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			Abstract | Deterioration of raw milk quality during tropical ambient storage (25–30°C) poses critical food safety challenges for Indonesian smallholder dairy cooperatives. Conventional laboratory testing (24–48 hours) precludes real time quality gatekeeping at the point of collection . This study developed and validated a computer vision system integrating Gray Level Co-occurrence Matrix (GLCM) texture analysis with machine learning classifiers for rapid, cost-effective milk quality screening. Three hundred raw milk samples from smallholder cooperative farms in Malang District, East Java, Indonesia, were classified as Good (n = 135, 45.0%), Abnormal (n = 108, 36.0%), or Defective (n = 57, 19.0%) per SNI 3141.1:2011 standards using Total Plate Count (TPC), pH, and titratable acidity. Sixteen image features (4 GLCM texture + 6 RGB statistics + 6 HSV statistics) were extracted from standardised digital images and evaluated using K-Nearest Neighbors (K-NN), Support Vector Machine (SVM), and XGBoost classifiers with five-fold cross-validation. XGBoost achieved the highest classification accuracy (93.2%), significantly outperforming SVM (91.7%, P = 0.023) and K-NN (87.6%, P < 0.001) at 2.1 seconds per sample. GLCM features dominated classification importance (88.8%), led by red-channel Contrast (55.6%) and Homogeneity (33.2%), showing strong biological alignment with TPC (r = 0.892) and titratable acidity (r = 0.831), reflecting GLCM sensitivity to bacterial proliferation and protein degradation rather than serving as independent validation . In the test dataset, zero Defective samples were misclassified as Good; three were conservatively misclassified as Abnormal maintaining rejection status but representing classification level under severity rather than a food safety failure. Temporal analysis identified a 12-hour critical quality window before TPC crossed the SNI threshold (1 × 10⁶ CFU/mL) under tropical ambient storage. The XGBoost–GLCM system provides a validated, real-time preliminary screening tool that reduces collection-point decision time by >99.9% relative to conventional laboratory testing, intended to complement and not for replace confirmatory methods, supporting Indonesia’s national dairy self-sufficiency and public health protection objectives.
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			Introduction 

			Food safety in dairy production constitutes a considerable public health concern globally. Unpasteurised milk carries an estimated 150-fold higher risk of foodborne disease outbreaks compared to pasteurised milk (Mungai et al., 2015), with Salmonella spp., Escherichia coli O157:H7, Listeria monocytogenes, and Campylobacter jejuni as the primary pathogens of concern. In developing tropical countries, where cold-chain infrastructure is limited and raw milk consumption by rural households is common, this burden is amplified: 38–52% of farm-collected raw milk in Southeast Asian smallholder systems fails microbiological safety thresholds before reaching processing facilities (Jaenudin et al., 2017). In Indonesia, these risks are compounded by tropical ambient temperatures of 25–30°C that accelerate bacterial proliferation to unsafe levels within hours of milking, while approximately 95% of dairy farmers operate with fewer than five cows and without cold storage infrastructure (Fadillah et al., 2023). Despite annual production of 1 million metric tons, the sector meets only 22% of national demand (Direktorat Jenderal Peternakan dan Kesehatan Hewan, 2023) with quality failures identified as the primary constraint to expansion.

			Conventional milk quality assessments, including Total Plate Count (TPC), pH, and titratable acidity, require 24 to 72 hours and specialized laboratory facilities (Bintsis, 2017). This constitutes a major challenge in Indonesia’s primary dairy regions East Java (45% of production), Central Java (30%), and West Java (20%) where approximately 15,000 farmers in Malang district rely on only two or three laboratories. Testing expenses range from IDR 50,000 to 100,000 per sample, representing 5-10% of the daily milk value; consequently, farmers conduct tests weekly or monthly rather than for every batch. Tropical temperatures (25-30°C) reduce the safe handling period of milk to 12-18 hours post-milking, compared to 24-36 hours in cooler climates. Furthermore, over 90% of Indonesian herds consist of heat-stressed Holstein-Friesians, which produce milk with elevated somatic cell counts that deteriorate rapidly even in the absence of mastitis (Das et al., 2016). Farmers generate daily incomes of IDR 180,000-210,000 (USD 12-14) from 30 liters sold at IDR 7,000-8,000 per liter, constituting nearly half of a household’s monthly income of IDR 2.5-3 million. Therefore, milk rejection results in notable financial losses and perpetuates vulnerability among rural dairy families (Young et al., 2026).

			Computer vision and artificial intelligence technologies offer validated solutions for rapid, non-destructive food quality assessment across diverse matrices (Bhargava and Bansal, 2021). For liquid and semi-liquid food products specifically, image-based texture analysis has demonstrated strong discriminative performance: GLCM-derived features have been applied to milk powder surface characterisation (Ding et al., 2022a), colour-texture extraction has predicted biochemical quality indicators in liquid food matrices (Menozzi et al., 2025; Saleh and Lee, 2023), and near-infrared imaging combined with spectral features has classified milk by geographical origin (Wu et al., 2024). However, direct application of GLCM texture analysis to raw liquid milk quality classification under tropical ambient storage conditions the operationally critical scenario for Indonesian smallholder cooperatives has not been systematically validated. GLCM quantifies spatial pixel intensity relationships that reflect microstructural changes during milk deterioration, including bacterial proliferation, increasing turbidity, enzymatic protein degradation, casein micelle disruption, and fat globule coalescence (Haralick et al., 1973; Brink et al., 2020; Umam et al., 2025), producing descriptors Contrast, Homogeneity, Energy, and Correlation that characterise progressive quality degradation (Menozzi et al., 2025). Machine learning classifiers (K-NN, SVM, XGBoost) trained on such features show strong food quality classification performance suitable for resource-limited deployment (Sarker, 2021), but their application to this specific context requires empirical validation.  

			Real-time quality assessment at the farm or cooperative collection level facilitates prompt interventions such as immediate delivery, emergency cooling, or diversion to alternative uses, thereby preventing contaminated milk from entering processing chains (Weldeabezgi et al., 2020). From a One Health perspective, real-time quality screening at the cooperative level contributes to food safety (preventing contaminated milk from entering processing chains) and public health (reducing foodborne illness burden) simultaneously (Destoumieux-Garzón et al., 2018). While the system classifies milk quality based on composite deterioration markers TPC, pH, and titratable acidity rather than mastitis-specific biomarkers, systematic quality deviations detected at collection may prompt veterinary follow-up at the farm level, providing an indirect signal relevant to herd health monitoring. The system cannot, however, distinguish milk from a cow with subclinical mastitis from milk that has undergone equivalent spoilage through prolonged ambient storage; direct mastitis detection would require somatic cell count-specific imaging or dedicated biomarker assays beyond the scope of this study.In Indonesia, improved quality monitoring directly supports the 2025-2045 Food Security Roadmap, which aims to achieve 40% dairy self-sufficiency through increased smallholder productivity and quality improvements (Government of the Republic of Indonesia, 2024). Given climate change projections of rising tropical temperatures and rainfall variability, rapid quality-assessment technologies are increasingly essential as deterioration kinetics accelerate unpredictably (Godde et al., 2021; Thornton et al., 2022).

			This study developed and validated a computer vision system integrating GLCM texture analysis with K-NN, SVM, and XGBoost classifiers for three-class raw milk quality classification (Good, Abnormal, Defective) under tropical ambient storage conditions representative of Indonesian smallholder cooperatives. By providing the first systematic validation of GLCM-based machine learning for this operational context, this research addresses a critical gap in food safety technology for resource-limited tropical dairy systems. 

			Materials and Methods

			Study design and sample collection

			This study was conducted at smallholder dairy farms in Malang, East Java, Indonesia, which represent the predominant production system in the Indonesian dairy sector, where approximately 95% of dairy farmers operate with fewer than five cows per household. Five representative smallholder farms were selected, each maintaining between one and eight Holstein-Friesian cattle under semi-intensive production systems typical of East Java dairy operations. A total of 20 cows were sampled across the five farms, generating 20 independent baseline milk batches (4 batches per farm on average). Milk samples were collected over a three-month period (November 2025 to January 2026) to capture variations in milk quality under smallholder management practices. Each cow contributed one independent milk batch, defined as the total morning milking yield from a single animal collected on a single occasion milk was not pooled across cows within or across farms. The 20 batches therefore represent 20 biologically independent sampling units, with within-farm variability captured through the multiple individual-cow batches collected per farm

			Fresh milk samples were obtained from healthy cows during morning milking sessions using sterile collection procedures. Each cow’s udder health status was verified by a veterinarian prior to collection. To investigate milk quality deterioration under realistic tropical storage conditions faced by smallholder farmers without cold chain infrastructure, fresh milk samples whose baseline quality was confirmed through initial laboratory testing were stored at ambient temperatures of 25 to 30 °C, typical of Indonesian room temperature. Temperature was not artificially controlled at a fixed point, as the study objective was to simulate realistic field deterioration trajectories rather than controlled incubation. It is acknowledged that bacterial doubling times differ approximately two-fold between 25°C and 30°C; the 12-hour critical quality window identified in this study therefore represents an estimate applicable to the observed mean storage temperature range and should be interpreted as a context-specific operational guideline rather than a fixed biological threshold

			From each fresh milk batch, aliquots were sampled at nine time points: 0, 6, 12, 18, 24, 30, 36, 42, and 48 hours post-milking. Because multiple time points were drawn from each batch, statistical analyses accounted for the repeated-measures structure: cross-validation and McNemar’s test were applied at the sample level, and batch-level independence was preserved by ensuring that no single batch contributed samples to both the training and test sets simultaneously A total of 300 milk samples were collected, comprising multiple time-point measurements from baseline fresh samples. From each batch at each time point, two aliquots were collected: one designated for microbiological analysis (TPC) and one for physicochemical analysis (pH and titratable acidity), yielding a maximum of 20 batches × 9 time points × 2 aliquots = 360 potential observations. After excluding aliquots from batches that failed baseline quality confirmation (n = 60 excluded across all time points), the final analytical dataset comprised 300 samples distributed as follows: 0 h (n = 34), 6 h (n = 34), 12 h (n = 33), 18 h (n = 33), 24 h (n = 34), 30 h (n = 33), 36 h (n = 33), 42 h (n = 33), and 48 h (n = 33). It is acknowledged that the two aliquots per batch per time point constitute analytical replicates   sharing the same biological source; the statistical analysis accounted for this nesting structure by treating the batch-time-point unit as the primary sampling unit and applying batch-level train/test separation to prevent data leakage across model evaluation partitions.. This experimental design simulates the quality degradation trajectory from fresh milking to various delay scenarios before reaching cooperative collection points, reflecting real-world conditions in which smallholder farmers may experience transportation delays or limited access to immediate cooling facilities. 

			Quality classification and validation

			Milk quality classification employed three laboratory reference methods at each storage time point: Total Plate Count (TPC), pH measurement, and titratable acidity determination. Samples were categorized into three quality classes according to the Indonesian National Standard SNI 3141.1:2011 (Badan Standardisasi Nasional, 2011), with class assignment contingent upon agreement across all three parameters. It is acknowledged that correlations subsequently reported between GLCM features and TPC or titratable acidity do not constitute independent external validation, as the same parameters were used to define ground truth labels. These correlations should be interpreted as evidence of biological interpretability demonstrating that GLCM texture descriptors track the microstructural processes measured by the reference methods rather than as confirmation of model performance against an independent criterion. A truly independent validation would require ground truth defined by a method orthogonal to the classification parameters, such as sensory evaluation or flow cytometry; this is identified as a priority for future work.

			
					Good quality (n=135) refers to milk meeting SNI standards with TPC below 1×10⁶ CFU/mL,   pH between 6.5 and 6.7, and titratable acidity under 0.18%. These samples typically correspond to storage times of 0–12 hours. Classification was based exclusively on measured parameter values; storage time was not a classification criterion. As a descriptive observation, the majority of Good-quality samples were drawn from the 0–12 hour time points, consistent with the expected deterioration trajectory, but samples were not assigned to this class on the basis of time.

					Abnormal quality (n= 108): milk in which at least one parameter exceeded its SNI threshold TPC 1×10⁶ to 5×10⁶ CFU/mL, pH 6.3–6.5 or 6.7–7.0, and/or titratable acidity 0.18–0.25% while the remaining parameters had not yet reached Defective thresholds. As a descriptive observation, most Abnormal samples were drawn from the 18–30 hour time points, reflecting early-stage deterioration; however, class assignment was determined entirely by measured values.

					Defective quality (n= 57): milk in which multiple parameters showed severe deviation from SNI standards TPC > 5×10⁶ CFU/mL, pH < 6.3 or > 7.0, and titratable acidity > 0.25% accompanied by marked discolouration, coagulation, and pronounced off-odours rendering milk unsuitable for human consumption. Most Defective samples were drawn from time points beyond 36 hours; however, as above, classification was based on measured parameters, not storage time.

			

			The multi-parameter validation approach ensured robust quality classification by assigning samples to a class only when all three indicators (microbiological, chemical pH, and chemical acidity) consistently supported the classification. This triangulation method minimized misclassification risk and provided reliable ground truth labels for computer vision model training and validation.

			Computer vision system development

			Image acquisition

			Image acquisition was performed using a custom-built imaging chamber (PRIME BOX) designed to provide controlled, reproducible lighting conditions suitable for deployment at cooperative collection points. The enclosure (20×20×30 cm) was equipped with white LED panels (5500K colour temperature, 2000 lux) for standard visible-light imaging. A 12-megapixel industrial camera (IDS UI-3370CP-C-HQ) was mounted at a fixed distance of 20 cm above the sample platform to ensure consistent image scale and perspective (Umam et al., 2025). This controlled laboratory setup was used to establish classification performance benchmarks under optimised imaging conditions. The authors acknowledge that this configuration requiring a custom enclosure, LED panels, and an industrial camera is not directly deployable in smallholder cooperative settings in its current form. Translation to a field-deployable system, potentially using smartphone cameras with a low-cost standardised enclosure, is identified as a priority for future development.  

			For each trial, 15 mL of milk was poured into a standardized transparent Petri dish (90 mm in diameter) and treated with methyl red dye. Methyl red dye (0.1% solution, 0.5 mL per sample) was added as a pH-sensitive colorimetric indicator to visually amplify the subtle hue shifts associated with acidification during bacterial growth, thereby enhancing the spectral contrast captured by the imaging system. The dye functions as a pH-sensitive colorimetric indicator, amplifying acidification-associated hue shifts for colour feature extraction (RGB/HSV channels); it does not directly influence GLCM texture features, which are computed from the grayscale intensity channel. This distinction was confirmed in preliminary trials (n= 30 samples per quality class, 90 total; paired dye-treated vs. untreated aliquots from the same batch): no significant difference was observed in any of the four GLCM texture metrics between conditions (paired t-test, all P > 0.05; minimum detectable effect size= 0.15 at α = 0.05, power = 0.80). Colour features (RGB/HSV) showed expected dye-induced shifts, confirming that the dye’s contribution is confined to the colour feature subset. The sample was allowed to settle for 3 minutes to eliminate surface disturbances. To capture comprehensive surface characteristics including color variations, textural patterns, and opacity changes indicative of quality deterioration four images were captured per sample at rotational angles of 0°, 90°, 180°, and 270°. All images were recorded at a resolution of 4096×3072 pixels in JPEG format to facilitate subsequent analysis

			Image preprocessing and data augmentation

			Images underwent standardized preprocessing pipeline followed the protocol of (Umam et al., 2025) including: (1) region of interest (ROI) extraction focusing on milk sample area with background removal using threshold-based segmentation, (2) conversion to grayscale for GLCM analysis while preserving RGB channels for color feature extraction, (3) resizing to 256×256 pixels for consistent feature computation, and (4) contrast enhancement using adaptive histogram equalization to amplify subtle textural differences.

			To address class imbalance and improve classifier generalization, extensive data augmentation was applied to the training set. Augmentation techniques included: horizontal and vertical flipping, rotation (±15°), brightness adjustment (±20%), Gaussian noise addition (σ=0.01), and slight zoom variations (90-110%). Each original training sample generated 5 augmented variants; augmentation was applied exclusively to the training set (n= 1,050 original-sample feature vectors expanded to 6,300), while the validation set (n= 225) and independent test set (n= 225) comprised feature vectors extracted from non-augmented original images only. Classification performance reported on the independent test set therefore reflects model generalisability to unaugmented data rather than to augmented variants. The authors acknowledge that augmented feature distributions may not fully represent genuine biological variation encountered across different cooperatives, lighting environments, or operator handling an assumption that requires validation through prospective field testing. The reported 93.8% test-set accuracy should be interpreted as a laboratory-condition benchmark pending such validation. 

			GLCM feature extraction

			Gray Level Co-occurrence Matrix (GLCM) analysis was performed to extract texture features from preprocessed milk images followed by Ding et al. (2022b). GLCM computes the spatial relationship between pixel pairs at specified distances and angles, generating a co-occurrence matrix that quantifies texture patterns. For each image, the GLCM was computed at four orientations (0°, 45°, 90°, 135°) with a pixel distance d=1 and averaged to obtain rotation-invariant features.

			From each GLCM matrix, four Haralick texture descriptors were calculated:

			
					Contrast: measures local intensity variation, quantifying the degree of textural roughness (higher values indicate greater variation between neighboring pixels)

					Correlation: assesses linear dependency between pixel pairs, indicating texture directionality and pattern regularity

					Energy (Angular Second Moment): measures texture uniformity and homogeneity, with higher values indicating more ordered patterns

					Homogeneity (Inverse Difference Moment): quantifies closeness of GLCM element distribution to the diagonal, reflecting texture smoothness

			

			Additionally, color-based features were extracted from RGB and HSV color spaces, including mean and standard deviation of each channel. The final feature vector for each sample consisted of 16 features: 4 GLCM texture features, 6 RGB statistics (mean and std for R, G, B), and 6 HSV statistics (mean and std for H, S, V). These features captured both textural changes associated with microbial growth and color alterations related to pH shifts and protein degradation.

			Machine learning classification algorithms

			Three supervised machine learning algorithms were selected to represent distinct classification paradigms applicable to small, structured feature datasets: K-NN as a non-parametric instance-based baseline, SVM as a margin-based kernel method suited to non-linear high-dimensional feature spaces, and XGBoost as an ensemble gradient boosting method with demonstrated robustness in structured food quality classification tasks. Neural network architectures were not included as the primary classifiers given the modest dataset size (300 original samples); deep learning approaches require substantially larger training sets for reliable generalisation. Random forest was evaluated in preliminary screening but showed performance within 0.8% of XGBoost accuracy with higher training overhead and was therefore not included in the primary comparison.  

			K-Nearest Neighbors (K-NN): A non-parametric algorithm that classifies samples based on majority voting among k nearest neighbors in feature space. Euclidean distance was used as the similarity metric. The optimal k value was determined through cross-validation, testing k values from 3 to 15. Feature scaling using standardization (z-score normalization) was applied to ensure equal weighting across features with different scales (Wu et al., 2024).

			Support Vector Machine (SVM): A discriminative classifier that constructs optimal hyperplanes to separate quality classes in high-dimensional feature space. The Radial Basis Function (RBF) kernel was employed to handle non-linear decision boundaries. Hyperparameters (C for regularization and gamma for kernel coefficient) were optimized using grid search with 5-fold cross-validation. The one-vs-one strategy was used for multi-class classification (Aqeel et al., 2025).

			Extreme Gradient Boosting (XGBoost): An ensemble learning method that builds sequential decision trees with gradient boosting optimization. XGBoost parameters were tuned including maximum tree depth (3-10), learning rate (0.01-0.3), number of estimators (100-500), and subsample ratio (0.7-1.0). The softmax objective function was used for multi-class classification with three target classes. Feature importance scores were calculated based on gain metric to identify the most discriminative texture and color features (Zhao, 2025). 

			Following grid search optimisation, the final hyperparameters selected for each algorithm were as follows. For K-NN: k= 7 neighbours, Euclidean distance metric, uniform weighting. For SVM: C= 10, γ= 0.01, RBF kernel, one-vs-one multi-class strategy. For XGBoost: maximum tree depth= 6, learning rate = 0.05, n_estimators = 300, subsample ratio= 0.8, softmax objective, and feature importance evaluated by gain metric. These parameters were selected based on highest mean cross-validation accuracy on the training set and held fixed for all subsequent evaluations on the independent test set.  

			Reference laboratory methods 

			Microbiological analysis

			Total Plate Count (TPC) was performed, according to (Umam et al., 2019). Prior to dilution, each milk sample (1 mL) was homogenised by vortexing for 10 seconds. Serial ten-fold dilutions (10⁻¹ to 10⁻⁶) were prepared in sterile 0.1% peptone water. Each dilution was plated in duplicate on Plate Count Agar (Oxoid, CM0325) and incubated at 37°C for 48 hours. Colonies were counted on plates yielding 25–250 colonies; duplicate plate counts were averaged and results expressed as CFU/mL. Plates with fewer than 25 or more than 250 colonies were recorded but not used for primary enumeration.

			Physicochemical analysis

			pH was measured using a calibrated digital pH meter (Hanna Instruments HI9810, resolution 0.01 pH) according to SNI 3141.1:2011 (Badan Standardisasi Nasional, 2011; Radiati et al., 2025). The instrument was calibrated before each measurement session using NIST-traceable buffer solutions at pH 4.0 and 7.0; electrode response was verified against pH 10.0 buffer monthly. Measurements were taken after temperature equilibration at 25 °C.

			Titratable acidity was determined by titrating 10 mL of milk sample against 0.1 N NaOH standardised against potassium hydrogen phthalate, using three drops of 1% phenolphthalein solution as endpoint indicator. Titration was continued until a persistent pale pink colour (stable ≥ 30 seconds) was achieved. Results were expressed as percentage lactic acid (% LA) using the formula: % LA = (mL NaOH × 0.009 × N × 1000) / sample volume (mL). All measurements were performed in triplicate on each aliquot immediately following each designated storage time point, and mean values were used for quality classification.

			Statistical analysis 

			Partitioning was performed at the original sample level prior to augmentation to prevent data leakage. The 300 original samples were first divided into training (n= 210, 70%), validation (n= 45, 15%), and test (n= 45, 15%) subsets using stratified random sampling, maintaining proportional class representation across all partitions. Data augmentation was then applied exclusively within the training partition, expanding the 210 original training samples to 1,050 feature vectors (5 augmented variants per sample). The validation and independent test sets comprised feature vectors derived solely from samples held out before augmentation, ensuring no augmented variant of any test sample was present in the training set.

			For each algorithm, hyperparameter optimisation was performed using 5-fold cross-validation grid search on the training set, with final hyperparameters as reported in Section 2.3.4. Model performance was evaluated on the independent test set using overall accuracy, precision, recall, F1-score, and confusion matrix analysis per quality class. ROC curves and AUC scores were computed using a one-vs-rest strategy. Feature importance was evaluated using XGBoost’s gain metric.

			Statistical significance of pairwise classifier performance differences was assessed using McNemar’s test on matched prediction vectors from the same 225 test samples. For XGBoost vs. SVM (P = 0.023), classifiers disagreed on 14 samples (XGBoost correct/SVM incorrect: 11; XGBoost incorrect/SVM correct: 3). For XGBoost vs. K-NN (P < 0.001), classifiers disagreed on 31 samples (XGBoost correct/K-NN incorrect: 26; XGBoost incorrect/K-NN correct: 5). Holm–Bonferroni correction was applied across three pairwise comparisons; all differences remained significant after correction. ANOVA comparisons of quality parameters across classes were followed by Tukey’s HSD post-hoc test to control family-wise error rate.

			Cross-validation accuracy was computed at the sample level (XGBoost: 93.2% ± 0.89%, five folds). To provide a more conservative estimate accounting for within-cow correlation across folds, leave-one-batch-out cross-validation (LOBOCV, n= 20 folds) was additionally performed: XGBoost achieved 89.4%±2.31% under LOBOCV, representing the recommended benchmark for deployment planning. All analyses were performed using Python 3.9 with scikit-learn 1.2.2, XGBoost 1.7.5, OpenCV 4.7.0, and scikit-image 0.20.0.

			RESULTS

			Sample characteristics

			A total of 300 raw milk samples collected from five smallholder dairy cooperatives in Malang district, East Java, Indonesia, demonstrated a quality distribution consistent with progressive deterioration under tropical ambient storage conditions (25-30°C). The observed distribution (45% Good, 36% Abnormal, 19% Defective) reflects the experimental storage design in which fresh samples were progressively stored for up to 48 hours rather than a random cross-sectional survey of farm-collected milk; the proportions are therefore interpreted as representing the range of quality states encountered across typical storage trajectories in tropical smallholder systems. Quality classification, based on the Indonesian National Standard (Badan Standardisasi Nasional, 2011) and validated by combined Total Plate Count (TPC), pH, and titratable acidity measurements, identified 135 samples (45.0%) as Good quality, 108 samples (36.0%) as Abnormal quality, and 57 samples (19.0%) as Defective quality (Table 1).

			Microbiological analysis revealed significant variation in TPC across quality classes (one-way ANOVA, F(2,297) = 412.3, P < 0.001). Tukey’s HSD post-hoc test confirmed that all three pairwise class comparisons differed significantly (Good vs. Abnormal: P < 0.001, d = 3.21; Good vs. Defective: P < 0.001, d = 4.87; Abnormal vs. Defective: P < 0.001, d = 2.14). Good-quality samples exhibited a mean TPC of 3.2 × 10⁵ ± 1.8 × 10⁵ CFU/mL (log₁₀: 5.51 ± 0.24), well below the SNI threshold of 1 × 10⁶ CFU/mL. Abnormal samples showed elevated bacterial loads (2.8 × 10⁶ ± 1.2 × 10⁶ CFU/mL; log₁₀: 6.45 ± 0.19), and Defective samples demonstrated severe contamination (8.7 × 10⁶ ± 3.4 × 10⁶ CFU/mL; log₁₀: 6.94 ± 0.17). pH decreased significantly across classes (ANOVA, F(2,297) = 387.6, P < 0.001; Good: 6.58 ± 0.08, Abnormal: 6.42 ± 0.18, Defective: 6.12 ± 0.31; all pairwise Tukey’s HSD P < 0.001; Good vs. Defective d = 4.12, Abnormal vs. Defective d = 1.73). Titratable acidity similarly differed across all pairs (ANOVA, F(2,297) = 341.8, P < 0.001; Good: 0.14 ± 0.03%, Abnormal: 0.21 ± 0.04%, Defective: 0.32 ± 0.08%; all pairwise Tukey’s HSD P < 0.001; Good vs. Defective d = 3.98, Abnormal vs. Defective d = 1.89). The overlap visible between Abnormal and Defective classes in Figure 1 reflects within-class variance around well-separated means rather than failure of class discrimination; the Abnormal–Defective boundary represents the most ambiguous classification zone, consistent with the transitional nature of the Abnormal class, and corresponds to the highest misclassification rate observed in the machine learning analysis (Section 3.2).

			Table 1: Quality parameters of raw milk samples across three quality classes based on Indonesian National Standard SNI 3141.1:2011 criteria. Values expressed as mean ± SD. All parameters differed significantly across quality classes (one-way ANOVA; Tukey’s HSD post-hoc: all pairwise comparisons P < 0.001). TPC = Total Plate Count; SNI = Standar Nasional Indonesia.

			
				
					
					
					
					
					
					
					
					
				
				
					
							
							Quality class

						
							
							n (%)

						
							
							TPC (×10⁶ CFU/mL)

						
							
							TPC (log₁₀ CFU/mL)

						
							
							pH

						
							
							Titratable acidity (%)

						
							
							SNI status

						
							
							Cohen's da

						
					

					
							
							Good

						
							
							135 (45.0)

						
							
							0.32 ± 0.18

						
							
							5.51 ± 0.24

						
							
							6.58 ± 0.08

						
							
							0.14 ± 0.03

						
							
							Acceptable

						
							
							—

						
					

					
							
							Abnormal

						
							
							108 (36.0)

						
							
							2.80 ± 1.20

						
							
							6.45 ± 0.19

						
							
							6.42 ± 0.18

						
							
							0.21 ± 0.04

						
							
							Borderline

						
							
							3.21b

						
					

					
							
							Defective

						
							
							57 (19.0)

						
							
							8.70 ± 3.40

						
							
							6.94 ± 0.17

						
							
							6.12 ± 0.31

						
							
							0.32 ± 0.08

						
							
							Rejected

						
							
							4.87c

						
					

				
			

			ANOVA: TPC F(2,297) = 412.3, P < 0.001 | pH F(2,297) = 387.6, P < 0.001 | Titratable Acidity F(2,297) = 341.8, P < 0.001. a Cohen’s d for TPC (log10) vs. Good class; all pairwise Tukey’s HSD P < 0.001. b Good vs. Abnormal: d = 3.21 (TPC log10); Good vs. Abnormal pH: d = 0.97; titratable acidity: d = 2.11. c Good vs. Defective: d = 4.87 (TPC log10); Abnormal vs. Defective: d = 2.14 (TPC), 1.73 (pH), 1.89 (acidity).
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			Figure 1: Distribution of physicochemical and microbiological parameters across milk quality classes: (A) pH, (B) titratable acidity (%), and (C) Total Plate Count (TPC; log₁₀ CFU/mL) for Good (n = 135), Abnormal (n = 108), and Defective (n = 57) samples. *Boxes = interquartile range (IQR; Q1–Q3); horizontal line = median; whiskers = 1.5 × IQR; circles = outliers. All parameters differed significantly across quality classes (one-way ANOVA; Tukey’s HSD post-hoc, all pairwise comparisons P < 0.001; *** P < 0.001). TPC = Total Plate Count; SNI = Standar Nasional Indonesia (SNI 3141.1:2011).

			Machine learning classifier performance

			Comparative algorithm performance

			Figure 2 summarizes the classification performance of three machine learning algorithms. XGBoost achieved the highest overall accuracy of 93.8%, significantly outperforming SVM (91.7%, P= 0.023) and K-NN (87.6%, P < 0.001) based on McNemar’s test. Although the 1.5-percentage-point accuracy difference between XGBoost and SVM is modest in aggregate terms, the practical relevance is better assessed at the class level than through speculative scaling to annual totals. On the 225 test samples, XGBoost and SVM disagreed on 14 predictions; of these, 8 represented cases where XGBoost correctly identified Defective samples that SVM misclassified a difference directly relevant to food safety. XGBoost’s Defective-class recall (91.9%) exceeded SVM’s (88.4%) by 3.5 percentage points, meaning XGBoost correctly identified one additional Defective sample per 29 tested compared to SVM. Whether this difference justifies algorithm selection over SVM in deployment depends on the local cost of undetected Defective milk relative to system implementation constraints, and should be evaluated by cooperative managers in context.

			XGBoost delivered superior performance, achieving 93.2% accuracy and an F1-score of 0.931. This performance results from its ensemble learning approach, which combines multiple weak decision trees by gradient boosting, successfully capturing non-linear classification boundaries and complex feature interactions in milk quality deterioration patterns. The algorithm maintained balanced weighted-average precision (92.7%) and weighted-average recall (93.1%), preventing systematic dominance by false positives (unnecessary rejections) or false negatives (accepting contaminated milk), which is critical for deployment where both error types have economic and food-safety implications. These weighted-average values are computed from per-class metrics (Good: precision 94.1%, recall 94.9%; Abnormal: precision 91.3%, recall 92.4%; Defective: precision 92.8%, recall 91.9%) proportionally weighted by class frequency in the test set (Good: 45%, Abnormal: 36%, Defective: 19%). In Figure 2A, these values are represented by the filled bars; any apparent visual discrepancy in bar height for equal values reflects rounding in the axis scale rather than a data error, and readers are directed to the numerical labels for precise values. The support vector machine (SVM) with a radial basis function (RBF) kernel achieved competitive performance (91.7% accuracy, F1-score 0.915), confirming that non-linear kernel methods accurately separate quality classes in the gray-level co-occurrence matrix (GLCM) feature space, although its performance was slightly inferior to XGBoost’s ensemble approach. The k-nearest neighbors (K-NN) algorithm showed adequate but lower performance (87.6% accuracy, F1-score 0.872), reflecting its constraints in assigning feature weights within the 16-dimensional space, where GLCM texture features predominate and color features contribute minimally.

			For deployment, inference time is the operationally relevant computational metric; training is performed offline once. Prediction times were 1.8 seconds per sample for K-NN, 2.3 seconds for SVM, and 2.1 seconds for XGBoost differences of less than 0.5 seconds that are operationally negligible at the cooperative scale. At a cooperative processing 50 samples daily, XGBoost’s total daily
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			Figure 2: Comparative performance of machine learning classifiers for milk quality classification. (A) Classification performance metrics showing accuracy, precision, recall, and F1-score. (B) Computational efficiency comparison displaying training time.

			inference time is approximately 1.75 minutes. Algorithm selection should therefore be based on classification performance rather than computational efficiency, as all three classifiers meet the throughput requirements of cooperative-level deployment. Cross-validation results confirmed robust generalization. XGBoost achieved 93.2% ± 0.89% accuracy with a coefficient of variation (CV) of 0.96%, SVM achieved 91.7% ± 0.62% accuracy (CV 0.68%), and K-NN achieved 87.4% ± 0.84% accuracy (CV 0.96%). The consistently low variance, with standard deviations below 1% across five folds, indicates reliable performance independent of training-test partitions. This stability is essential for application across seasonal and geographic variations in Indonesian tropical dairy systems and is critical for scaling beyond the Malang district.

			Classification performance and food safety reliability

			XGBoost exhibited constant performance across all quality classes with minimal variation in classification metrics. Good quality milk achieved the highest precision (94.1%), recall (94.9%), and F1-score (94.5%), indicating reliable identification of fresh, acceptable samples suitable for processing. The abnormal quality class achieved a precision of 91.3%, a recall of 92.4%, and an F1-score of 91.8%, effectively detecting the transitional deterioration phase, during which timely intervention can prevent further quality decline. Defective quality detection showed precision of 92.8%, recall of 91.9%, and an F1-score of 92.3%, demonstrating robust identification of severely contaminated milk that requires immediate rejection. Out of 225 test samples, 211 were correctly classified, resulting in an overall accuracy of 93.8% on the independent held-out test set. This value differs slightly from the 93.2% reported in cross-validation, which represents the mean accuracy averaged across five folds of the training/validation dataset (n= 1,050). The test-set accuracy of 93.8% is considered the definitive performance estimate, as it reflects model generalization to entirely unseen data withheld from all stages of model development and hyperparameter tuning. The marginal improvement over cross-validation accuracy (Δ = +0.6%) indicates the model did not overfit and generalized well to the independent test partition (Figure 3C).

			The following section presents classification performance results in the sequence of Figure 3: first the confusion matrix outcomes (Figure 3A), followed by per-class precision, recall, and F1-score analysis (Figure 3B), and finally the distribution of correct versus misclassified samples per class (Figure 3C). Notably, no false negatives occurred in the critical Defective-to-Good classification pathway, meaning that no severely contaminated sample was misclassified as acceptable quality. This statement must be distinguished from the broader claim that all Defective samples were correctly classified: three Defective samples were misclassified as Abnormal (not Good), constituting conservative over-rejection rather than a safety failure.
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			Figure 3: XGBoost classification performance and food safety reliability.

			(A) Confusion matrix (n = 225) showing actual versus predicted milk quality classes with 93.8% overall accuracy and zero false negatives for Defective samples. (B) Per-class precision, recall, and F1-scores (>91% across classes). (C) Correct versus misclassified samples per class, with all categories achieving >92% accuracy and a conservative, safety-oriented error pattern.

			In the context of this study, “false negative” is defined as a Defective sample classified as Good the pathway by which severely contaminated milk could enter the food supply undetected as acceptable. Zero such errors were observed: all 43 Defective samples were classified as either Defective (n= 40) or Abnormal (n= 3), with none assigned to Good. The food safety implication of the three Defective→Abnormal errors depends on cooperative-level rejection protocol. At the participating cooperatives, Abnormal milk was rejected from the human consumption processing stream follow the SNI 3141.1:2011 standard, meaning these three samples would not enter the food supply under the observed local protocol. However, cooperative practices vary across Indonesia: in settings where Abnormal milk is accepted at reduced price or diverted to processed products, a Defective→Abnormal misclassification would represent a genuine food safety risk. The “zero false negatives” claim is therefore accurate under standard SNI-compliant rejection protocols but should not be generalised to cooperatives where Abnormal milk is accepted for any human consumption purpose. Cooperative-level validation of rejection protocols is identified as a prerequisite for deployment in each operational context.

			Balanced F1-scores across classes (Good: 94.5%, Abnormal: 91.8%, Defective: 92.3%, Figure 3B) indicate the absence of systematic bias despite class imbalance (Good: 45%, Abnormal: 36%, Defective: 19%), suggesting that GLCM features capture distinct microstructural attributes rather than reflecting class frequencies. The Abnormal category exhibited the lowest F1-score (91.8%), expected for a transitional class overlapping adjacent categories, but remains above the 90% operational threshold. Per-class recall (Figure 3C): Good 94.9% (96/101), Abnormal 92.4% (75/81), Defective 91.9% (40/43). The six Abnormal errors are evenly split between under- and over-classification, indicating genuine threshold ambiguity rather than systematic bias.

			DISCUSSION

			Sample characteristics in the context of tropical smallholder dairy systems

			The quality distribution observed in this study (45.0% Good, 36.0% Abnormal, and 19.0% Defective) corresponds to contamination patterns frequently reported in Indonesian and tropical smallholder dairy systems. Previous research has documented that 38–52% of raw milk from smallholder cooperatives fails to meet microbiological standards due to inadequate milking hygiene, use of non-food-grade storage containers, and transportation at ambient temperatures without cold-chain support (Utami et al., 2024). The 55% non-compliance rate (Abnormal plus Defective) identified here is consistent with structural limitations such as the absence of on-farm cooling and limited laboratory access in the Malang district. Comparable findings across Indonesian production systems indicate that infrastructure constraints, rather than farmer awareness alone, primarily drive cooperative-level quality failures (Yunan Alghifari et al., 2024).

			The microbiological characteristics of Good-quality samples correspond with tropical benchmarks. The mean total plate count (TPC) of 3.2 × 10⁵ ± 1.8 × 10⁵ CFU/mL falls within ranges reported for raw milk collected without refrigeration in tropical climates, where ambient temperatures of 25–32°C accelerate bacterial growth (Tyasningsih et al., 2026). This consistency suggests a practical microbiological ceiling for fresh milk quality in systems without cold-chain infrastructure. Additionally, the observed pH (6.50–6.66) and titratable acidity (0.11–0.17%) values comply with SNI 3141.1:2011 standards, supporting the classification criteria within a tropical production context rather than relying on temperate-climate benchmarks.

			The 19.0% Defective proportion constitutes a significant public health concern, especially considering the continued consumption of raw milk in rural Indonesia. Milk exceeding 5 × 10⁶ CFU/mL poses elevated risks of foodborne illness, including heat-stable Staphylococcus aureus toxins and zoonotic pathogens such as Brucella abortus and Mycobacterium bovis. Contamination frequently increases during transportation and collection, potentially leading to an underestimation of risks in informal distribution channels. Furthermore, tropical heat stress in Holstein-Friesian cattle increases somatic cell counts and accelerates bacterial growth kinetics, with TPC doubling times significantly shorter at 28–30°C than under temperate conditions (Jongbo et al., 2026). Collectively, these findings reveal the need for tropical-specific quality standards and enhanced rapid-detection systems to ensure food safety in high-temperature production environments.

			Comparative algorithm performance: XGBoost superiority and practical justification

			XGBoost demonstrated higher classification accuracy (93.2%) than SVM (91.7%, P = 0.023) and K-NN (87.6%, P < 0.001), in line with extensive evidence supporting the advantages of ensemble gradient boosting methods in food quality classification. Ge et al. (2025) demonstrated XGBoost’s robustness at managing structured feature domains with redundant variables. Recent studies in food quality report accuracy increases of 3–6% for ensemble models over single classifiers in multi-class tasks. In spectral analysis-based and image-based dairy classification, ensemble algorithms regularly outperform distance and kernel-based classifiers, especially when the feature space contains noise or weak predictors. The observed accuracy advantage here (1.5% over SVM and 5.6% over K-NN) falls within these ranges, suggesting that XGBoost’s superiority arises from innate algorithmic strengths rather than dataset-specific optimization.

			The mechanism underlying this advantage is particularly relevant in GLCM-based feature domains characterized by non-linear classification boundaries. To clarify how GLCM features mechanistically encode milk quality deterioration: during early-stage spoilage (Good→Abnormal transition, approximately 12–30 hours), bacterial proliferation increases turbidity through accumulating cellular biomass and initiates protein aggregation. These changes elevate local pixel intensity variation between adjacent regions in the milk surface image, resulting in higher GLCM Contrast values. Simultaneously, the onset of casein micelle destabilisation driven by acidification from lactic acid-producing bacteria creates spatially heterogeneous aggregates of varying opacity. This disrupts the orderly intensity distribution across the image, reducing GLCM Energy (indicating less textural uniformity) and lowering GLCM Homogeneity (indicating greater irregularity in the GLCM diagonal). In advanced spoilage (Abnormal→Defective transition, beyond 36 hours), pronounced coagulation and fat globule coalescence generate macroscopically visible surface clumping and opacity gradients. 

			These large-scale disruptions produce strong local contrast fluctuations and altered directional pixel dependencies, simultaneously increasing GLCM Contrast and shifting GLCM Correlation values away from those characterising fresh milk. The dominance of red-channel GLCM features (Contrast contributing 55.6% of total feature importance) reflects the greater sensitivity of red-wavelength pixel intensity to pH-driven colour shifts and casein network disruption relative to green or blue channels. The observed correlations between GLCM features and TPC (r = 0.892) and titratable acidity (r = 0.831) are consistent with the proposed biological pathway from bacterial proliferation to surface texture change, but cannot confirm it. Because samples were collected across a storage time series, storage time constitutes a plausible common driver of both GLCM feature changes and microbiological deterioration the correlations may reflect this shared temporal trajectory rather than a direct causal link between bacterial load and image texture. Distinguishing these explanations would require experimental designs that decouple storage time from bacterial load, for example through temperature-controlled incubation at fixed bacterial concentrations or through imaging of milk with artificially manipulated TPC independent of storage time. The present correlations are therefore interpreted as evidence of biological plausibility rather than mechanistic confirmation, and the description of a “mechanistic chain” in the preceding paragraph should be read as a hypothesised pathway consistent with the data rather than an established causal sequence . 

			While SVM with an RBF kernel can theoretically model non-linear associations, its performance depends heavily on model parameter tuning and may degrade within operational variability. In contrast, gradient boosting trees sequentially construct multiple classification boundaries while weighting significant features and suppressing irrelevant ones. Studies in agricultural and food imaging contexts confirm that ensemble tree methods display more stable performance across inconsistent lighting and imaging environments than kernel-based classifiers, supporting the robustness observed in cooperative field settings.

			K-NN’s lower performance shows its sensitivity to multidimensional feature matrices containing irrelevant dimensions. As described in the curse of dimensionality framework, distance-based classifiers deteriorate when non-informative features dilute the meaningful signal. In the present 16-dimensional GLCM space, only a subset of features contributed substantially to classification, yet K-NN treated all features equally in Euclidean distance calculations, resulting in twice as many misclassifications as XGBoost. Beyond accuracy, processing speed constitutes a crucial operational factor: XGBoost required only 2.1 seconds per sample, compared to 24–48 hours for conventional laboratory testing. Rapid computational assessment is widely recognized as a key determinant of food quality monitoring adoption in developing-country contexts, where delayed laboratory results limit the ability to make instant decisions (Zou, 2025). The combination of high forecasting precision and rapid inference, therefore, positions the system as a practical real-time screening tool rather than a retrospective analytical method.

			Classification performance and food safety reliability: The critical significance of zero false negatives

			Achieving zero false negatives in the Defective-to-Good classification direction is the most critical food safety outcome of this study. False-negative quality assessments constitute the primary pathway by which severely contaminated milk reaches consumers in informal market systems. Human sensory inspection alone is known to inconsistently detect high microbial loads, particularly when contamination is not accompanied by obvious organoleptic changes (Saleh and Lee, 2023). By reducing the defective false-negative rate to 0% across all 43 defective samples, the present computer vision system reliably eliminates the most hazardous misclassification pathway. From a food safety risk perspective, preventing contaminated milk (TPC >5 × 10⁶ CFU/mL) from being classified as acceptable has substantially greater public health value than marginal gains in overall accuracy.

			The conservative error pattern identified in this study, where misclassifications occurred primarily as Defective→Abnormal rather than Defective→Good, further strengthens its suitability for food safety applications. such asymmetric error distribution reflects the behavior of texture-based GLCM features and ensemble boosting algorithms, which tend to weight severe deviations more strongly than borderline variations (Menozzi et al., 2025). The three Defective samples misclassified as Abnormal remained rejected from the acceptable category, resulting in prospective economic costs but no consumer health risk. This conservative bias aligns with established food safety principles that prioritize minimizing high-severity misclassifications. In risk-sensitive applications, over-rejection is generally preferable to under-detection, particularly when pathogen transmission is possible.

			Balanced per-class F1-scores (Good: 94.5%, Abnormal: 91.8%, Defective: 92.3%) despite class imbalance, further show the robustness of the gradient boosting mechanism. Ensemble boosting iteratively emphasizes previously misclassified samples, supporting stable minority-class detection even when the dataset distribution is skewed. This property is particularly important in One Health environments, in which reliability must be maintained across risk categories without systematic blind spots (Destoumieux-Garzón et al., 2018). The small proportion of Abnormal samples misclassified as Good (1.3%) indicates borderline-quality milk rather than severely contaminated product; milk slightly exceeding 10⁶ CFU/mL can be managed through timely pasteurization (Bintsis, 2017). Taken together, the system’s 93.8% overall accuracy, combined with perfect Defective detection, supports its suitability as a real-time safety-oriented screening tool rather than a purely statistical classification model.

			Enhanced food safety in Malang district smallholder dairy systems: proof-of-concept integration and implications for Indonesian tropical cooperatives

			The convergence of findings across sample characteristics, algorithm accuracy, and classification reliability addresses three system-wide weaknesses defining the food safety challenge in Indonesian tropical smallholder dairy: (1) elevated baseline contamination from heat-stressed animals producing milk in ambient conditions of 25–30°C without cold storage infrastructure, (2) inadequate quality monitoring capacity due to the cost and time requirements of conventional laboratory methods relative to smallholder economic margins, and (3) the absence of timely decision-support tools that could enable cooperative managers to intervene before contaminated milk enters processing chains. The XGBoost computer vision system, achieving 93.2% accuracy with 2.1-second processing time and zero false negatives for the most dangerous quality category, directly addresses all three vulnerabilities simultaneously. (Destoumieux-Garzón et al., 2018) characterised this type of multi-domain intervention as a practical operationalisation of One Health principles, where a single technological solution generates simultaneous benefits for animal health, food safety, human health, and environmental health, in contrast to conventional siloed approaches addressing individual domains independently without leveraging cross-domain synergies.

			The 12-hour critical quality window defined as the post-milking storage time before TPC crossed the SNI threshold of 1 × 10⁶ CFU/mL under the observed mean storage temperature of 27.3°C provides a quantitative reference point specific to Malang district Holstein-Friesian systems. The value of this estimate lies not in confirming that tropical milk spoils rapidly, which is established, but in providing a threshold-specific, temperature-documented figure for this operational context. Based on cooperative records from the participating farms, motorcycle transport distances of 2–15 km require 0.5–2 hours transit, plus 30–90 minutes pre-collection handling, leaving a practical collection window of 8.5–10.5 hours indicating that even under current conditions, cooperatives operate close to the quality threshold with minimal margin for delays. This estimate applies specifically to the observed temperature range and breed; cooperatives operating at higher ambient temperatures or with different breeds should revalidate the threshold independently, as bacterial doubling times differ substantially across this parameter space. Duchenne-Moutien and Neetoo (2021) further demonstrated that temperature variability not only intensifies quality management challenges, as sporadic extreme heat events can reduce safe windows to 6–8 hours, making real-time monitoring systems essential for adaptive quality management rather than merely convenient for operational efficiency.

			Agreement with Indonesia’s 2025–2045 Food Security Roadmap (Government of the Republic of Indonesia, 2024) and its 40% dairy self-sufficiency target provides essential policy context for technology-scaling pathways. Sinta et al. (2024) identified rules from the Indonesian agricultural ministry that listed quality monitoring as the primary bottleneck to smallholder productivity improvement, noting that 15–20% of cooperative-collected milk is rejected annually due to preventable quality failures that would be addressed with better real-time monitoring. At the study scale, the classifier correctly identified 211 of 225 test samples (93.8% accuracy), including 40 of 43 defective samples demonstrating proof-of-concept detection performance under controlled laboratory conditions. Extrapolation of this performance to national production statistics or cooperative-wide rejection reduction estimates is not supported by the present data, which are limited to five farms in Malang district under controlled imaging conditions. Such extrapolations would require multi-site validation under field conditions, economic modelling of cooperative rejection protocols, and assessment of implementation costs all identified as priorities for future research. Prasetyo and Kadir (2024) demonstrated that government-cooperative partnership models, in which initial hardware investment is subsidised through Kementan extension programmes and cooperatives assume operating expenses after a 24-month adoption period, have achieved >80% technology adoption rates for quality management interventions in Indonesian smallholder dairy systems, showing a viable scaling pathway that does not require individual farmer capital investment.

			Several methodological limitations must be acknowledged. First, repeated-measures structure: multiple time-point aliquots from the same cow were used, creating a pseudoreplication risk. Sample-level cross-validation (93.2%) likely overestimates generalisation performance; the leave-one-batch-out estimate (89.4% ± 2.31%) is the recommended conservative benchmark. Second, circular validation: GLCM feature correlations with TPC and titratable acidity were presented as biological plausibility evidence, but cannot constitute independent external validation because the same parameters defined ground truth labels. Future validation requires ground truth defined by an orthogonal method. Third, augmentation and data leakage: augmentation was applied after partitioning to prevent leakage, but the augmented training set (1,050 vectors from 210 original samples) contains artificial variance that may not represent genuine cooperative biological variation; test-set performance under real field conditions may differ. Fourth, laboratory-to-field gap: the imaging setup PRIME BOX enclosure, controlled LED lighting, standardised Petri dishes, methyl red dye, industrial camera is not directly deployable in smallholder cooperative settings. Based on Menozzi et al. (2025), GLCM-based classifiers transitioning to field conditions show 3–7% accuracy reductions, suggesting real-world performance may be 86–90% rather than 93.8%. Fifth, geographic and temporal scope: data were collected from five farms in Malang district over three months, capturing neither seasonal variation nor the diversity of Indonesian dairy regions, breeds, or cooperative handling practices. Sixth, discordant sample exclusion: 18 samples (5.7%) with inconsistent parameter combinations were excluded, producing cleaner classification boundaries than would be encountered in unfiltered field data. These limitations collectively indicate that the reported performance represents an optimistic laboratory-condition benchmark; field validation across multiple sites, seasons, and cooperative contexts is required before deployment claims can be made.

			Despite these limitations, the present study provides strong proof of concept for computer vision-based milk quality assessment, deployable in Indonesian tropical smallholder contexts using existing smartphone technology. The combination of 93.2% overall accuracy, 2.1-second processing time, biologically validated GLCM features (88.8% of classification importance), strong correlation with three independent laboratory parameters (r = 0.892 with TPC, r = 0.831 with acidity), and the critical food safety achievement of zero false negatives for severely contaminated milk provides a technically and economically grounded foundation for scaling toward feasible deployment systems. In the circumstances of climate change projections compressing tropical milk quality windows, a growing Indonesian population demanding increased domestic dairy supply, and persistent public health burdens from dairy-associated foodborne illness, real-time computer vision quality screening represents more than a technical innovation but a strategically critical food safety infrastructure investment in line with national food security and public health protection priorities.

			Limitations and future directions

			Future research should address: (1) validation across several Indonesian dairy regions (West Java, Central Java, East Nusa Tenggara), (2) investigation of seasonal effects during wet versus dry seasons, (3) Development of smartphone-based portable systems suitable for field deployment without electricity, (4) economic analysis comparing implementation costs to losses from milk rejection and spoilage, (5) collaboration with existing cooperative milk collection protocols and payment systems, and (6) expansion to detect specific pathogenic bacteria of food safety concern in tropical dairy systems.

			Limitations of this study include the relatively small number of farms (n=5) and geographic restriction to the Malang region, which could limit generalizability to other Indonesian dairy areas. The controlled laboratory imaging setup may not entirely replicate field conditions at cooperative collection points where lighting and sample positioning vary. The three-month data collection period did not capture the full seasonal variation between the wet and dry seasons. Additionally, the study focused solely on Holstein-Friesian cattle, the predominant breed in Indonesian smallholder systems, without testing relevance to other dairy breeds. Despite these limitations, computer vision technology has considerable potential to enhance food safety management in tropical smallholder dairy systems.

			CONCLUSION

			This study validates computer vision-based milk quality assessment as a deployable, scalable, and reliable alternative to conventional laboratory testing for Indonesian tropical smallholder dairy cooperatives. Achieving 93.2% classification accuracy, 2.1-second real-time processing, 88.8% biologically validated GLCM texture dominance, zero false negatives in the highest-risk category, and strong correlations with independent lab parameters (r > 0.80 for TPC and titratable acidity) provides a solid foundation for operational scaling. Given climate change reducing tropical milk quality windows, Indonesia’s rising dairy demand, and ongoing public health risks from dairy-related foodborne illness in rural areas, real-time computer vision screening is a critical investment in food safety infrastructure. These findings confirm that GLCM-based XGBoost classification demonstrates strong potential for field validation and pilot deployment with Indonesian smallholder cooperatives, extension programs, and food safety authorities. The system shows strong potential for future field validation and cooperative-level implementation; formal claims of deployment readiness should be deferred pending validation under real field conditions.
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			NOVELTY STATEMENT

			This study presents the first comprehensive validation of Gray Level Co-occurrence Matrix (GLCM) texture analysis combined with XGBoost machine learning for real-time milk quality classification under tropical ambient storage conditions (25–30°C) specific to Indonesian smallholder dairy systems. The novel contributions include: (1) achievement of zero false negatives for severely contaminated milk detection, addressing the critical food safety gap in tropical dairy supply chains; (2) identification of the 12-hour critical quality window through comprehensive temporal degradation analysis under tropical conditions, providing actionable guidance for cooperative collection scheduling; (3) demonstration of GLCM feature dominance (88.8%) with strong biological validation through correlation with Total Plate Count (r = 0.892) and titratable acidity (r = 0.831), establishing mechanistic understanding of texture-based quality assessment; and (4) proof-of-concept for deployment-ready computer vision screening achieving >99% time reduction versus conventional laboratory methods while maintaining 93.2% accuracy suitable for Indonesian cooperative-level implementation. This research addresses a critical gap in food safety technology literature by demonstrating effective computer vision quality assessment in resource-constrained tropical smallholder contexts, directly supporting Indonesia’s 2025–2045 Food Security Roadmap targets for dairy self-sufficiency and public health protection..
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Abstract | Deterioration of raw milk quality during tropical ambient storage (25-30°C) poses critical food safety
challenges for Indonesian smallholder dairy cooperatives. Conventional laboratory testing (24-48 hours) precludes
real time quality gatekeeping at the point of collection . This study developed and validated a computer vision system
integrating Gray Level Co-occurrence Matrix (GLCM) texture analysis with machine learning classifiers for rapid,
cost-effective milk quality screening. Three hundred raw milk samples from smallholder cooperative farms in Malang
District, East Java, Indonesia, were classified as Good (n=135,45.0%), Abnormal (n=108,36.0%), or Defective (n=57,
19.0%) per SNI 3141.1:2011 standards using Total Plate Count (TPC), pH, and titratable acidity. Sixteen image
features (4 GLCM texture + 6 RGB statistics + 6 HSV statistics) were extracted from standardised digital images
and evaluated using K-Nearest Neighbors (K-NN), Support Vector Machine (SVM), and XGBoost classifiers with
five-fold cross-validation. XGBoost achieved the highest classification accuracy (93.2%), significantly outperforming
SVM (91.7%, P=0.023) and K-NN (87.6%, P<0.001) at 2.1 seconds per sample. GLCM features dominated
classification importance (88.8%), led by red-channel Contrast (55.6%) and Homogeneity (33.2%), showing strong
biological alignment with TPC (r = 0.892) and titratable acidity (r = 0.831), reflecting GLCM sensitivity to bacterial
proliferation and protein degradation rather than serving as independent validation . In the test dataset, zero Defective
samples were misclassified as Good; three were conservatively misclassified as Abnormal maintaining rejection status
but representing classification level under severity rather than a food safety failure. Temporal analysis identified a 12-
hour critical quality window before TPC crossed the SNI threshold (1x 10° CFU/mL) under tropical ambient storage.
The XGBoost-GLCM system provides a validated, real-time preliminary screening tool that reduces collection-point
decision time by >99.9% relative to conventional laboratory testing, intended to complement and not for replace
confirmatory methods, supporting Indonesia’s national dairy self-sufficiency and public health protection objectives.
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