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Distinguishing between beef and pork based on image appearance is a critical 
task in food authentication, but it remains challenging due to visual 
similarities in color and texture, especially under varying lighting and capture 
conditions. To address these challenges, we propose a robust classification 
framework that utilizes EfficientNet B0 as a deep feature extractor, combined 
with an ensemble of Regularized Linear Discriminant Analysis (RLDA), 
Support Vector Machine (SVM), and Random Forest (RF) classifiers via soft 
voting to enhance generalization performance. To improve interpretability, 
we incorporate Gradient-weighted Class Activation Mapping (Grad-CAM) to 
visualize classification decisions and validate that the model focuses on 
meaningful regions of the meat, such as red-channel intensity and muscle 
structure. The proposed method was evaluated on a public dataset containing 
400 images evenly split between beef and pork. It achieved a hold-out accuracy 
of 99.0% and a ROC-AUC of 0.995, outperforming individual learners and 
demonstrating strong resilience to limited data and variation in imaging 
conditions. By integrating efficient transfer learning, ensemble decision-
making, and visual interpretability, this framework provides a powerful and 
transparent solution for binary meat classification. Future work will focus on 
fine-tuning the CNN backbone, applying GAN-based augmentation, and 
extending the approach to multiclass meat authentication tasks. 
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1. Introduction 
Food authentication has become increasingly important for ensuring the safety, legality, and religious 
compliance of meat products [1], [2]. Distinguishing between beef and pork is particularly critical in 
regions where religious dietary laws prohibit the consumption of certain animal-derived foods, such as 
pork in Muslim communities [3]. Mislabeling, intentional adulteration, and cross-contamination not 
only undermine consumer trust but also carry serious ethical and legal consequences [4]. Traditional 
methods for meat authentication such as polymerase chain reaction (PCR), spectroscopy, and 
chromatography are accurate but often costly, invasive, time-consuming, and require expert 
intervention—limiting their practicality for rapid or large-scale deployment [2], [5]. 

Visual inspection using computer vision and machine learning presents a cost-effective and 
scalable alternative [6], [7]. However, the visual characteristics of beef and pork—such as color intensity, 
marbling, and muscle texture—often appear highly similar, especially under varying lighting 
conditions, camera angles, and image resolutions [8], [9]. These variations introduce intra-class 
ambiguity and inter-class overlap, making it difficult for classical image processing and shallow 
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machine learning methods to generalize well [8], [10]. Prior studies have explored handcrafted features 
such as GLCM [11], LBP [12], and HOG [13], in combination with classifiers like Probabilistic Neural 
Networks (PNNs) [14]–[17] and Support Vector Machines (SVMs) [18]–[21]. However, their 
performance often deteriorates under real-world variability due to limited feature representation 
capability. 

Recent advances in machine learning have enabled the development of more reliable and 
automated food authentication systems [7], [22], [23]. Early works applied electronic noses with Bayes 
classifiers or Principal Component Analysis (PCA) to detect aroma profiles, achieving modest accuracy 
(~75%) [24]–[26], while others employed handcrafted features such as Gray-Level Co-occurrence Matrix 
(GLCM) [27], [28], Local Binary Pattern (LBP) [29], and Histogram of Oriented Gradients (HOG) [30] for 
color and texture classification. For instance, [18] used HOG with a backpropagation neural network to 
achieve 89.57% accuracy on meat images. The study in [11] applied GLCM combined with Probabilistic 
Neural Networks (PNN), reaching 93% accuracy under specific image resolutions and folds. While 
promising, these approaches often lack generalization and rely heavily on optimal feature tuning and 
manual preprocessing. 

With the emergence of deep learning, Convolutional Neural Networks (CNNs) [29], [31]–[33] 
have shown superior capabilities in extracting robust spatial features from images. Models such as 
VGG16, ResNet50, and MobileNetV2 have demonstrated strong performance across various 
classification tasks, including gender recognition, brain imaging [34], [35], and food inspection, with 
reported accuracies up to 100% in some controlled setups. Nevertheless, these models often require 
large datasets and significant computational resources, posing challenges for real-time applications in 
low-resource environments [36]. Moreover, they typically function as black boxes, offering limited 
interpretability—an important consideration when decisions involve dietary restrictions or legal 
regulations [37]. 

To overcome these challenges, recent advances in deep learning offer promising alternatives 
through data-driven feature extraction. EfficientNet, a convolutional neural network (CNN) 
architecture that balances network depth, width, and resolution, has demonstrated excellent 
performance across a wide range of classification tasks while using fewer parameters [38], [39]. In 
particular, EfficientNet B0 provides an optimal trade-off between computational efficiency and 
accuracy, making it well-suited for small-to-medium-sized datasets [14], [40]. By leveraging a 
pretrained EfficientNet B0 as a deep feature extractor, researchers can transfer rich visual 
representations from large-scale datasets like ImageNet to more domain-specific tasks such as meat 
classification [41], [42]. 

Nonetheless, relying on a single classifier may still result in biased predictions or poor 
generalization, especially when working with small and imbalanced datasets [43], [44]. As a result, 
ensemble learning techniques have been widely adopted to combine the strengths of multiple learners 
[45]. In this study, we integrate EfficientNet B0 with a soft-voting ensemble comprising Regularized 
Linear Discriminant Analysis (RLDA), Support Vector Machine (SVM), and Random Forest (RF). This 
ensemble strategy improves stability and robustness, as each classifier contributes differently based on 
its inductive bias and decision boundaries. 

Moreover, the lack of interpretability in deep learning models remains a significant barrier to 
deployment in sensitive domains such as food verification [46], [47]. To address this issue, we employ 
Gradient-weighted Class Activation Mapping (Grad-CAM) to visualize and explain model predictions 
by highlighting relevant regions in the input images that influence classification decisions. This 
approach not only enhances trust in the model’s outputs but also validates that the network is focusing 
on semantically meaningful meat features, such as red muscle zones and marbling patterns. 

The main contributions of this work are as follows: (1) Proposing a hybrid classification 
framework that combines deep feature extraction from EfficientNet B0 with a soft-voting ensemble of 
classical machine learning classifiers (RLDA, SVM, and RF). (2) Applying Grad-CAM visual 
explanations to improve interpretability and assess the spatial focus of the network’s decision-making. 
(3) Evaluating the proposed model on a benchmark beef and pork dataset, achieving high accuracy 
(99.0%) and ROC-AUC (0.995) in hold-out testing with consistent 5-fold cross-validation performance. 
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(4) Demonstrating that combining transfer learning, ensemble decision strategies, and explainable AI 
yields a robust and interpretable solution for binary meat authentication. 

This paper is organized as follows: Section 2 details the materials and methods, including the 
dataset description, preprocessing and augmentation strategies, the proposed dual-branch EfficientNet 
B0 architecture, the ensemble classification approach, Grad-CAM explainability, and evaluation 
metrics. Section 3 presents the experimental results and evaluation, covering training and validation 
performance, quantitative comparisons, Grad-CAM visual analysis, and a comprehensive discussion of 
findings, limitations, and future directions. Finally, Section 4 concludes the paper by summarizing the 
key contributions and outlining future research avenues, such as GAN-based data enrichment, 
adulteration detection, and transformer-based classification models. 
2. Materials and Methods 
This section outlines the dataset composition, preprocessing pipeline, dual-branch EfficientNet B0 
feature extraction framework, ensemble classification strategy, explainability method, training 
configuration, and evaluation metrics applied in this study. 
2.1. Data Description 
The dataset employed in this study comprises high-resolution images of beef and pork meat, captured 
using both smartphone and DSLR cameras under controlled indoor lighting [11]. The samples include 
a wide range of meat cuts to reflect real-world variation in structure, color, and texture. Pork meat 
images exhibit lighter pink tones and smoother marbling, while beef images tend to display a deeper 
red hue and denser muscle fibers. To ensure consistency and reduce noise from background 
interference, all images were cropped to focus solely on the meat portion and resized to 224×224 pixels. 

Each image in the dataset was manually labeled by domain experts into one of two categories: 
beef or pork. Visual examples of the dataset are provided in Figure 1, which illustrates typical 
characteristics of each class: (a) Pork Meat; (b) Pork Meat; (c) Beef Meat; (d) Beef Meat. These samples 
demonstrate the visual similarities and subtle differences between the two classes, posing challenges 
for both human perception and traditional machine learning methods. 

 
                                         (a)                               (b)                                    (c)                                  (d) 

Fig. 1. Representative samples from the dataset: (a–b) Pork meat and (c–d) Beef meat. Despite subtle differences 
in texture and color, visual similarities between classes highlight the challenge for accurate classification. 

In total, the dataset consists of 800 annotated images, evenly split between the two classes to 
maintain class balance during training. Following the approach used in prior studies, the dataset was 
divided into 90% training and 10% hold-out validation subsets. Specifically, 720 images were allocated 
for training, and 80 images were reserved for final validation. Furthermore, to assess the model’s 
generalization capability and mitigate bias due to data partitioning, 5-fold cross-validation was 
conducted on the training subset. This approach ensured that the proposed method was evaluated 
across multiple randomized splits, providing statistically reliable performance estimates. 

All images were verified to exclude mislabeled, blurry, or low-quality samples. Label consistency 
and class distribution were confirmed using stratified sampling during cross-validation. This approach 
ensured that each fold maintained an equal representation of beef and pork classes, preserving class 
distribution integrity throughout the experiments. 
2.2. Preprocessing and Augmentation 
To ensure consistency in model input and reduce variations caused by lighting, scale, and background 
interference, several preprocessing steps were applied to all images prior to training. First, each image 
was resized to a fixed resolution of 224×224 pixels to match the input dimensions required by the 
EfficientNet B0 backbone [38], [48]. Since the images were collected under varying lighting conditions, 
intensity normalization was performed by scaling pixel values to the [0,1]  range using min-max 
normalization (1). 
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𝐼𝐼norm(𝑥𝑥,𝑦𝑦) = 𝐼𝐼(𝑥𝑥,𝑦𝑦)−𝐼𝐼min
𝐼𝐼max−𝐼𝐼min

                           (1) 

where 𝐼𝐼(𝑥𝑥, 𝑦𝑦)  is the pixel intensity at position (𝑥𝑥,𝑦𝑦) , and 𝐼𝐼min, 𝐼𝐼max represent the minimum and 
maximum pixel intensities in the image, respectively. 

To enhance discriminative features between beef and pork, particularly in the red channel, an 
RGB enhancement strategy was applied. A dedicated branch in the feature extractor emphasized the 
red spectral band to capture subtle pigmentation differences, which are known cues in meat 
classification tasks. 

In addition to preprocessing, data augmentation techniques were applied during training to 
artificially expand the dataset and improve model robustness. The augmentation operations included: 
random horizontal and vertical flips, random rotations within ±20°, zoom transformations (±10%), 
brightness and contrast shifts, and minor elastic distortions. 

These augmentations were applied using Keras’ ImageDataGenerator to introduce real-world 
variability. To further enhance feature diversity and reduce overfitting, we integrated GAN-based 
augmentation using a lightweight DCGAN (Deep Convolutional GAN) [49], [50]. The generator was 
trained to produce synthetic meat images resembling the training distribution, while the discriminator 
attempted to distinguish between real and generated samples. The adversarial training process was 
optimized using binary cross-entropy loss (2). 
ℒGAN = 𝔼𝔼𝑥𝑥~𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑[log𝐷𝐷(𝑥𝑥)] + 𝔼𝔼𝑧𝑧~𝑃𝑃𝑧𝑧 �log�1− 𝐷𝐷�𝐺𝐺(𝑧𝑧)���                       (2) 
where 𝐷𝐷(𝑥𝑥) is the discriminator’s probability that x is real, and 𝐺𝐺(𝑧𝑧) is the synthetic image generated 
from latent vector z. 

After training, only high-fidelity GAN-generated samples—verified through visual inspection—
were added to the training set. This augmentation strategy yielded improved model generalization, as 
discussed in Section 3. All preprocessing and augmentation steps were applied consistently across the 
5-fold cross-validation protocol to ensure fairness and reproducibility. 
2.3. Feature Extraction and Model Architecture 
The proposed classification framework is designed to effectively differentiate between beef and pork 
images by combining deep feature extraction using a lightweight convolutional architecture with 
ensemble decision fusion and visual explanation for interpretability. 

We employed EfficientNet B0 as a transfer learning backbone to extract deep features from both 
the full RGB image and its red channel, capturing general texture as well as specific chromatic cues 
essential for meat type discrimination. EfficientNet B0 was selected for its balance between model size 
and accuracy, utilizing compound scaling of network depth, width, and resolution [38], [51]. To enhance 
feature representation, we introduced a dual-branch architecture, where: (1) the RGB branch processes 
the full-color image 𝐼𝐼RGBϵℝ224×224×3; (2) The red-channel branch isolates 𝐼𝐼Red = 𝐼𝐼RGB[: , : ,0] and converts 
it to ℝ224×224×3 by channel-stacking. 

Both branches pass through shared EfficientNet B0 encoders (with frozen weights from ImageNet 
pretraining) and produce respective embeddings (3). 
𝐹𝐹RGB = 𝑓𝑓Eff𝑁𝑁𝑁𝑁𝑁𝑁(𝐼𝐼RGB),                       𝐹𝐹Red = 𝑓𝑓Eff𝑁𝑁𝑁𝑁𝑁𝑁(𝐼𝐼Red)                       (3) 
These embeddings are concatenated into a combined feature vector (4). 
𝐹𝐹Combined = Concat(𝐹𝐹RGB,𝐹𝐹Red)                          (4) 
The resulting vector 𝐹𝐹Combined ∈ ℝ2𝑑𝑑  (where ddd is the dimensionality of the EfficientNet output) serves 
as the input to the classification stage. 

Instead of relying on a single deep classifier, the extracted deep features were classified using a 
soft-voting ensemble composed of three classical learners: (1) Regularized Linear Discriminant Analysis 
(RLDA) – providing linear class separation with shrinkage regularization for stability [52]. (2) Support 
Vector Machine (SVM) – capturing nonlinear decision boundaries using an RBF kernel [53]. (3) Random 
Forest (RF) – leveraging bagged decision trees to capture feature interactions [54]. 

The final class probability is computed by averaging the predicted probabilities from all three 
classifiers (5). 
𝑃𝑃final(𝑦𝑦) = 1

3
∑ 𝑃𝑃𝑖𝑖(𝑦𝑦|𝐹𝐹Combined)3
𝑖𝑖=1                           (5) 

where 𝑃𝑃𝑖𝑖(𝑦𝑦) is the class probability from the iii-th model. 
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To interpret the model’s decisions, Gradient-weighted Class Activation Mapping (Grad-CAM) 
was employed [55], [56]. It computes the gradient of the output class score with respect to the 
convolutional feature maps from the final EfficientNet layer. The resulting heatmap, 𝐿𝐿Grad−CAM 
highlights the spatial regions in the input that contribute most to the classification (6). 
𝐿𝐿Grad−CAM𝑐𝑐 = ReLU(∑ 𝛼𝛼𝑘𝑘𝑐𝑐𝐴𝐴𝑘𝑘𝑘𝑘 )                          (6) 
where 𝛼𝛼𝑘𝑘𝑐𝑐  is the weight representing the importance of activation map 𝐴𝐴𝑘𝑘 for class 𝑐𝑐. 

This explanation mechanism confirms that the model focuses on semantically meaningful areas—
such as muscle fibers, marbling, and pigmentation—to differentiate between beef and pork. The final 
classification is obtained through a soft-voting mechanism that combines the outputs of RLDA, SVM, 
and RF classifiers, enhancing overall robustness. For visual interpretability, Grad-CAM is applied to the 
RGB branch to highlight the discriminative regions contributing to the model’s decision. The complete 
flow of the proposed framework is illustrated in Figure 2. 

 
Fig. 2. Overview of the proposed framework for beef and pork classification 

The model uses a dual-branch EfficientNet B0 to extract features from both RGB and red channel images. 
The extracted deep features are concatenated and passed to a soft-voting ensemble comprising RLDA, SVM, and 
Random Forest classifiers. Grad-CAM is used to generate visual explanations of the model’s predictions, 
highlighting regions of interest in the input image. 
2.4. Ensemble Classification with Soft Voting 
To enhance classification robustness, we employed a soft-voting ensemble that combines three 
complementary classifiers: Regularized Linear Discriminant Analysis (RLDA), Support Vector Machine 
(SVM), and Random Forest (RF). These classifiers operate on the concatenated feature vectors extracted 
from the dual-branch EfficientNet B0. The final class prediction is determined by averaging the 
probability estimates produced by each model. 

Let the output probability from the 𝑚𝑚𝑡𝑡ℎ classifier for class ccc given feature vector xxx be denoted 
as 𝑃𝑃𝑚𝑚(𝑥𝑥|𝑐𝑐). Then, the ensemble decision is (7). 
𝑦𝑦� = arg max

𝑐𝑐
� 1
𝑀𝑀
∑ 𝑃𝑃𝑚𝑚(𝑥𝑥|𝑐𝑐)𝑀𝑀
𝑚𝑚=1 �                          (7) 

where M=3 classifiers in the ensemble. 
Classifier Details and Parameters 
RLDA: Assuming a common covariance matrix between classes but includes a shrinkage parameter 𝜆𝜆 ∈
[0,1] to balance between sample covariance 𝛴𝛴 and the identity matrix 𝐼𝐼 (8). 
Σ′ = (1− 𝜆𝜆)Σ + 𝜆𝜆𝜆𝜆                           (8) 
Shrinkage parameter: 𝜆𝜆 = 0.1 
SVM: Mapping features into a higher-dimensional space via the RBF kernel (9). 
𝐾𝐾�𝑥𝑥𝑖𝑖,𝑥𝑥𝑗𝑗� = exp �−𝛾𝛾�𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗�

2
�                         (9) 

Parameters: C=10, γ=0.01 
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Random Forest: Constructing an ensemble of decision trees on bootstrapped data subsets with random 
feature selection at each split (10). 
𝑦𝑦�𝑅𝑅𝑅𝑅(𝑥𝑥) = mode{𝑇𝑇1(𝑥𝑥),𝑇𝑇2(𝑥𝑥), … ,𝑇𝑇𝑁𝑁(𝑥𝑥)}                                                 (10) 

Table 1. Ablation Comparison 
Model Accuracy (%) ROC-AUC F1-Score 
RLDA Only 92.50 0.946 0.925 
SVM Only 95.00 0.960 0.949 
RF Only 96.25 0.973 0.962 
Ensemble (RLDA+SVM+RF) 99.00 0.995 0.990 

The ensemble achieves superior performance compared to individual classifiers (as shown in 
Table 1), indicating that the integration of probabilistic, margin-based, and tree-based learners enhances 
generalization and increases prediction confidence. 
2.5. Visual Interpretation using Grad-CAM 
To enhance the interpretability of our deep feature-based classification model, we employ Gradient-
weighted Class Activation Mapping (Grad-CAM) as a visual explanation technique. Grad-CAM 
highlights the discriminative regions in the input image that most significantly influence the model’s 
predictions, thereby providing insights into how the EfficientNet B0 model distinguishes between beef 
and pork images. 

The Grad-CAM score map 𝐿𝐿Grad−CAM𝑐𝑐  for class c is computed from the gradients of the class score 
𝑦𝑦𝑐𝑐 with respect to the feature maps 𝐴𝐴𝑘𝑘 in the final convolutional layer of EfficientNet B0 (6). Where 𝛼𝛼𝑘𝑘𝑐𝑐 
are the weights computed via global average pooling of the gradients (7). 
𝛼𝛼𝑘𝑘𝑐𝑐 = 1

𝑍𝑍
∑ ∑ 𝜕𝜕𝑦𝑦𝑐𝑐

∂𝐴𝐴𝑖𝑖𝑖𝑖
𝑘𝑘𝑗𝑗𝑖𝑖                           (11) 

Here, Z is the number of pixels in the feature map  𝐴𝐴𝑘𝑘, and ReLU ensures only positive influences are 
considered. In our implementation: (1) We generate the Grad-CAM heatmaps from the last 
convolutional layer of EfficientNet B0. (2) The heatmaps are superimposed onto the original meat 
images to produce visual overlays highlighting critical spatial cues. 
3. Experimental Results and Evaluation 
This section presents the empirical evaluation of the proposed classification framework using a 
comprehensive set of quantitative metrics, ablation studies, and interpretability assessments. Model 
performance on the beef vs. pork image classification task is evaluated using both hold-out validation 
(90:10 split) and five-fold cross-validation, ensuring generalizability and consistency across varying 
data subsets. 
3.1.  Evaluation Metrics 
To thoroughly assess model performance, we employed the following evaluation metrics: 
Accuracy (Acc): Overall proportion of correctly classified samples (12). 
Acc = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹
           (12) 

Precision (P): The proportion of correctly predicted positive samples among all predicted positives (13). 
P = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
            (13) 

Recall (R): The proportion of correctly predicted positives among all actual positives (14). 
R = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
            (14) 

F1-Score (F1): Harmonic mean of precision and recall (15). 
F1 = 2 ⋅ P×R

P+R
            (15) 

Area Under the ROC Curve (ROC-AUC): Measuring the capability of the model to distinguish between 
classes across various thresholds. 
3.2. Training and Validation Performance 
The performance of the proposed EfficientNet B0 + Ensemble framework was evaluated using five-fold 
cross-validation, with the dataset split in a 90:10 ratio, consistent with previous studies. Table 2 presents 
the accuracy, ROC-AUC, and F1 scores for both the beef and pork classes across all folds. 

The model achieved an average accuracy of 97.89%, with a high ROC-AUC of 0.989, reflecting 
strong discrimination between the two classes. The F1 scores for both beef (0.985) and pork (0.986) 
remained consistently high, indicating balanced precision and recall across all folds. The low variance 
observed across folds highlights the model's robustness and stable generalization performance. 
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Table 1. Detailed training and validation results across 5-fold cross-validation for the proposed EfficientNet B0 + 
Ensemble framework. 

Fold Accuracy (%) ROC-AUC F1-Score (Beef) F1-Score (Pork) 
Fold 1 98.50 0.991 0.987 0.988 
Fold 2 97.90 0.988 0.985 0.986 
Fold 3 98.25 0.993 0.988 0.989 
Fold 4 97.65 0.987 0.984 0.985 
Fold 5 97.15 0.986 0.982 0.983 
Average 97.89 0.989 0.985 0.986 

To further assess the consistency of model performance, we performed a paired sample t-test 
comparing the fold-wise F1 scores between classes. The resulting p-value was greater than 0.05, 
indicating no statistically significant difference between the beef and pork classification outcomes. This 
result suggests that the model does not exhibit any bias toward either class. 

The high ROC-AUC values (>0.98) across all folds indicate that the ensemble classifiers effectively 
leverage the deep features extracted by EfficientNet B0. Moreover, the model consistently maintained 
strong performance across folds despite the dataset's visual complexity, suggesting that the integration 
of diverse classifiers (RLDA, SVM, RF) contributes to enhanced generalization. 

These results are substantially higher than those reported in previous studies that used 
handcrafted features (GLCM, LBP, HOG) and shallow classifiers such as PNN or traditional SVM. For 
example, earlier works achieved accuracies ranging from 75% to 93% under similar conditions, 
demonstrating the advantages of deep feature extraction and ensemble learning in this context. 

In summary, the proposed method not only improves predictive accuracy but also demonstrates 
consistent reliability, making it a promising approach for real-world applications in meat 
authentication. 
3.3. Qualitative Visual Analysis and Grad-CAM Explainability 
To provide interpretability and insight into model behavior, we applied Gradient-weighted Class 
Activation Mapping (Grad-CAM) to representative images of pork and beef. This visualization 
highlights the most influential regions contributing to the model’s decision, enabling an assessment of 
whether the classifier focuses on semantically meaningful features such as fat texture, marbling, or 
muscle fiber orientation. 

Figure 3 displays the Grad-CAM overlays generated from pork and beef samples. The first row 
(Figures 3a–b) shows standard Grad-CAM activations for pork and beef, respectively. These maps 
reveal that the model focuses on highly textured regions where intramuscular fat patterns and surface 
granularity are prominent—features critical in differentiating meat types. The second row (Figures 3c–
d) displays composite overlays and heatmaps side-by-side, showing clearer attention boundaries and 
discriminative patterns captured by the EfficientNet B0 feature extractor. 

The Grad-CAM outputs reveal that the model consistently attends to semantically meaningful 
regions, such as the central marbling patterns, fatty tissue boundaries, and color saturation gradients 
within the meat slices. In beef samples, the model focuses on denser red muscle regions with clearer 
marbling structures, while in pork samples, attention is often directed toward more homogeneously 
colored tissue with slightly lighter red tone. This pattern aligns with visual assessments made by meat 
experts and reinforces the model’s interpretability in distinguishing nuanced textural and color-based 
cues. 

In all high-confidence cases (prediction probability > 0.95), the highlighted areas closely 
corresponded with the core anatomical features of the meat. Interestingly, in borderline cases 
(prediction probability around 0.5–0.6), the activation maps showed broader and less localized focus, 
often capturing irrelevant background regions or image edges, which corresponds with reduced 
classification certainty. 

Such visual interpretation not only enhances transparency but also serves as a diagnostic tool to 
identify potential issues in dataset quality or instances where the model's focus diverges from expert 
visual reasoning. This is particularly important in domains such as food authentication, where 
explainability plays a crucial role in building acceptance and trust. 
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(a) (b) 

  
(c) (d) 

Fig. 3. Grad-CAM visualizations. (a) Beef sample (CAM overlay); (b) Pork sample (CAM overlay); (c) Beef sample 
(heatmap and blended overlay); (d) Pork sample (heatmap and blended overlay). 

Overall, the Grad-CAM-based visualization confirms that the model makes informed decisions 
based on discriminative image features rather than relying on spurious patterns. This strengthens 
confidence in deploying the model for practical applications such as halal certification, quality control, 
or automated meat classification systems. 
3.4. Findings, Limitations, and Future Works 
This study demonstrates that integrating EfficientNet B0 for deep feature extraction with an ensemble 
learning classifier provides a robust and interpretable solution for pork and beef image classification. 
The experimental results highlight several key findings. First, the use of EfficientNet B0 enables the 
extraction of high-level discriminative features, benefiting from its compound scaling strategy. This 
backbone outperformed traditional models in both classification accuracy and computational efficiency. 
Second, the ensemble learning approach combining SVM, RLDA, and RF enhanced prediction reliability 
through soft voting, achieving an impressive 99.0% accuracy and 0.995 AUC under hold-out testing. 
Furthermore, 5-fold cross-validation confirmed the model’s stability, showing consistently low 
standard deviations across accuracy, precision, recall, and F1-score metrics. 

In addition, visual interpretability was achieved using Grad-CAM, offering insight into how the 
model distinguishes pork from beef. The generated heatmaps showed that the model consistently 
focused on texture regions, marbling patterns, and muscle grain, rather than irrelevant background 
areas. These visualizations add a critical layer of explainability, especially in sensitive domains such as 
halal food assurance or regulatory inspection. 

Despite these strengths, the framework faces several limitations. The dataset, while informative, 
is limited in size and diversity. Factors such as varying lighting conditions, different meat cuts, 
packaging, and sources could affect generalizability. Moreover, the binary classification scheme does 
not yet address real-world scenarios involving adulteration (e.g., mixing pork fat into beef) or multiclass 
labeling (e.g., lamb, chicken). Additionally, although Grad-CAM enhances visual interpretability, it 
does not offer deeper attributional insights into which features or pixels contribute most decisively to 
the final prediction. 

For future work, several promising directions can be explored. One approach is to incorporate 
GAN-based synthetic data augmentation to enrich the training set with more diverse samples, thereby 
addressing generalization concerns. Another is to extend the framework toward multi-class 
classification and adulteration detection, supported by hierarchical or multi-label strategies. Moreover, 
transformer-based architectures or hybrid CNN-transformer backbones can be examined to capture 
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long-range dependencies. Finally, deploying lightweight models on edge devices or mobile applications 
could enable real-time meat authentication for supply chains and consumers. 
4. Conclusion 
This study presents a robust and explainable framework for binary meat classification, focusing on 
distinguishing pork from beef through image-based analysis. By leveraging EfficientNet B0 as a deep 
feature extractor and combining it with ensemble learning classifiers—SVM, RLDA, and RF—the model 
achieved strong generalization and high predictive performance. It was evaluated using a 90:10 hold-
out split and 5-fold cross-validation, yielding excellent results with a peak accuracy of 99.0%, a ROC-
AUC of 0.995, and consistently strong F1-scores. These results affirm the model’s capability to support 
sensitive classification tasks, such as food authentication and halal verification. 

The integration of Grad-CAM visualizations added transparency to the model by highlighting 
important regions in pork and beef images that influenced classification decisions. This improves 
interpretability, a crucial factor in real-world deployment scenarios. The proposed approach also 
effectively incorporated red-channel emphasis and ensemble decision-making, demonstrating how 
multimodal features and classifier synergy can enhance reliability. 

Nevertheless, challenges remain regarding dataset diversity, adulteration detection, and real-
time deployment. Future work will aim to expand the dataset using GAN-based augmentation, explore 
multi-label classification and adulterated meat detection, and investigate transformer-based feature 
extractors to enhance context awareness. Ultimately, the goal is to develop a deployable, explainable, 
and scalable solution for meat quality assurance in both food industries and consumer-level 
applications. 
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