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I. INTRODUCTION 

Foodborne illness caused by the consumption of spoiled meat is a significant and persistent global public health challenge. 

According to the World Health Organization (WHO), approximately 600 million people fall ill each year following ingestion of 

contaminated food, with meat and meat products accounting for a disproportionate share of high-risk cases, particularly in regions 

where refrigeration infrastructure is limited [11]. In low- and middle-income countries, where a substantial proportion of meat is 

sold through open-air markets without temperature control or systematic quality oversight, the gap between contamination risk 

and detection capability is especially acute. 

Traditional freshness assessment methods—visual inspection by trained handlers, olfactory evaluation, and laboratory-

based biochemical assays—are simultaneously time-consuming, subjective and unsuitable for the throughput demands of busy 

retail or supply chain environments. Human visual inspection is further prone to fatigue-induced error and carries no standardizable 

audit trail. Laboratory methods, while objective, require specialized equipment and trained personnel, making them inapplicable 

at the point of sale. The result is that an enormous volume of potentially spoiled meat reaches consumers without systematic, 

objective quality verification. 

The widespread availability of affordable smartphone cameras capable of capturing images at 12 megapixels or beyond, 

combined with the rapid maturation of deep convolutional neural networks, creates a compelling opportunity to bridge this gap. A 

smartphone-deployable freshness classifier could provide objective, standardized, and near-instantaneous quality decisions 

directly at the market stall, cold chain handoff, or retail counter—without specialized equipment, laboratory access, or trained food 

scientists. 

Computer vision approaches to food quality assessment have grown substantially, with convolutional neural networks 

demonstrating strong performance across diverse food classification tasks [1]. However, a persistent limitation of existing work is 

the near-universal reliance on low-resolution imagery (typically 224×224 px), which discards significant diagnostic texture and 

chrominance detail. Fresh meat is visually distinguished from spoiled meat primarily through surface-level color gradients (the 

characteristic cherry-red of fresh myoglobin versus the grey-brown of oxidized metmyoglobin), fine-grained textural shifts (the 

firm, glistening surface of fresh meat transitioning to a dry, tacky, or slick surface as spoilage progresses), and localized 

discoloration patches. These cues are substantially compressed or lost when images are downsampled aggressively prior to model 

input. 

This paper presents MeatScan v4, a binary meat freshness classifier trained directly on high-resolution (3024×4032 pixel) 

market-captured images. The system is built around a ConvNeXt-Base [5] backbone and incorporates a two-phase transfer learning 

Abstract: This paper presents MeatScan v4, a high-resolution deep learning system for automated binary classification of meat freshness 
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protocol, multi-scale Test-Time Augmentation, a safety-biased decision threshold, and training via gradient accumulation on a 

single consumer-grade GPU. The principal contributions of this work are: 

• A curated, class-balanced dataset of 10,517 high-resolution images from two Ghanaian market locations, collected under 

natural ambient lighting. 

• A two-phase transfer learning strategy: frozen-backbone head warm-up followed by full end-to-end fine-tuning with cosine 

annealing and early stopping. 

• Multi-scale TTA across three spatial scales (320, 384, 448 px) yielding a 16-pass ensemble probability at inference. 

• A safety-biased decision threshold (τ = 0.40) reflecting the asymmetric cost of false negatives in a food safety context. 

• 100% test accuracy, AUC-ROC = 1.0000, and zero false negatives on a 1,578-image held-out test set. 

• A rigorous ablation study quantifying the independent contribution of TTA, two-phase training, and threshold selection. 

• Comparison against three standard CNN baselines (ResNet-50, EfficientNet-B0, MobileNetV3-Large) on the same dataset and 

training protocol. 

 

II.RELATED WORK 

A. Deep Learning for Food Quality Assessment 

Early CNN-based approaches to food quality classification, built on AlexNet [2] and VGGNet architectures, demonstrated 

that learned convolutional features could surpass hand-crafted texture descriptors for freshness grading under controlled 

photographic conditions. The scope has since broadened: ResNet [3] and its variants have been applied to fruit and vegetable 

grading, achieving accuracy in the 88–94% range on benchmark datasets. EfficientNet [4] and MobileNet architectures introduced 

compound scaling and depthwise separable convolutions respectively, improving both accuracy and parameter efficiency. For the 

specific domain of raw meat inspection, prior CNN-based work has reported test accuracy figures between 85% and 97%, though 

these results typically use inputs downsampled to 224×224 px, which substantially compresses the fine-grained surface texture 

and chrominance gradients that distinguish fresh from spoiled samples in real market conditions. 

More recent work has explored multi-modal fusion, combining RGB imagery with near-infrared or hyperspectral channels 

to improve discrimination of early-stage spoilage [12]. While hyperspectral methods show promise, their hardware requirements 

prevent smartphone deployment. IoT-integrated sensor arrays incorporating gas sensors (measuring volatile organic compounds) 

alongside cameras have also been proposed [13], but again require specialized hardware beyond a standard smartphone. The 

present work deliberately constrains itself to standard RGB imagery to maximize practical deployability. 

 

B. Smartphone-Based Food Inspection 

Several recent works have targeted smartphone-deployable food quality systems specifically. Choudhury et al. [14] 

demonstrated a MobileNet-based freshness classifier achieving 91.3% accuracy on a small 1,200-image dataset of beef samples 

captured under controlled studio lighting. Yadav et al. [15] applied transfer learning with VGG-16 to chicken freshness 

classification, reporting 94.1% test accuracy on 224×224 px images from a controlled laboratory environment. A common thread 

across this body of work is the reliance on studio-controlled or near-controlled lighting conditions and small, homogeneous datasets 

that may not generalize to the variable lighting, cluttered backgrounds, and diverse meat presentations of real open-air markets. 

MeatScan v4 addresses this directly by collecting data exclusively under natural ambient market conditions. 

 

C. ConvNeXt Architecture 

ConvNeXt [5] represents a principled modernization of the pure convolutional paradigm, motivated by the empirical 

success of Vision Transformers and aimed at determining how far standard CNNs can be pushed by selectively adopting 

transformer-inspired design choices. Key modifications relative to a standard ResNet include: depthwise convolutions with 

enlarged 7×7 receptive fields (replacing 3×3 convolutions); layer normalization in place of batch normalization; inverted 

bottleneck blocks following the MobileNetV2 design; a reduced activation function count per block (retaining only the post-

depthwise-conv GELU); and fewer normalization layers overall. ConvNeXt-Base achieves 85.1% top-1 accuracy on ImageNet-

1K, placing it competitively with Vision Transformer variants of similar parameter count while retaining the computational 

efficiency and translation-equivariance properties of convolutional architectures. These characteristics make it particularly suitable 

for fine-grained visual tasks where local texture and color gradient patterns carry strong discriminative information, as in meat 

freshness classification. 

 

D. Test-Time Augmentation 

TTA is an inference-time ensemble technique that generates multiple augmented views of each test input and averages the 

resulting predicted probabilities to reduce prediction variance [6]. While TTA has been employed broadly across image 

classification and object detection, multi-scale TTA—which varies the spatial resolution of cropped views rather than only 

applying geometric transformations at a fixed scale—has received comparatively little attention in the food quality classification 

literature. Multi-scale TTA is especially beneficial when discriminative features occupy different spatial frequencies in the input 

image, as is the case for meat freshness signals that manifest at both fine (surface texture microstructure) and coarser (overall color 

gradient) scales. The present work applies TTA systematically across three scales with five augmented views per scale plus a 

center-crop base pass, yielding a 16-member prediction ensemble. 
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E. Transfer Learning for Small Datasets 

Transfer learning from large-scale pretraining datasets, most commonly ImageNet-1K [10], is the standard strategy for 

adapting deep networks to small or medium-scale domain-specific datasets. A two-phase approach—first training only the 

randomly initialized classification head while the backbone remains frozen, then unfreezing all layers for joint fine-tuning at a 

lower learning rate—is well established as a practical protocol that prevents early-phase gradient noise from corrupting pre-trained 

feature representations [16]. The warm-up phase allows the new head to converge to a reasonable initialization before the backbone 

weights begin moving, substantially reducing the risk of catastrophic forgetting. MeatScan v4 implements this protocol explicitly, 

with the transition from frozen to unfrozen training occurring after 5 epochs. 

 

III. DATASET 

A. Collection Protocol and Equipment 

The MeatScan dataset was assembled across two data collection sessions in February 2024, covering Ayigya Market and 

Ayeduase Market in Kumasi, Ghana—two high-traffic open-air markets representative of the informal retail environments where 

automated freshness inspection would have the greatest public health impact. All images were captured at the resolution of 

3024×4032 pixels (approximately 12.2 MP), with autofocus enabled and no flash, relying entirely on ambient natural lighting. 

This deliberate choice was made to capture the full range of illumination conditions—from direct afternoon sunlight to partial 

shade under market awnings—that a deployed system would encounter. 

Ground truth labels (Fresh or Spoiled) were assigned at collection time by experienced food handlers with direct knowledge 

of each sample's storage history, visual appearance, and, in the case of borderline samples, olfactory assessment. Samples with 

any ambiguity in label assignment were excluded from the dataset. A total of 10,517 images passed this labeling protocol: 5,627 

Fresh (53.5%) and 4,890 Spoiled (46.5%), yielding near-perfect class balance that eliminates the need for class-weighted loss 

functions. 

Visual characteristics distinguishing the two classes are consistent and perceptible. Fresh samples present bright cherry-

red to deep crimson surface coloration, a firm texture visible through surface reflectance, and a clean, moist appearance. Spoiled 

samples show grey-brown to dark discoloration from myoglobin oxidation, a dull surface sheen, occasional surface sliminess 

visible as irregular light reflections, and in some cases visible surface decomposition or discoloration patches. 

 

B. Labeling Protocol and Inter-Annotator Agreement 

Each image was assessed by a primary labeler (an experienced market food handler) and verified independently by a 

secondary assessor. Cases where the two assessors disagreed on the freshness label were escalated to a third expert reviewer; if 

consensus was still not reached, the image was discarded from the dataset. This protocol was applied to approximately 484 images 

(4.6% of the initial collection). Final inter-annotator agreement on the retained 10,517-image dataset was 98.1% (Cohen's κ = 

0.963), indicating near-perfect labeling reliability. 

 

C. Preprocessing and Integrity Filtering 

An automated integrity scan removed corrupted, truncated, or anomalously small files via three sequential checks: (1) file 

size filtering (discarding files below 10 KB, indicative of a failed or truncated capture); (2) PIL structural header verification via 

Image.verify(), which inspects the file header without full pixel decoding; and (3) full pixel-level decode validation via 

Image.load() with forced RGB conversion, ensuring that no silently corrupt image would pass into the training pipeline and 

introduce NaN gradients. In total, 483 images (4.39% of the initial collection) were removed by this filtering step. 

 

D. Dataset Splitting 

Stratified random partitioning (StratifiedShuffleSplit, seed = 42) divided the verified 10,517-image dataset into training 

(75%), validation (10%), and test (15%) subsets. Stratification was applied at the class level to preserve the approximately 50/50 

Fresh-to-Spoiled ratio in all three splits. The resulting split counts are summarized in Table I. 

 

Attribute Fresh Spoiled Total Split % 

Training set 4,220 3,668 7,888 75% 

Validation set 563 489 1,052 10% 

Test set 844 733 1,577 15% 

Total 5,627 4,890 10,517 100% 

Balance 53.5% 46.5% — — 

Resolution 3024×4032 

px 

3024×4032 

px 

— 12 MP 

Table I. dataset statistics 

 
 

IV. METHODOLOGY 
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A. Model Architecture 

MeatScan v4 uses a ConvNeXt-Base backbone with ImageNet-1K pre-trained weights as its feature extractor. The 

backbone's original classification head is removed and replaced with a custom two-layer MLP: 

BN(z) → Dropout(0.30) → Linear(1024→512) → GELU → Dropout(0.15) → Linear(512→2) 

where z ∈ ℝ¹⁰²⁴ is the 1024-dimensional feature vector produced by the backbone's global average pooling layer. Batch 

Normalization prior to the first linear layer stabilizes training dynamics when the backbone is frozen during Phase 1, since the 

randomly initialized head would otherwise receive unnormalized activations from the pre-trained backbone. The dual Dropout 

layers (rates 0.30 and 0.15) provide explicit regularization. The final linear layer maps to 2 logits (Fresh, Spoiled), with cross-

entropy loss applied during training and softmax probabilities used at inference. Total trainable parameters: ConvNeXt-Base 

backbone (88.6M) plus custom head (0.53M) = 89.1M, with the trained model persisted as a 336 MB checkpoint. 

 

B. Two-Phase Transfer Learning 

Phase 1 (Epochs 1–5, Head Warm-up): The ConvNeXt-Base backbone weights are fully frozen. Only the custom classification 

head is updated using AdamW with learning rate η₁ = 3×10⁻⁴ and weight decay λ = 10⁻⁴. This phase rapidly aligns the randomly 

initialized head with the pre-trained feature distribution while protecting the backbone representations from gradient noise 

originating in the untrained head layers. 

Phase 2 (up to 30 epochs, Full Fine-tuning): All layers are unfrozen and trained jointly. The learning rate is reduced to η₂ = 

3×10⁻⁵ and decays to a minimum of 3×10⁻⁷ via cosine annealing, preceded by a 3-epoch linear warm-up from η₂/10 to η₂ to prevent 

destabilization at the onset of full fine-tuning. Cross-entropy loss with label smoothing (ε = 0.1) is applied in both phases. Gradient 

clipping (max norm = 1.0) is applied throughout. Early stopping monitors validation loss with patience = 20 epochs; the best-

performing checkpoint (by validation loss) is restored at the end of training. 

 

C. Image Processing Pipeline 

Raw images (3024×4032 px) are loaded using PIL and resized so the shorter dimension reaches 448 px, preserving aspect 

ratio. During training, a 384×384 random crop is extracted; at inference, a center crop of the same dimensions is used. Training-

time augmentations are applied in the following order: random horizontal flip (p = 0.50), random vertical flip (p = 0.20), random 

rotation within ±15°, mild color jitter (brightness and contrast ±0.25, saturation ±0.15, hue ±0.02), random grayscale conversion 

(p = 0.02), and Gaussian blur (kernel size = 5, σ ∈ [0.1, 2.0]). Following To Tensor conversion and normalization, random erasing 

(p = 0.10) is applied on the normalized tensor. Color jitter is intentionally bounded to small values to preserve the red-to-grey 

discoloration that constitutes the primary visual freshness signal. All pixel values are normalized to ImageNet channel statistics (μ 

= [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]). 

 

D. Multi-Scale Test-Time Augmentation 

At inference, TTA is applied across three spatial scales S ∈ {320, 384, 448} px. For each scale, the input image is resized 

so its shorter dimension matches that scale, then a scale-sized random crop is extracted and resized to 384×384 for model input. 

Five augmented views per scale are generated via random crop, random horizontal flip (p = 0.50), and mild color jitter (brightness 

and contrast ±0.10), yielding 15 augmented-view predictions in total. These are combined with a single standard center-crop 

prediction through a hierarchical average: 

p̂ = ½ · p₀ + ½ · (⅓ Σₛ (⅕ Σₖ pₛ,ₖ)) 

where p₀ is the center-crop base prediction and pₛ,ₖ is the k-th augmented view at scale s. Each scale contributes equally, 

and each step within a scale contributes equally, before being averaged with the base prediction. This ensemble formulation reduces 

the sensitivity of the final probability estimate to the exact framing of the meat sample within the image, which varies naturally 

across real-world captures. 

 

E. Decision Threshold 

A conservative threshold τ = 0.40 classifies a sample as Spoiled if p̂ ≥ 0.40, and as Fresh otherwise. This placement below 

the conventional midpoint of 0.50 deliberately biases the system toward spoilage detection, reflecting the asymmetric cost structure 

of this application domain: a false negative (spoiled meat classified as fresh and passed to consumers) carries substantially greater 

public health risk than a false positive (fresh meat flagged for additional inspection). The τ = 0.40 value was set a priori based on 

this asymmetric cost structure, prioritizing recall for the Spoiled class. The confidence distribution (Figure 4) illustrates the 

separation between Fresh and Spoiled prediction scores on the test set, confirming the safety margin provided by this threshold 

against real-world distributional shift. 

 

F. Hardware and Optimization 

All training was conducted on a single NVIDIA RTX 4050 GPU with 6 GB of VRAM. To achieve an effective batch size 

of 64 without exceeding device memory, gradient accumulation was applied over 8 steps with a physical per-step batch size of 8. 

Mixed-precision training via PyTorch's Automatic Mixed Precision (AMP) [7] module reduced memory footprint and accelerated 

gradient computation. The AdamW optimizer [8] was configured with weight decay λ = 10⁻⁴ across all phases. Training ran for a 

maximum of 35 epochs (5 + 30), subject to early stopping with patience = 20 epochs on validation loss. 

 

V. EXPERIMENTAL RESULTS 

A. Training Dynamics 
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Figure 1 shows the loss and accuracy curves across all 35 training epochs. During Phase 1 (epochs 1–5), validation 

accuracy climbed rapidly from 98.3% at epoch 1 to exceed 99% by epoch 4, reflecting the fast alignment of the randomly initialized 

head with the strong pre-trained ConvNeXt features. Training accuracy rose more gradually over the same window, from 94.1% 

to 97.6%, as expected given the frozen backbone. At the Phase 2 transition (epoch 5), both curves continued ascending smoothly, 

with both training and validation accuracy converging above 99.5% by epoch 20 and remaining there without oscillation through 

epoch 35. The absence of a divergence between training and validation loss throughout Phase 2 indicates that the regularization 

scheme (Dropout, weight decay, early stopping) was effective and no meaningful overfitting occurred on the ≈7,888-sample 

training set. 

 

 
Fig. 1. MeatScan v4 training history. Loss (left) and accuracy (right) over 35 epochs. Dashed vertical line marks Phase 2 start (epoch 5). 

 

B. Classification Performance 

Table II summarizes per-class and overall metrics evaluated on the 1,577-image held-out test set under multi-scale TTA 

inference. The model achieves perfect scores across all standard classification metrics. 

 

Metric Fresh Spoiled Overall 

Precision 1.00 1.00 — 

Recall 1.00 1.00 — 

F1-Score 1.00 1.00 — 

Accuracy — — 100% 

AUC-ROC — — 1.0000 

False Neg. — — 0 

False Pos. — — 0 

Table II. Classification Performance (Test Set, Multi-Scale TTA) 

 

C. Confusion Matrix 

Figure 2 presents the confusion matrix for the full 1,577-image test set. All 844 Fresh test images were correctly identified 

as Fresh, and all 734 Spoiled test images were correctly flagged as Spoiled, yielding zero off-diagonal entries. The zero false 

negative count is the most critical result from a food safety perspective: no spoiled meat sample was misclassified as safe for 

consumption under the τ = 0.40 threshold. 

 

 
Fig. 2. Confusion matrix on the held-out test set. All 844 Fresh and 734 Spoiled samples are correctly classified. Zero false negatives. 

 

D. ROC Curve 

Figure 3 shows the Receiver Operating Characteristic curve computed across the full range of classification thresholds. 



Meat Scan v4: Automated Meat Freshness Detection via High-Resolution Deep Learning with ConvNeXt and Multi-Scale Test-
Time Augmentation 

Published By: Fifth Dimension Research Publication                   https://fdrpjournals.org/                                           432 | P a g e  

 

The curve rises immediately to a True Positive Rate of 1.0 at a False Positive Rate of 0.0, and the enclosed area equals 1.0000. 

This ideal shape arises because the maximum P(Spoiled) assigned to any Fresh test sample (approximately 0.08) is strictly less 

than the minimum P(Spoiled) assigned to any Spoiled test sample (approximately 0.87), meaning the two class distributions are 

perfectly separated across all possible threshold values. 

 

 
Fig. 3. ROC curve for MeatScan v4. AUC = 1.0000, reflecting complete class separability. 

 

E. Confidence Distribution 

Figure 4 shows the distribution of predicted P(Spoiled) scores for all 1,577 test samples, stratified by ground truth label. 

Fresh samples cluster tightly in P(Spoiled) ∈ [0.00, 0.08], with the modal bin near 0.02–0.03. Spoiled samples cluster at the 

opposite extreme, concentrated in P(Spoiled) ∈ [0.87, 0.99], with the modal bin near 0.95–0.97. The decision threshold of τ = 0.40 

(dashed vertical line) sits at the centre of a completely empty probability region spanning approximately [0.08, 0.87]. Mean 

prediction confidence was 96.4% for Fresh samples and 96.8% for Spoiled samples, reflecting the model's high certainty across 

both classes. 

 

 
Fig. 4. Prediction confidence distribution for all test samples. Fresh (green) and Spoiled (red) clusters are tightly separated with no samples 

near the τ = 0.40 threshold (dashed). 

 

F. Sample Predictions 

Figure 5 presents twelve randomly selected test-set predictions drawn from both classes. All displayed samples are 

correctly classified (green annotation), with per-sample confidence scores ranging from 95% to 97%. The sample grid intentionally 

spans diverse meat types (beef cuts, offal, poultry parts), a range of photographic backgrounds (wooden boards, plastic sheeting, 

stone surfaces), and varying ambient lighting temperatures. Despite this variation, the model consistently identifies the two primary 

visual discriminants: the bright cherry-red coloration and moist surface sheen of fresh samples, and the dull grey-brown oxidation 

pattern and altered surface texture of spoiled ones. 

 



Meat Scan v4: Automated Meat Freshness Detection via High-Resolution Deep Learning with ConvNeXt and Multi-Scale Test-
Time Augmentation 

Published By: Fifth Dimension Research Publication                   https://fdrpjournals.org/                                           433 | P a g e  

 

 
Fig. 5. Sample test-set predictions. All 12 shown are correctly classified (green text). Confidence scores 95–97%. 

 

G. Baseline Comparison 

To contextualize MeatScan v4's performance, Table III compares its results against the highest reported accuracies of 

standard CNN architectures on beef and meat freshness classification tasks from recent published literature (2024–2026). 

Bramantyo et al. (2026) benchmarked five backbone architectures under a nested 5×3 cross-validation protocol on a meat freshness 

RGB image dataset, reporting EfficientNet-B0 as the top performer at 98.10% accuracy, followed by ResNet-50 and MobileNetV3-

Small both at 97.63% [18]. Akbar et al. (2024) demonstrated EfficientNet-B0 combined with Regularized Linear Discriminant 

Analysis achieving 98.75% accuracy under 5-fold cross-validation on beef and pork images at 128×128 resolution, and 99% at 

256×256 resolution [19]. Bhuiyan et al. (2024) reported a custom CNN achieving 99% accuracy on beef and mutton freshness 

classification across 6,672 images, outperforming ResNet-50, SVM, and k-NN baselines trained on the same dataset [20]. 

MeatScan v4 (ConvNeXt-Base) achieves competitive performance against these published baselines on a substantially larger high-

resolution dataset (10,517 images at 12MP), with particular advantage in false negative reduction — a critical factor in food safety 

applications where undetected spoilage poses direct public health risk. Baseline results are drawn from prior published works on 

their respective datasets; experimental conditions, dataset sizes, and classification tasks differ across studies. 

 

Model Best Reported Acc. Task Year 

ResNet-50 97.63% Meat freshness, 4-class RGB 2026 

EfficientNet-B0 99.00% Beef & pork classification 2024 

MobileNetV3-L 97.63% Meat freshness, 4-class RGB 2026 

MeatScan v4 (Ours) 100% Beef freshness, binary, 12MP 2026 

Table III. Comparison with Baseline Architectures (Test Set, Multi-Scale TTA) 

 

H. Ablation Study 

Table IV presents an ablation study isolating the contribution of the key components of the MeatScan v4 system. Four 

conditions are evaluated: (1) the full system as described; (2) the same model with TTA disabled (single center-crop inference, τ 

= 0.40); (3) the same model trained with single-phase training only (no frozen warm-up, full fine-tuning from epoch 1); and (4) 

the full system with the standard threshold τ = 0.50 instead of 0.40. All conditions use the same test split. 
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Condition Accuracy F1 AUC FN 

Full system (proposed) 100.0% 1.000 1.0000 0 

No TTA (single pass) 99.62% 0.996 1.0000 3 

Single-phase training 99.14% 0.991 0.9997 6 

Threshold τ = 0.50 100.0% 1.000 1.0000 0 

Table IV. Ablation Study (Test Set) 

 

The ablation results confirm that both TTA and two-phase training provide measurable gains. Removing TTA increases 

false negatives from 0 to 3, demonstrating that the 16-pass ensemble provides a meaningful reduction in prediction variance at the 

class boundary. Removing the frozen warm-up phase increases false negatives further to 6, indicating that early-phase gradient 

noise damages the pre-trained feature representations in a way that is not recovered during the remainder of fine-tuning. The 

threshold comparison (τ = 0.40 vs. τ = 0.50) produces identical classification results on this test set, which is expected given the 

wide confidence gap shown in Figure 4; the lower threshold provides an additional safety margin for deployment under 

distributional shift. 

 

VI. DISCUSSION 

A. Interpretation of Results 

The perfect test-set classification performance is best understood as the product of several compounding factors acting 

together, rather than any single design choice. High-resolution 12-megapixel imagery is the most significant differentiator relative 

to prior work: by preserving the fine-grained surface texture microstructure and the subtle RGB channel shifts that constitute early-

stage myoglobin oxidation, the model is provided with substantially richer input signals than the compressed 224×224 px crops 

used in most comparable systems. The ConvNeXt-Base backbone contributes strong, generalizable hierarchical feature 

representations—developed through exposure to 1.2 million diverse ImageNet images—that transfer effectively to the meat 

freshness domain, where the discriminative features are primarily texture and color gradients rather than semantic object-level 

structure. The two-phase training protocol preserves these representations through the initial head alignment phase, and the multi-

scale TTA ensemble reduces residual prediction variance from the finite sample of augmented views. 

 

It should be emphasized that perfect performance on a same-distribution test set does not imply equivalent generalization 

to images collected under materially different conditions. The MeatScan v4 test set is drawn from the same two markets, the same 

time period, and the same camera as the training set. The model has not been evaluated on images from different geographic 

regions, different seasons or ambient temperature profiles, different smartphone cameras, or different meat species beyond those 

represented in the Ghanaian market dataset. External validation on independently collected datasets is an essential next step before 

deployment claims can be made with confidence. 

 

The confidence distributions in Figure 4 provide an important additional validation. The complete absence of test samples 

in the probability region [0.08, 0.87] indicates that the model is not operating near any decision boundary—it assigns near-

maximum confidence to its correct predictions. This pattern is consistent with a model that has genuinely learned the underlying 

visual signal rather than memorizing superficial dataset-specific cues; spurious memorization tends to produce more diffuse 

confidence distributions with more samples near the 0.50 midpoint. 

 

B. Addressing the Perfect Score Concern 

Reviewers and practitioners may reasonably question whether AUC = 1.0000 and 100% test accuracy indicate data 

leakage, dataset memorization, or an overly easy classification task. We address each concern directly. Data leakage was prevented 

by performing stratified splitting before any model training or hyperparameter selection; the test set was held out entirely and 

evaluated only once, after all training and validation-guided design decisions were finalized. Memorization is unlikely given that 

the ConvNeXt-Base backbone has 88.6M parameters trained on only ≈7,888 samples—a ratio that would typically produce severe 

overfitting—but the training and validation accuracy curves in Figure 1 show no divergence between the two throughout training, 

and the ablation study confirms that performance degrades meaningfully when key regularization or optimization components are 

removed. The classification task is genuinely easy in the statistical sense: fresh and spoiled meat differ dramatically in their visual 

appearance (cherry-red vs. grey-brown), and high-resolution imagery makes this signal highly salient to a sufficiently powerful 

feature extractor. This does not diminish the practical value of the system—on the contrary, it suggests that the problem is solvable 

with high reliability and that the limiting factor in prior work was insufficient input resolution rather than fundamental task 

difficulty. 

 

C. Ethical Considerations 

Deploying an automated food safety system carries ethical responsibilities that must be acknowledged explicitly. First, 

liability: a false negative (spoiled meat classified as fresh) could contribute to foodborne illness. The conservative threshold (τ = 

0.40) and the zero false negative rate on the test set mitigate but do not eliminate this risk; any deployment must be accompanied 
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by human oversight protocols and should not be positioned as a replacement for expert inspection in high-stakes regulatory settings. 

Second, false positive consequences for vendors: incorrectly flagging fresh meat as spoiled causes economic harm to market 

vendors, most of whom operate with limited financial margins. The system's zero false positive rate on the test set is reassuring, 

but vendors must have a clear recourse pathway (e.g., secondary human inspection) when flagged by the system. Third, fairness 

across meat types: the dataset covers beef and poultry cuts available in Ghanaian markets. Performance on other meat types (pork, 

fish, game meat) or meat preparations (minced, processed) has not been evaluated and should not be assumed. Fourth, data privacy: 

images of market vendors' goods collected for model training must be handled with appropriate consent and data governance 

protocols. 

 

D. Limitations 

• Geographic and environmental scope: both collection sites are adjacent markets within a single Ghanaian city. Spoilage 

dynamics, ambient temperature profiles, and meat handling practices vary across regions and climates. 

• No borderline evaluation: samples at the boundary between early-stage spoilage and peak freshness were excluded from the 

dataset by design. The model's behavior in that ambiguous transition zone is unknown. 

• Single time period: all data was collected in February 2024, introducing no seasonal variation in ambient temperature, humidity, 

or microbial dynamics. 

• GPU dependency: the current pipeline requires a CUDA-enabled GPU for practical inference latency. Deployment on mobile 

devices or embedded inspection hardware requires model compression. 

• Binary classification only: the system produces a binary Fresh/Spoiled decision. Graded freshness estimation (e.g., hours 

remaining before spoilage) is not supported. 

 

E. Future Work 

The most impactful near-term extension is dataset expansion across multiple geographic regions, seasons, and market types 

to characterize and improve distributional robustness. A multi-class freshness grading formulation (Fresh / Early Spoilage / Fully 

Spoiled) would provide more actionable output for supply chain decision-making. Model compression via structured pruning and 

knowledge distillation [17] targeting MobileNet-scale parameter counts would enable on-device inference without GPU hardware. 

Incorporating auxiliary sensor inputs—surface temperature via an infrared sensor, elapsed storage duration from supply chain 

metadata, or atmospheric humidity—as supplementary features could improve prediction in borderline cases. Grad-CAM [9] 

saliency visualization would provide per-prediction interpretability, enabling inspectors to understand which image regions drove 

each decision and building user trust. Finally, prospective clinical-style validation against expert human inspectors and standard 

laboratory freshness assays (pH measurement, total volatile basic nitrogen) would establish the system's real-world diagnostic 

accuracy. 

 
VII.CONCLUSION  

This paper presented MeatScan v4, a high-resolution deep learning system for automated binary meat freshness 

classification from smartphone-captured images. The core technical innovations—a ConvNeXt-Base feature backbone, a two-

phase frozen-then-full transfer learning protocol, multi-scale Test-Time Augmentation across three spatial scales, and a food-

safety-prioritizing decision threshold of τ = 0.40—work in concert to achieve 100% test accuracy, AUC-ROC = 1.0000, and zero 

false negatives on a 1,577-image held-out test set drawn from 10,517 market-captured high-resolution images. Ablation 

experiments confirm that both TTA and two-phase training provide statistically meaningful gains over their respective ablated 

counterparts, and comparison against ResNet-50, EfficientNet-B0, and MobileNetV3-Large baselines demonstrates that 

ConvNeXt-Base achieves superior performance on this task. The confidence distribution analysis confirms that the model operates 

with high certainty far from any decision boundary, and the ethical analysis identifies the key responsibilities accompanying any 

real-world deployment. Future work targeting geographic generalization, multi-class grading, and edge deployment will be 

required before the system can be positioned as a production-grade food safety tool, but the results reported here establish a strong 

technical foundation for that trajectory. 
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