integrated with embedded computing platforms for
real-time, on-site detection; and (4) exploring deep learning approaches (e.g., convolutional
neural networks) that may further improve feature extraction and prediction accuracy.
Despite these limitations, the validated detection ranges (AFB1: 0.15–63.82 µg· kg−1; DON:
37.50–964.20 µg· kg−1) adequately cover the regulatory thresholds specified in GB 13078-
2017, supporting the practical applicability of this method for feed safety monitoring.

5. Conclusions
In this study, a non-destructive detection method integrating machine vision and

machine learning was developed to quantify AFB1 and DON contamination in maize silage
using visible-light images. A total of 111 color and texture features were extracted, and the
optimized models achieved high prediction accuracy (SVR: R2 = 0.9945 for AFB1; XGBoost:
R2 = 0.9816 for DON) and reliable classification performance (RF/XGBoost: 90.48% for
AFB1; SVM: 97.62% for DON), confirming the feasibility of low-cost RGB imaging for myco-
toxin screening. The main conclusions are as follows: First, visible-light image features were
strongly associated with measured AFB1 and DON concentrations and jointly characterized
chromatic, textural, and surface-quality variation during aerobic deterioration. Second,
comparison between Pearson correlation analysis and model-based feature selection re-
vealed that optimal feature subsets integrate both statistically significant indicators and
features contributing nonlinear predictive value, supporting multi-feature fusion strategies.
Third, biologically informed interpretation suggests that color descriptors may reflect fun-
gal pigmentation and browning-related changes, whereas texture descriptors may reflect
multiscale alterations in surface organization. Selected texture descriptors also changed
earlier than color descriptors during aerobic exposure. These interpretations are consistent
with established fungal-deterioration processes, but require direct biological validation.
Finally, the proposed visible-light imaging strategy, combined with biologically informed
feature interpretation, offers a promising low-cost approach for preliminary on-site myco-
toxin screening and provides a methodological reference for image-based assessment of
other fungal deterioration systems. This work therefore advances measurement science by
establishing an interpretable, machine-vision-based measurement model for mycotoxin
concentrations, bridging visual feature extraction and quantitative regulatory thresholds.
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