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ABSTRACT

Agriculture plays a vital role in food security and economic development in developing countries like
Ethiopia. Precisely identifying the geographical origin of agricultural products like Teff is challenging
because different varieties may have the same size, color, and shape. This study applies computer vision
with multi-channel capsule network algorithm architecture to identify the geographical origin of
Ethiopian Teff. The proposed approach overcomes the traditional CNN's challenges related to viewpoint
variation, overfitting, and spatial variation for red and mixed varieties of Teff. The images of Teff were
collected from various locations in the Amhara region of Ethiopia. Image preprocessing techniques used
in this work include median, Gaussian, and non-local means filtering to enhance the image quality.
Content-aware resizing was applied to resize the images, and Contrast Limited Adaptive Histogram
Equalization (CLAHE) was used to enhance image contrast. For image segmentation, we used multi-Otsu
thresholding, region-based segmentation, watershed segmentation, and U-Net to identify the regions of
interest in the Teff images. Subsequently, we extracted features from the segmented images using the
BRISK and HOG methods. Once the feature vectors were obtained, we developed a model using Capsule
Networks to determine the geographical origin of Ethiopian Teff. A total of 11 distinct experiments took
place and achieved notable results in three different approaches. The first approach, using the BRISK
feature extraction method, combined Multi-Otsu thresholding, region-based segmentation, watershed
segmentation, and comprehensive noise removal, achieved the highest accuracy of 84%. In the second
approach, when combining region-based segmentation with that of median and Gaussian filtering, along
with BRISK feature extraction, achieved an accuracy of 80%. The third approach, using Histogram of
Oriented Gradients (HOG) feature extraction, combined with Multi-Otsu thresholding, region-based
segmentation, watershed segmentation, and comprehensive noise removal, achieved a good accuracy of
92.5%. These findings demonstrate that our proposed model can accurately identify the geographical
origin of Ethiopian Teff with a test accuracy of 92.5% performance.
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1. Introduction

Agriculture is the main source of Ethiopian economy that covers overs 85% of the population and contributing to food
security and exports [1]. Teff holds the particular cultural and economic significance and the primary grain of
preparing injera. It is the smallest grain in size accross the world approximately 1 mm. It is primarily cultivated in the
Ambhara and Oromia regions, and in smaller quantities in Tigray and SNNP [2] regions. Teff can be categorized into
three types including white, red, and mixed. Despite its economic and other relevance, the accurate geographical origin
determination of Teff remains a major problem and it is unexplored. The white teff commands premium prices due to
its restricted growing conditions and consumer preference. White Teff from specific high-altitude regions commands
30 to 50% higher prices than mixed varieties from lower altitudes [3]. This price variation creates a strong economic
incentive for misrepresentation. The traders as well as producers may falsely label lower-value of Teff as originating
from relevant regions to receive higher market prices. This human attitude may harm market integrity, defraud
consumers, and harm legitimate producers. In addition to this problem, Teff varieties from different regions have
different morphological differences in size, shape, and also in color. These morphological differences are not easily
visible and identified by the human eye. Even experienced agronomists at the Adet Agricultural Research Center
acknowledge that visual identification is unreliable and prone to error [4]. This visual similarity can lead to fraud in
Teff trading, where mislabeling can be difficult to detect without laboratory analysis automatic tools. Recent advances
in artificial intelligence, such as deep learning and computer vision approaches have great performance in agricultural
applications, including crop identification, quality assessment, and classification [5-7]. These studies have explored
the deep learning and computer vision techniques for different tasks like fruit grading [8], maize seed classification
[9], coffee bean classification [10], and tomato classification [11]. However, applying these techniques to Teff origin
determination have its own challenges. This is because the Teff grain size and subtle inter-regional morphological
variations [12] are significantly different from other agricultural products. Existing machine learning approaches for
Teff origin determination have two main critical limitations. The first limitation is a limited variety and region
coverage. The only previous study in [13] focused exclusively on white Teff from four regions. This study excluded
red and mixed varieties that have vital market segments and failing to represent the full complexity of the Teff supply
chain. The second is the fundamental CNN approach limitations. While CNNs have been widely used in agricultural
classification, they suffer from inherent limitations that are particularly problematic for Teff grain classification [14,
15]. In this study, we proposed a multi-channel capsule network with computer vision for determining the geographical
origin of Ethiopian Teff. This approach addresses the spatial invariance, viewpoint variance, and limited variety or

region coverage limitations of previous CNN-based approaches.

2. Related Works

Previous study [16] developed a tomato classification model with a total dataset of 5,266 images from 7 different
tomato species. The images were primarily resized into 150x150 pixel sizes. In this paper the Deep CNN approach
was used in order to extract features and perform classification by incorporating Max Pooling layers. The dataset was
divided into training 70% and validation 30% subsets. The training accuracy achieved a performance of 99.99%, and

the validation accuracy achieved a performance of 93%. However, it is important to note that training CNNs typically
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requires a typical amount of annotated data. In addition to that image reconstruction can pose challenges when using
max pooling. As a result, there is still room for improvement in tomato classification methods. Furthermore, Teff
presents additional challenges compared to tomatoes due to its significantly smaller size. Thus, the development of an

improved approach is necessary to accurately identify the geographical origin of Teff.

The study by [17] developed the distinction between peaberry and normal beans model was investigated. A total of
3,338 datasets images was used. The images then resized into 32x32 pixel size, 64x64 pixel size, 128x128 pixel size,
and 256x256 pixel size. The researchers used CNN and Support Vector Machines (SVM) algorithm for classification
purpose. The experimental results shows that the CNN have higher performance than the SVM in determining the
peaberry beans. The image processing techniques were used to grade the raw quality of Ethiopian coffee in the study
[18]. In this study a total of 10,000 coffee bean images were used. They additionally used yhe thresholds for
segmentation and a Gaussian blur filter to remove noise. They also used an 80% dataset for training and a 20% dataset
for testing. The ANN, SVM, and KNN techniques are used for classification. ANN classifier showed the highest
accuracy of 89.64% than the others. However, they did not use alternative segmentation techniques, nor did they

consider the algorithms of CNN and CapsNets.

In the paper [19], the authors identify the banana ripeness stage using a deep learning approach. The banana ripeness
is divided into four different stages. A total of 273 images dataset were used, and then splitted 80% of the data in each
stage used for training and 20% of the data used for testing. They used a CNN for classification, but it requires a huge
number of images for training to achieve better classification results. Based on this, they augmented the original
images, then trained and tested both the original and augmented images. The CNN model was trained with an overall
validation accuracy of 96.14% compared with VGGNetl16 and ResNet50. But unlike CNN, capsule networks don’t
need a huge number of images. In a recent study by [20]. The researchers explored the recognition of Shiro flour
variety using a combination of CNN and Gray-Level Co-occurrence Matrix (GLCM) features. A dataset of 6,000
images for this investigation. Different techniques like the GLCM, CNN (for automatic feature extraction), and the
combination of CNN and GLCM (traditional feature extraction) are used. The researchers used the CNN, SVM, and
KNN algorithms in order to classify the Shiro flour variety. The results showed that the combined feature vectors of
CNN and GLCM used with the KNN classifier achieved the best accuracy of 99.9% performance. However, the
authors note that while the CNN and KNN algorithms performed well, they are traditional approaches compared to
the more recent CapsNets. This may offer advantages in capturing the unique structural characteristics of the Shiro

flour variety.

In the study conducted by [21] Teff geographical identification model was developed. The researchers used a total of
3,088 Teff images and implemented on the MATLAB experimental tool. They also applied the preprocessing
techniques. These preprocessing techniques like Brightness Preserving Bi Histogram Equalization (BBHE), median
and Gaussian filters for noise removal, and combined thresholding with Mask R-CNN for image segmentation. The
researchers used the (CNN) and the BRISK algorithms for feature extraction. The different classification algorithms
are evaluated, including Multi-class Support Vector Machine (SVM), CNN, and a combined SVM-CNN approach,
with Principal Component Analysis (PCA) also applied. The proposed Multi-class SVM classifier achieved a training
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accuracy of 97.66% and a testing accuracy of 92.02% in identifying the geographical origin of Teff. However, the
study noted limitations such as spatial invariance, data structure understanding, and viewpoint variance issues in CNN,
which can increase the misclassification error, as well as the potential for overfitting and training on noisy image data.
Additionally, CNN-based models can be easily fooled by carefully constructed noise in the input images, and the study
focused only on white Teff from four geographical areas, which may limit the generalization to other Teff varieties
and regions. When the literature review is examined, it is observed that CNN-based algorithms are frequently used for
the classification of different agricultural products. However, the natural complexity of different agricultural product
images still limits the performance of many CNN models. In our study, we develop a multi-channel capsule network

with computer vision to determine the geographical origin of Teff to fix these limitations.

3. Materials and Methods

The proposed model incorporates three components, including image preprocessing, feature extraction, and
classification. In image preprocessing, a series of steps, such as resizing using content-aware, noise removal using a
combination of median, Gaussian, and non-local means denoising techniques, are applied. Histogram equalization
techniques were used to improve the contrast of RGB images by effectively spreading out the most frequent intensity
values. After the image is converted into grayscale, the Contrast Limited Adaptive Histogram Equalization (CLAHE)
was used before applying image segmentation. After getting the CLAHE image, the segmentation phase took place.
The image segmentation techniques, such as multi Otsu's thresholding, region-based and watershed segmentations, as
well as deep learning-based image segmentation U-Net, were used for this study. Then after, from the segmented
images, feature extraction was performed using HOG (Histogram of Oriented Gradients) and Binary Robust Invariant
Scalable Key Points (BRISK) vector used to enhance the feature extraction technique for Teff feature extraction.
Finally, the extracted feature vector is fed to CapsNets for developing the model that helps to determine Ethiopian
Teff based on their geographical origins. The high-level model architecture is depicted in Figure 1.
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Figure 1: The proposed model architecture

3.1. Image Preprocessing
The image is often affected by background distortions like noise, illumination variations, and shadows. These
distortions can limit the critical information. To address these challenges, we applied preprocessing to reduce noise
and improve image contrast while preserving relevant image information. In this proposed study, the image processing
techniques, including image resizing, histogram equalization (HE), noise reduction, segmentation, image scaling, and

contrast enhancement, were used on Teff images.

3.1.1. Noise removal

In this study, we captured the Teff images on white paper. This helps to reduce the noise. Salt-and-pepper noise (dust)
and other noise types that happen during image acquisition of the image. To remove such noise, we used median,
Gaussian, and non-local means denoising filter techniques that increased the image quality, according to [22, 23]. To
achieve effective noise removal while preserving important details, we used a combination of techniques. We started
by applying a median filter to remove impulse noise, such as salt-and-pepper noise, which might be present in Teff
grain images. As depicted in Figure 2, the median filter replaces each pixel value with the median value of its

neighborhood, effectively reducing the impact of outliers.
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Original Image Denoised Image (Median Filter)

Figure 2: Noise removal using median filtering

As depicted in Figure 3 we applied a Gaussian filter to reduce Gaussian noise, which is a type of random noise
commonly found in images. The Gaussian filter convolves the image with a Gaussian Kernel, smoothing out the image
and reducing high-frequency noise while preserving the overall structure. The Gaussian filter's blurring effect

complements the edge-preserving properties of the median filter.

31 # Save the denoised image
32 cv2.imwrite("Denoised Image using Gaussian.jpg"”, denoised_image)

Denoised Image using median Denoised Image using Gaussian

Figure 3: Noise removal using Gaussian filtering
Lastly, we applied non-local means denoising to further reduce both random and structured noise. This technique
compares patches within the image to estimate the true pixel values, effectively reducing noise while preserving
textures and details.24]. Applying this after the median and Gaussian filters can help remove any remaining noise

while preserving important details. The denoised teff image with non-local means is represented in

27 # Save the denoised image
28 cv2.imwrite("Image using Non-Local_Means.jpg"”, denoised_image)

Image using Gaussian Image using Non-Local_Means

Figure 4: Noise removal using non-local means denoising

Figure 4.
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3.1.2. Resizing(resampling) of Image

Rather than a traditional resizing method, a content-aware seam carving, introduced by [25] was used to resize an
image. This is a especially important when maintaining the aspect ratio is crucial. In this technique, a seam refers to
an 8-connected path of pixels in the horizontal or vertical direction, with one pixel per row [26]. This helps for our
proposed model to preserve the integrity of important objects or structures in the image. This minimizes distortions or

information loss compared to traditional resizing methods.

3.1.3. Conversion to Grayscale

When we train our proposed model primarily it receives input images in the RGB color space. In order to simplify the
computational requirements of the proposed model, the normal RGB image is converted into a grayscale image format.
This conversion stage is important because of grayscale images only contain intensity information. This makes easier
to process compared to RGB images [27]. Considering our proposed input dataset diverse colors, using grayscale can
ensure consistent prediction methodologies. The conversion from RGB to grayscale is a well-established technique
that reduces the dimensionality of the input data by preserving the necessary image information. Figure 5 illustrates

representative Teff images before and after grayscale conversion.

Figure 5: Grayscale conversion of Teff grain images. (a) Original RGB images; (b) corresponding grayscale images

3.1.4. Histogram Equalization

In this proposed study, we used the CLAHE technique that applies contrast limiting to each neighborhood to derive a
transformation function [28]. The CLAHE is good for images with speckle noise, low-contrast regions, and resolvable
details. It also prevents over-amplification of noise. The CLAHE computes multiple histograms each for a distinct
image region, and uses them to redistribute lightness values. This can improve the local contrast, edge definitions,
texture features, and overall image structure. Figure 6 shows representative Teff images before and after CLAHE

application.
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Original Teff Image  Normal histogram equalization Teff Image ciAHE Teff Image

a) b) C)

Figure 6: CLAHE enhancement on Teff grain images. (a) Original grayscale Teff images; (b) corresponding CLAHE-
enhanced images; (c¢) histogram comparison showing intensity redistribution and contrast stretching

3.1.5. Image Segmentations

Image segmentation is the process of dividing a digital image into a set of pixels or multiple regions [29]. In the
context of Capsule Networks, segmentation is essential for minimizing computational time and extracting
representative features as identifiers. The primary objective of image segmentation is to simplify the image for
improved analysis. In this study, we used a combination of Otsu's thresholding, region-based segmentation, watershed
segmentation, and U-Net segmentation in deep learning to isolate relevant features from the rest. Otsu's thresholding
is a measure of thresholding that reduces the variation within two sets of pixels (background and foreground) by
creating a histogram and finding an optimal threshold [30]. Multi-Otsu thresholding separates pixels in an input image
into several different classes based on the intensity of gray levels. In the case of Teff grain images, where multiple
intensity levels or classes can exist within the grains, multi-Otsu thresholding is a useful technique. This technique
automatically determines optimal threshold values based on the image's intensity distribution, aiding in the division
of the image into multiple regions or classes. Figure 7 shows representative Teff images before and after Multi-Otsu

thresholding segmentation.

Figure 7: Multi-Otsu thresholding segmentation on Teff grain images. (a) Original grayscale Teff images; (b) Multi-
Otsu thresholding results showing multi-class segmentation
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Once the threshold values are obtained from multi-Otsu thresholding, we used region-based segmentation algorithms
to further segment the image based on criteria such as texture, color, or intensity similarity. Region-based segmentation
involves grouping pixels or regions with similar attributes and is commonly used to identify and separate objects or
regions with similar characteristics in an image [3 1]. This approach is more resistant to noise and is particularly useful
when it is straightforward to define similarity criteria for the desired segmentation task. Figure 8 illustrates

representative Teff images before and after region-based segmentation.

Figure 8: Region-based segmentation on Teff grain images. (a) Original grayscale Teff images; (b) region-based
segmentation results showing coherent segmented regions

Finally, we apply watershed image segmentation to separate connected regions or fine details within the segmented
regions obtained from the region-based segmentation. It helps in refining the segmentation by considering the gradient
or edge information within the image. The watershed algorithm then simulates flooding the surface, starting from
markers or seed points, and determines the boundaries between regions based on the flooding process [32]. Figure 9

illustrates representative Teff images before and after watershed segmentation.

Figure 9: Watershed segmentation on Teff grain images. (a) Original grayscale Teff images; (b) watershed
segmentation results showing separated grain regions

U-Net segmentation: U-Net segmentation is an enhanced, deep-learning-based convolutional neural network. It has
the same encoder and decoder. An encoder is used to extract features, unlike fully adaptive networks that sample

features using cross-connections. Cross-connections in U-Net are designed to solve the problem of data loss [33]. U-
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net are the ability to create very detailed segmentation maps. Figure 10 illustrates representative Teff images before

and after U-Net segmentation, demonstrating the network's ability to produce detailed segmentation maps

Figure 10: Images before (a) and after (b) using U-Net segmentation

3.2. Feature extractions
Following to the image segmentation phase, we followed the feature extraction. This feature extraction stage converts
raw pixel data from segmented Teff images into a vector feature representation. Then after these extracted feature
vectors are used as the input for next classification stage. This enables the model to learn effectively discriminate

among Teff varieties from different geographical origins.

Histogram of Oriented Gradients (HOG): This feature extractor works by counting the frequencies of oriented
gradients within localized parts of an image. HOG is a strong feature extractor because of its capability to capture the
orientation and magnitude of gradients. This is particularly prominent at corners and edges where intensity changes
occur. These edges help define the shape of an object [34]. By analyzing the distribution of gradients, HOG can
effectively determine the appearance and shape of an object within an image. The figure in Figure 11 are the sample

Teff images after Histogram of Oriented Gradients feature extraction.

T'T
T

44

* A
-~ &
s A

Figure 11: HOG feature extraction results on Teff grain samples

Binary Robust Invariant Scale Key Points (BRISK): BRISK is a local feature detection and description algorithm
that achieves robust performance against image transformations, particularly rotation and scale variations [35]. It
constructs a feature descriptor of the local image using the grayscale relationship of random points pairwise in the
neighborhood of the image and obtains the binary feature descriptor. It is used for small objects. BRISK descriptors

can be advantageous for applications with limited memory or computational resources, as it allows for efficient storage
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and comparison of the feature descriptors [36]. Figure 12 are the sample Teff images after the Binary Robust Invariant

Scale Key Points feature extraction

a) b) c)

Figure 12: BRISK feature extraction visualization on representative Teff grain samples. (a) Original grayscale Teff
images; (b) detected BRISK key points with scale (circle radius) and orientation (line direction); (c¢) binary descriptor
sampling pattern around key

3.3. Classification
The Multi-channel capsule network is a recent deep learning architecture that overcomes the limitations of traditional
CNNs [37]. It is a carrier containing a group of organized neurons, each representing various properties of an entity
in the image, including position, size, direction, deformation, speed, hue, and texture. It accepts input as a vector and
consists of a Convolutional layer, a Primary Capsule layer, a DigitCaps layer, and an encoder-decoder. A capsule's
activity vector represents the probability of the entity's existence, and its orientation represents its instantiation
parameters. Our proposed Multi-Channel Capsule Network based model employs a three-channel-based architecture
designed to capture complementary feature hierarchies at different scales. The architecture comprises four main
components, including a Convolutional Layer, Primary Capsule Layer (three parallel channels), Digit Capsule Layer,

and Classification Layer. Figure 13 illustrates the complete architectural diagram.

Image
(150x150)

Preprocessing
Techmques

1 Convl Digit Caps

Heg
T T

18 Output

Figure 13: Multi-channel capsule network architecture
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The Convolutional Layer (Conv1), with an input image of (150 x 150 x 1), is first processed through a convolutional
layer with 256 filters of size 9 x 9 and stride 1. This layer extracts low-level features such as edges, corners, and
textures from the grayscale Teff images. The ReLU activation function introduces non-linearity, and the output is a
feature map of dimensions 142 x 142 x 256. No pooling is applied at this stage to preserve spatial information. Another
Primary Capsule Layer is the core innovation of our architecture, comprising three parallel channels operating at

different dimensionalities:

Table 1: Configuration parameters of the three-channel primary capsule layer in the proposed Multi-Channel Capsule

Network architecture

Parameters Channels

Channell Channel2 Channel3
Capsule network dimension 8 16 32
Number of Capsule Types 32 32 32
Spatial grid 6x6 6x6 6x6
Convolution kernel 9x9 9x9 9x9
Number of Strides 2 2 2
Output shapes 32x6x6x%8 32x6x6x16 32x6x6x%32

The Digit Capsule Layer receives the output from all three primary capsule channels (concatenated) and produces 18-
digit capsules, one for each Teff class (6 regions x 3 varieties). Each digit capsule has a dimension of 16, encoding
the instantiation parameters for its corresponding class. The transformation from primary capsules to digit capsules is
achieved through a dynamic routing-by-agreement mechanism. The output of the Digit Capsule Layer is a tensor of
shape 18 x 16. In the Classification Layer, the 18-digit capsule outputs (each 16-dimensional) are concatenated to
form a feature vector of length 288 (18 x 16). This vector is then passed through a fully connected dense layer with

SoftMax activation to produce class probabilities.

exp(Z;) (1)

p(yyx) = 12, exp())

where Z; is the logit for class i and the SoftMax function ensures probabilities sum to 1.

Loss Function: We employ a margin loss function for multi-class classification, following Sabour et al. (2017):
Ly = Ty.max(0,m* — ||uk||)2 +4.(1 = Tp).max(0, ||lu || — m™)? )
where:
T,=1 if class k is present, 0 otherwise,
m*= 0.9 (upper margin for correct class),
m~=0.1(lower margin for incorrect class),

A=0.5 (down-weighting factor for absent classes).
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The total loss is the sum over all 18 Teff classes: L = Y42, L. This margin loss encourages the correct class capsule
to have a long output vector (with presence probability > 0.9) and incorrect classes to have short vectors (with presence

probability < 0.1). Table 2 Summarizes the complete training hyperparameters used in the experiment in detail.

Table 2: Training hyperparameters for the proposed Multi-Channel Capsule Network

Hyperp Optimi Learning Bet Beta2 Batch Epoch Iterat Activatio Activation Activatio
aramete zer Rate al Size ions n (Capsules n

r (Convl) ) (Output)

Value Adam  0.001 0.9 0999 32 100 3 ReLU squash softmax

3.4. Evaluation Metrics of the Proposed Model

We have evaluated the proposed model using the confusion matrix, accuracy, recall, precision, and fl score. The
correct and incorrect predictions were counted and broken down by class. It is a clear and explicit way to present the
prediction results of a classifier for each class. We have used the Confusion matrix to analyze the performance of the
classification model, which was confused when making predictions. It has been represented by a matrix of the true
class labels versus the predicted class labels, containing the number of correctly predicted instances and misclassified

instances for each class. Table 3 Summarizes the overall evaluation metrics.

Table 3: Evaluation metrics used to assess the performance of the proposed model

Evaluation Measures of description Mathematical equations
Metrics
Accuracy Accuracy refers to the closeness of the measured (M) «100)
value to a standard or true value Total Predictions
Precision The percentage of true positives alongside all TP
positives (TP + FP)
Recall The percentage of true positives alongside the TP
whole true or right data (TP + FN)
F1-Score It is the weighted average of precision and recall 2 * (Precision * Recall)

(Precision + Recall)

4. Results and Discussion
4.1. Dataset Collection

We created a custom dataset through systematic image acquisition, as no pre-existing dataset was available for Teff
geographical origin classification. To ensure accurate labeling of the dataset for our training model, we consulted
agronomists and grain experts at the Adet Agricultural Research Center, Amhara, Ethiopia. The main dataset source
regions are Adet, Bichena, Debre Markos, Dejen, Denbya, and Minjar. The Teff images were captured using a 13-
megapixel smartphone camera with a resolution of (1466 x 720 pixels) and a camera stand to minimize lighting
variations and motion blur. The JPEG image format was chosen for the purpose of computational efficiency and
preprocessing. The dataset collected contains a total of 3600 different Teff images. A total of 200 images per class

across 18 classes were collected for this study. We cllect almost equal number of dataset for each class to address
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class imbalance cases. The dataset was then divided into training 70%, validation 15%, and testing 15% subsets. Data
augmentation techniques was applied to increase dataset limitation and inorder to improve model generalization. Table

4 provides a detailed breakdown of the dataset for model training.

Table 4: Number of Teff images collected for each category

Area (Sources) Types of Teff (Color) Number of images

1 Adet White 200
Red 200
Mixed(ACTE) 200

2 Bichena White 200
Red 200
Mixed(ACTT) 200

3 Debre Markos White 200
Red 200
Mixed(0C15) 200

4 Dejen White 200
Red 200
Mixed(C15) 200

5 Denbya White 200
Red 200
Mixed(ACTT) 200

6 Minjar White 200
Red 200
Mixed(ACTT) 200

Total 3,600

4.2. Experimental Setup
The proposed model experiments were performed on the Intel® Core i7 computer with 16 GB of RAM, running on
with Windows 10 operating system. This local computer is used for data preprocessing, initial model development,
and result visualization. Google Colaboratory and Kaggle provide the necessary cloud-based GPU resources to speed
up model training and experimentation. TensorFlow 2.8.0 and the Keras API were used to implement the proposed
model. The optimizer we used was Adam, with that of learning rate 0.0001, 100 epochs, a batch size of 32, and the
categorical cross-entropy loss function. The actual early stopping was applied to reduce overfitting and also fixed
random seeds were used to improve reproducibility. Table 2 shows the overall hyperparameters for our proposed
model experiments. Once this experimental setup was prepared, the 11 configurations were explored by considering

the various segmentation techniques, noise removal methods, and feature extraction approaches.

4.3. Experimental Results
We conducted various 11 systematic experiments to evaluate the performance of the proposed Multi-Channel Capsule
Network based model with the different combinations of segmentation techniques like noise removal methods, and

feature extraction approaches. Table 5 Summarizes all experimental configurations and their results as well.
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Table 5: Summary of all experimental configurations and performance metrics

Exp Segme Noise Feature  Test Train Acc Best/Worst
ntation Removal Extrat Acc Class Performance
El Multi-Otsu Median+ BRISK 71.1% 100.0% Minjar Red (100%) /
Gaussian Markos Mixed (47%)
E2 Region-based Median+ BRISK 80.0% 99.8% Dejen_Mixed (100%) /
Gaussian Adet_Red (56%)
E3 Watershed Median+ BRISK 78.5% 100.0% Minjar White (90%) /
Gaussian Markos Mixed (53%)
E4 Multi-Otsu Med+ BRISK 80.7% 99.8% Minjar White (100%) /
GausstNLM Dejen_Red (56%)
E5 Multi-Otsu+ Med-+ BRISK 82.9% 100.0% Minjar White (100%) /
Region GausstNLM Markos White (62%)
E6 Multi-Otsu+ Med+ BRISK 84.0% 99.8% Minjar White (100%) /
Regiont+Watershed GausstNLM Markos_White (62%)
E7 U-Net Med-+ BRISK 80.0% 97.2% Dejen Mixed (100%) /
Gauss+tNLM Denbya Mixed (39%)
E8 Multi-Otsu Med+ HOG 89.8% 100.0% Multiple ~ (100%)  /
GausstNLM Markos_White (75%)
E9 Multi-Otsu+ Med-+ HOG 91.4% 100.0% Multiple  (100%)  /
Region Gauss+tNLM Denbya Mixed (53%)
E10 | Multi-Otsu+ Med+ HOG 92.5% 100.0% Multiple  (100%) /
Region+Watershed Gauss+NLM Denbya_Red (73%)
E11  U-Net Med+ HOG 84.8% 97.4% Denbya Red (best) /
GausstNLM Bichena White (45%)

4.4. Cross-Validation Results

We conducted a 5-fold cross-validation on the training data 70% training, n=2520 for 11 experiments in order to
evaluate the robustness and generalizability of the proposed model. Table 6 presents the cross-validation results
including mean accuracy, standard deviation, 95% confidence intervals, and the final test set accuracy (15% holdout,
n=540). The optimal configuration (Experiment 10) achieves a cross-validation mean of 92.0% + 0.7% with a 95%
confidence interval of 91.3% to 92.7%. All experiments show low variance (< +2.4%). This confirmed that the stable
performance across data partitions. Cross-validation and test set accuracies align within < 0.5%, validating the

reliability of the final model performance.

Table 6: 5-fold cross-validation results for all experiments

Exp Segme Noise Feature (6)% CV Std. 95% CI  Test

ntation Removal Extrat. Mean Devn. Acc.
Accu. (15%)
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El Multi-Otsu Median+ BRISK 70.6% +2.3% [68.3%, T1.1%
Gaussian 72.9%]

E2 Region-based Median+ BRISK 79.4% +1.9% [77.5%, | 79.8%
Gaussian 81.3%]

E3 Watershed Median+ BRISK 78.0% +2.1% [75.9%, @ 78.3%
Gaussian 80.1%]

E4 Multi-Otsu Med+ BRISK 80.1% +1.6% [78.5%, | 80.5%
Gauss+NLM 81.7%]

E5 Multi-Otsu+ Med+ BRISK 82.3% +1.5% [80.8%,  82.7%
Region Gauss+tNLM 83.8%)]

E6 Multi-Otsu+ Med+ BRISK 83.4% +1.4% [82.0%, | 83.9%
Region+Watershed Gauss+tNLM 84.8%]

E7 U-Net Med+ BRISK 79.1% +2.4% [76.7%, @ 79.5%
Gauss+tNLM 81.5%]

ES8 Multi-Otsu Med+ HOG 89.2% +1.1% [88.1%, | 89.6%
Gauss+tNLM 90.3%]

E9 Multi-Otsu+ Med+ HOG 90.8% +0.9% [89.9%, 91.2%
Region GausstNLM 91.7%]

E10 | Multi-Otsu+ Med+ HOG 92.0% +0.7% [91.3%,  92.3%
Region+Watershed Gauss+tNLM 92.7%]

E11  U-Net Med+ HOG 84.0% +1.7% [82.3%, 84.5%
Gauss+tNLM 85.7%]

4.5. Comparative Analysis by Feature Extraction Method
4.5.1. BRISK Feature Extraction Experiments (Experiment 1- Experiment 7)
The BRISK-based experiments reveal three key trends. Noise Removal has a great impact, while adding non-local
means filtering to median and Gaussian filters (Experiment 4 vs Experiment 1) improved accuracy by 9.6% (71.1%
to 80.7%). This reveals that comprehensive noise suppression is critical for Teff classification. The overfitting gap
correspondingly decreased from 28.9% to 19.1%. Accuracy improved incrementally with segmentation complexity,
from Multi-Otsu alone 80.7% to Multi-Otsu+Region 82.9% to Multi-Otsu+Region+Watershed 84.0%. The relevant
3.3% increament improvement can confirms that there is no single segmentation method captures all relevant Teff
grain characteristics and also the combination approach addresses different aspects of the segmentation challenge. The
combined traditional and deep learning segmentation approachs such as Experiment 6, 84.0% outperformed U-Net
Experiment 7, 80.0%, demonstrating that for this dataset size and application hand-crafted segmentation features are
more effective than learned features. Across the BRISK experiments the white varieties from geographically close
regions (Bichena White, Markos White) consistently showed the lowest classification accuracy. This indicats that

color and shape similarities are the primary Challenging Classes.

4.5.2. HOG Feature Extraction Experiments (ES8-E11)

As we can observed from the experimental results we got, the HOG-based experiments demonstrate superior
performance across all configurations. The HOG outperformed than the BRISK by 8.5 to 9.1% Experiment 8 vs

Experiment 4, +9.1% Experiment 9 vs Experiment 5, +8.5% and Experiment 10 vs Experiment 6, +8.5%. This
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advantage showed that the HOG is effective in capturing global shape and edge information. These are the primary
discriminative features for Teff varieties. Similar to BRISK experiments, accuracy improved with segmentation
complexity of Multi-Otsu 89.8%, Multi-Otsu+Region 91.4%, and Multi-Otsu+Region+Watershed 92.5%. The
optimal configuration the Experiment 10 achieved the highest overall accuracy. The HOG-based experiments showed
substantially smaller overfitting gaps (7.5 to 12.6%) compared to BRISK experiments (15.8 to 28.9%), indicating that
global shape features generalize better than local keypoint features. U-Net with HOG accuracy of (84.8%) again

underperformed the combined traditional segmentation approach (92.5%), reinforcing the finding that traditional

segmentation methods are more effective for this Teff geographical identification.

4.6. Optimal Configuration Performance
The optimal configuration (Experiment 10), combining Multi-Otsu thresholding, region-based segmentation, and

watershed segmentation with comprehensive noise removal and HOG feature extraction, achieved 92.5% test accuracy
with only 7.5% overfitting, with a minimal overfitting gap. The optimal accuracy curve is depicted in Figure 14. The
class-wise performance of Multiple classes achieved 100% accuracy, including Adet Mixed, Dejen Mixed,
Dejen_White, Denbya Mixed, Markos White, Minjar Red, and Minjar White. The most challenging classes were
Denbya Red (73%) and Adet Red (78%), both red varieties from geographically close regions with high visual

similarity.
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Figure 14: Training and validation accuracy (a) and loss (b) curves for the optimal configuration (Multi-Otsu + Region-

based + Watershed segmentation, comprehensive noise removal, and HOG feature extraction)
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As depicted in Figure 15 The confusion matrix for the optimal configuration showing per-class classification

performance across 18 Teff classes.

Adet_Mixed

Adet_Red -
Adet White - 0
Bichena_Mixed - 0
Bichena_Red - 0 0 0
Bichena_White - 0 0 0
Dejen_Mixed - 0 0 0
Dejen_Red - 0 0 0
Dejen_White - 0 0 0

Denbya Mixed - 0 0 0

True labels

Denbya Red - 0 1 0
Denbya_White - 0 0 0
Markos_Mixed - 0 0 0
Markos Red - 0 0 0
Markos_White - 0 0 0
Minjar_Mixed - 0 0 0

Minjar Red - 0

[=]

[=]
[=]
[=]

Minjar_White -

Adet_Red -
Adet_White -

Adet_Mixed -

[=]

[=]

Bichena_Mixed -

[=]

[=]

Bichena Red -

[=]

Bichena_White -

[=]

[=]

Dejen_Mixed -

Confusion Matrix

0 0 0 0

1 0 0
0 0 0
0 i} 0
0 0 1
0 0 0

[=]
[=]
[=]
[=]

[=]
[=]
[=]
[=]

Dejen_Red -
en_White -
Denbya_Red -

Dej

Denbya_Mixed -

Predicted labels

[=]

Denbya_ White -

0 0
0 0
0 0
0 0
0 0
1 0
0 0
0 1
0 0
0 0

0 0
0 0
0 0
I 1

T B

-

= unl

Lnl [=]

g 3
= =

=

20.0

17.5

15.0

10.0

0 0 0
1 0 o -7.5
1 0 0
0 0 0 -5.0
0 0 0
0
-2.5
0
0 0 0
| | | - 0.0
2 3 3 2
£ % € £
= E <=
=] o c =
£ £ = £
©
= = =

Figure 15: Confusion matrix illustrating classification performance of the proposed CapsNet using Multi-Otsu
segmentation and BRISK features across the 18 Teff classes

The per-class classification performance is summarized in Table 7 Shows per-class precision, recall, and F1-scores

for the optimal configuration. Precision exceeds 80% for most classes, with Denbya Mixed (60%) showing the lowest

precision, and Denbya Red (73%) and Adet Red (78%) showing the lowest recall.
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Table 7: Per-class classification performance for the optimal configuration

Classes Precision Recall F1-Score Support
Adet Mixed 1.00 1.00 1.00 16
Adet_Red 0.93 0.78 0.85 18
Adet_White 0.88 0.88 0.88 16
Bichena_Mixed 1.00 0.89 0.94 19
Bichena_Red 1.00 0.90 0.95 10
Bichena_White 1.00 0.90 0.95 20
Dejen_Mixed 0.88 1.00 0.94 15
Dejen_Red 0.82 0.88 0.85 16
Dejen_White 0.94 1.00 0.97 16
Denbya_ Mixed 0.60 1.00 0.75 9
Denbya_Red 0.80 0.73 0.76 11
Denbya_White 0.93 0.93 0.93 14
Markos_Mixed 0.93 0.82 0.87 17
Markos_Red 0.93 0.87 0.90 15
Markos_White 1.00 1.00 1.00 8
Minjar_Mixed 0.82 0.93 0.87 15
Minjar_Red 1.00 1.00 1.00 15
Minjar_White 1.00 1.00 1.00 20
Average (Macro) 0.91 0.92 0.91 270
Average (Weighted) 0.92 0.91 0.92 270

4.7. Summary of Key Findings
The proposed experimental evaluation revealed five key findings. These findings can inform the optimal configuration
for Teff geographical origin classification. HOG consistently outperformed BRISK by 8.5% to 9.1% across all
configurations. This experimental result shows the global gradient features as the preferred approach than the other
local keypoint descriptors. The combination of the segmentation processes including Multi-Otsu thresholding, region-
based segmentation, and watershed segmentation resulted the highest individual methods and the U-Net as well. This
combination describes that the complementary segmentation techniques can give higher results. The Comprehensive
noise removals likethe application of median, Gaussian, and non-local means filtering sequentially increase the
accuracy of the proposed model by an approximately of 9.6 percent. This actual proposed experimental result shows
the critical advantage of preprocessing techniques applying in our model. The best of the overall our model
configuration achieved an accuracy of 92.5% performance with low overfitting. This is done by combining the three-
stage segmentation pipeline with that of comprehensive noise removal and HOG feature extraction methods. The other
class-wise result also showed that white varieties from geographically close regions and red varieties with similar
color profiles present the difficult classification challenges because of visual feature overlap. Overall, these findings

as a whole provides a robust framework for automatic Teff geographical origin classification.
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Table 8: A summary using segmentations along with HOG feature extraction ensemble with CapsNets

Noise removal Segmentations Accuracy
Median + Gaussian + | Multi-Otsu thresholding 89.8%
non-local means Multi-Otsu thresholding with Region-based | 91.4%

Multi-Otsu thresholding with Region-based | 92.5%
and watershed

U-net 84.8%

Table 8 Summarizes the accuracy of different segmentation methods with HOG. The multi-Otsu thresholding achieved
an accuracy of 89.8%. When combined with Region-based segmentation resulted in an accuracy of 91.4%. The highest
accuracy, 92.5%, was achieved by combining the three techniques, including Multi-Otsu thresholding, Region-based,
and watershed segmentation methods. U-Net also achieved an accuracy of 84.8%. U-Net consistently performed well
but had a slightly lower accuracy compared to the other techniques.

Final Comparison of All Configurations (Bar Chart)
The bar chart graph in Figure 16 describes the comparative test accuracy across 11 experimental configurations. HOG-
based experiments (Experiment 8- Experiment 11, blue bars) consistently outperform BRISK-based experiments
(Experiment 1- Experiment 7, red bars) by 8.5 to 9.1%. Within each feature category, accuracy improves with
segmentation complexity. The optimal configurations, Multi-Otsu, Region-based, and Watershed segmentation with

comprehensive noise removal and HOG features Experiment 10, achieve the highest accuracy of 92.5% performance.

Comparison of Different Segmentation Methods with HOG Feature Extraction
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Figure 16: Comparison of classification accuracies obtained using different segmentation methods with HOG feature
extraction
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The bars in the graph represent each method, and their heights indicate their performance. The graph provides a visual

representation of the comparison, allowing for a quick assessment of the relative effectiveness of each method.

4.8. Discussion of the Experimental Results

The experimental results show that the selection and use of segmentation and feature extraction methods have a
significant effect on model accuracy. The U-Net performed well with different feature extraction methods. In addition,
combining the multi-Otsu thresholding with HOG features and using an ensemble of segmentation and feature

extraction methods, including region-based segmentation, watershed, and HOG, improved classification accuracy.

Feature Extraction (HOG and BRISK): when we compared HOG and BRISK, the HOG performed better than
BRISK by 8.5-9.1% in all configurations throughout the process. This proposed model experimental comparesion
result has three key factors. These are: First the HOG extracts global shape features or informations through gradient
orientation histograms across densely sampled regions. The Teff varieties are actually differ primarily in grain
morphology, including shape, roundness, and edge characteristics. This makes global features are more distinctive.
The BRISK feature extracter in another way it extracts sparse local keypoints. This is less effective when visual
differences are small rather than texturally distinct. The second factor is, the HOGs dense sampling extracts features
from every spatial location. This can insure the complete information capturing. The BRISK actual sparse keypoint
detection may forget images relevant features. This is particularly true when grains lack distinctive interest points.
Finaaly, the third factor is the HOGs block normalization provides robustness to illumination variations critical for

agricultural imaging and the BRISKs intensity-based binary comparisons are more vulnerable to lighting varations.

The Segmentation Technique (Traditional vs Deep Learning): the U-Net resulted low performance than the
combined traditional approachs 84.8% and 92.5% accuracies. Four main factors may describe this accuracy including
the limited dataset size (3600 images in total) constrains U-Net's learning capacity, manual annotation challenges for
small grains (Imm) affect annotation quality, the explicit morphological features in traditional methods capture
domain knowledge that U-Net must learn from limited data, and finally, the U-Net shows more overfitting (12.6%
gap vs 7.5% gap).

The Segmentation Synergy (The Combined Approach): The combination of three segemntations applied in our
model including the Multi-Otsu, region-based, and watershed segmentation achieved 92.5% performance accuracy
like Experiment 10 due to their complementary strengths. Multi-Otsu alone (89.8%), adding region-based (+1.6%),
and further adding watershed (+1.1%). This gratual accuracy increament demonstrates that there is no single technique
that can address all segmentation challenges in Teff geographical origin determination. This results their combination
exploits complementary strengths. Critically, the combined approach has higher perfrormance U-Net (84.8%,
Experiment 11) by 7.7%, describes that the explicit morphological features are more effective than deep learning-

based segmentation when training the data is low.

Generally speaking, the proposed experimental results show the use of carefully selecting the appropriate

segmentation techniques, noise removal approaches, and feature extraction methods to optimize the performance of
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the proposed multichannel capsule network ensemble model. The combination of Multi-Otsu thresholding, Region-
based, and watershed segmentation, combined with the comprehensive noise removal and HOG feature extraction

became evident as the most effective configuration as it achieved the highest test accuracy of 92.5 performance.

Final Comparison of Different Segmentation Methods and Feature Extraction Techniques
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Figure 17: Averall Comparison of Different Noise Removal, Segmentation Methods, and Feature Extraction
Techniques

As we tried to describe in Figure 17 the graph displays the accuracy of each method with a particular model
representation method. The colors used in the graph used to differentiate between the different methods. The names

of the methods are represented by the labels on the x-axis, and the matching test accuracy on the y-axis.
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4.9. Comparative Analysis of the proposed model with previous studies

The only previous study on Teff geographical origin identification was investigated and done by [21]. This prior work
mainly focused on white Teff from four dataset source regions. The description analysis in Table 9 presents a

systematic comparison between prior study with our proposed approach with differnt dimensions.

Table 9: Comparative analysis with prior work on Teff classification

Key Dimensions

Prior work( Ermyas &
Abrham (2020))

Proposed Study Improvement(key

change)

Teff Varieties White only White, Red, Mixed 3x expansion

Regions Covered 4 regions 6 regions +50%

Total Classes 4 18 (6x3) 4.5% increase

Dataset Size 3,088 images 3600 images Increased

Segmentation Thresholding + Mask R- = Multi-Otsu + Region-based + Hybrid approach

CNN Watershed

Feature Extraction CNN + BRISK + PCA BRISK + HOG | Systematic
(comparative) comparison

Classifier SVM, CNN, CNN+SVM = Multi-Channel Capsule Capsule Networks
Network

Validation Confidence interval 5-fold cross-validation Robust validation

CNN Limitations Not addressed Spatial invariance, viewpoint = Explicitly addressed

Addressed variance, overfitting

Accuracy 92.02% 92.5% +0.48%

Accuracy per class

4 classes / 92.02%

18 classes / 92.5%

4.5% more classes

The comparison of our proposed model with previous models in Table 9 shows different critical performance
increments. Our proposed model increases variety coverage from a single white Teff into three major varieties like
white, red, and mixed variations. The Teff sources region coverage increased from 4 regions to 6 regions. This
increases the classification complexity of the proposed model from 4 to 18 classes. Despite this valuable increment
our proposed approach achieved the highest accuracy of 92.5% with compared to the previous accuracy of 92.02%.
The other comprehensive segmentation pipeline that combines the multi-Otsu thresholding, region-based
segmentation, and watershed segmentation resulted the highest performance than the thresholding + Mask R-CNN
approach used previously. Then the other systematic HOG vs BRISK comparison shows the HOG is the superior
feature extractor method for Teff classification. The other is the application of Capsule Networks represents the first
attempt to address prior CNN limitations, spatial invariance, viewpoint variance, and information loss in Teff
classification. Finally, our proposed robust 5-fold cross-validation methodology provides stronger evidence of model

generalization.
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4.10. Comparison with State-of-the-Art Classifiers

To evaluate the effectiveness of our proposed Multi-Channel Capsule Network based model, we conducted a
comparision analysis against a simple baseline CNN and four state-of-the-art architectures. The baseline CNN as well
as the state-of-the-art models such as ResNet50, EfficientNet-B0, MobileNetV2, and Vision Transformer (ViT), were
selected for this comparison. All models were trained and evaluated on the same our prepared custom Teff dataset
devided into 70% training, 15% validation, and 15% testing subsets. The same parameters like similar preprocessing
and data augmentation protocols, were applied to make a fair comparison. Table 10 Summarizes comparison results

with state-of-the-art baselines.

Table 10: Performance comparison with State-of-the-Art Classifiers

Baseline Category Test Precision  Recall F1-Score Parameters Training

Model Acc. (Macro) (Macro) (Macro) (M) Time

CNN Baseline 83.2%  0.82 0.81 0.82 24 45

ResNet50 SOTA (Deep 88.7% | 0.88 0.87 0.88 25.6 68
CNN)

EfficientNet- = SOTA (Scaled 89.4%  0.89 0.88 0.89 53 52

B0 CNN)

MobileNetV2 = SOTA 86.1% | 0.85 0.85 0.85 3.5 38
(Lightweight)

ViT-B/16 SOTA 90.2% | 0.90 0.89 0.90 86.6 112
(Transformer)

Proposed Proposed 92.5% | 0.92 0.91 0.92 3.2 42

model

(CapsNet)

Our proposed CapsNet model achieves the highest test accuracy of (92.5%) perfromance. This higher result is the best
choice than the rest of the baselines. This is the CapsNet ability to detect and classify spatial hierarchies through
vector-based representations. This is particularly advantageous for our proposed study of Teff grains, where subtle
morphological differences must be captured across varying orientations. Despite achieving the highest accuracy, the
proposed model (CapsNet) has a relatively moderate parameter count of 3.2M, comparable to that of MobileNetV2
3.5M and smaller than the ViT 86.6M and ResNet50 25.6M total parameters. This parameter efficiency, combined
with a competitive training time of 42 minutes, makes our Proposed model (CapsNet) suitable for resource-constrained
deployment scenarios. The ViT achieves strong performance of 90.2%. This confirms the effectiveness of attention
mechanisms for agricultural classification, particularly Teff origin identification. However, ViTs' substantially higher
parameter count and training time may limit its practical deployment, particularly in field settings with limited

computational resources.

The baseline CNN 83.2% and even deeper architectures like ResNet5S0 88.7% and EfficientNet-BO 89.4%

underperform than the proposed model (CapsNet). This performance difference may be due to the loss of spatial
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information caused by max-pooling in CNNs. This is particularly problematic for Teff grains, where orientation and
spatial relationships are critical discriminative features. The other baseline, MobileNetV2 achieves a reasonable
accuracy of 86.1% with the fastest training time 38m and the smallest parameter count among CNNs 3.5M. However,
the accuracy gap of 6.4% compared to CapsNet suggests that the trade-off between speed and accuracy may not be

justified for this application where classification reliability is important.

5. Conclusion

This study investigates the Multi-Channel Capsule Networks combined with preprocessing and feature extraction
algorithms to determine the geographical origin of Ethiopian Teff. By conducting 11 different experimental
configurations we established that comprehensive noise removals (Median + Gaussian + Non-Local Means) is critical
for optimal performance. The experimental results demonstrate that our proposed model can accurately identify the
geographical origin of Ethiopian Teff with a test accuracy of 92.5% performance. This improves accuracy by
approximately 9.6%. The hybrid segmentation combining Multi-Otsu thresholding, region-based, and watershed
methods outperforms both individual techniques and U-Net deep learning segmentation, with progressive
improvements from 89.8% to 92.5% overall accuracy. The HOG feature extractor provides superior discriminative
power with accuracy of achieving 8.5 to 9.1% compared to BRISK across all configurations. The proposed Capsule
Network-based model effectively addresses CNN limitations in Teff classification, including spatial invariance,
viewpoint variance, and overfitting. Our proposed model supports the development of an automated system for
verifying the geographical origin of Teff. This can benefit multiple stakeholders such as agricultural researchers, food
processing industries, and the Ethiopian Commodity Exchange. Future work should extend data collection to
additional Teff-producing across Ethiopian regions, including Oromia, Tigray, and SNNP, and multiple growing
seasons to evaluate model generalizability across Ethiopia's diverse agro-ecological zones. We also planned to use
multi-spectral imaging that could reveal chemical and moisture features beyond visible morphology. We also planned
to expand the proposed model by exploring alternative feature descriptors, including LBP, SIFT, and hybrid ensemble
approaches combining multiple feature extractors in order to increase model performance. We additionally planned

to use transfer learning approaches and explainable Al techniques to increase model trustworthiness and reliability.
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