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ABSTRACT

Communication is the process of interaction between two or more individuals. It can be done
through verbal, written, gestures such as hand and head movement, facial expression, lip motion.
Communication is fundamental to social inclusion, yet the Deaf community in Kenya continues
to face significant barriers due to limited recognition and translation of Kenyan Sign Language
(KSL). Unlike American or Indian Sign Language, KSL has unique linguistic and cultural
structures that make generic recognition systems unsuitable. This study addresses these
challenges by developing an ensemble machine-learning model for KSL recognition that
combines the feature extraction power of Convolutional Neural Networks (CNN) with the
classification robustness of k-Nearest Neighbors (KNN). To enhance diversity and reduce noise
the model was preprocessed, augmented, and annotated with a curated dataset of 8,898 KSL
images, which were obtained from Kaggle. CNN extracted high-level spatial features from the
gesture images, and the KNN classifier used this information for similarity-based decision
making. The ensemble strategy was used to combine the outputs of both models to enhance
accuracy and reduce the ability to be misclassified. Precision, recall, F1-score, and confusion
matrices were used to evaluate the performance on the test set. This ensemble model achieved
validation accuracy of 70.32% outperforming standalone models and demonstrates improved
recognition of KSL gestures and notations. The findings of this study highlight how ensemble
learning can bridge communication gap between the Deaf and the hearing world in Kenya. The
research not only gives a technological solution to real-time KSL recognition but also lays a
foundation for future research on larger, more diverse datasets and dynamic gesture recognition.
Finally, this work adds to the social inclusion of the Deaf community by facilitating them access
communication tools that empower and provide them with equal access to education, healthcare,
and everyday life.
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CHAPTER ONE: INTRODUCTION

1.0 Introduction

This chapter is structured to give a comprehensive overview of the study. It starts with a

background of the study and problem statement that provide the context and rationale of the

research. The chapter then presents the study objectives and research questions, highlighting the

focus of the investigation. It also discusses the significance and justification of the study,

followed by a description of its expected outcomes. Finally, the scope and limitations of the

research are outlined, thereby setting the boundaries within which the study is conducted.

1.1 Background of the study

Kenyan Sign Language (KSL) is the primary mode of communication among the deaf

community in Kenya. It has its linguistic structure and is not simply a signed form of Swahili or

English. However, most of the hearing people in Kenya do not seem to recognize the importance

of this language. The parents whose children have a disability (hearing impairment) are supposed

to introduce and inculcate the use of Sign Language to the child as early as possible. This is not

always the case, as most parents are unfamiliar with sign language gestures and notations. Many

challenges have stood in the way of recognizing Kenyan Sign Language over the years, but now,

some things are being done. Experts in Sign Language and Information Technology established

the Kenyan Sign Language and Technology (KSLT) research group. This group, which is

affiliated with the C4DLab based at the University of Nairobi, seeks to carry out research and

develop technology that can support the use of Kenyan Sign Language and promote hearing-

impaired people in society. (Lucas & Bayley, 2011)

The World Health Organization (2021) reports that hearing impairment rehabilitation services

are needed by more than 5% of the global population. The World Health Organization predicts

that hearing disabilities will affect more than 700 million people during the year 2050. The

unaddressed hearing impairment creates substantial effects on the deaf person as well as the

people who live near him. The negative effects of untreated hearing loss affect both personal and

community levels and include social isolation and feelings of loneliness and experiencing stigma.

The World Health Organization calculated that a lack of hearing impairment treatment creates
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annual costs of $980 billion across Health Sector and Education support and lost productivity

and societal expenses.

There are several sign languages used in different parts of the world. Every part of the world has

different Sign Language. This variation in notation comes as a result of environmental factors,

cultural influence, and day-to-day beliefs. Linguistics transforms into various linguistic

expressions through both non-verbal and verbal communication methods to convey message

(Lucas & Bayley, 2011).

The majority of regions have adopted sign language technologies while using visual images and

braille together with other communication tools to break communication barriers. The

continuous development of technology allows researchers to create better conditions for special

groups through emerging technological solutions. Artificial intelligence together with machine

learning and computer vision serve as adopted technologies for sign language communication

according to Patel (2022).

The 2019 census report (Development Initiative, 2020) shows that 150,000 people have hearing

impairment(deaf). The high number of affected individuals requires immediate and thorough

attention to this matter. These people communicate through sign language as their primary

method. Such languages primarily rely on visual-manual communication methods to express

meaning. Sign languages constitute independent natural languages that possess both grammatical

structure and vocabulary systems according to Sandler (2006). Also, technology can be utilized

to enable the deaf to live fruitfully. This technology helps deaf people to integrate easily into

society and also creates a sense of awareness for hearing people. One of the notable advantages

of technology-based Sign Language recognition is that it fosters more interactions between the

deaf and the hearing people. The implementation of cochlear implants and classroom

interpretation and real-time text services demonstrate moderate effectiveness in addressing

communication barriers but remains insufficient to resolve the mentioned challenge. (Crowe et

al., 2017).

Wanjala (2023) used target photos of Kenyan sign language notations for his quasi-experimental

study which included photo analysis. The model received training from KSL sign notations that
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included various signs which ranged from health to basic daily notations for greetings and

expressing emotions. The research work implemented this sign language translation model by

using TensorFlow object detection model alongside OpenCV image processing framework and

Python for transfer learning. The model analyzes input visual data after an organizational phase

to generate text output which represents the specific sign language notations. Users who access

the model can convert KSL sign notations into understandable English text-meaning. The

research foundation was derived from this work.

1.2 Problem Statement

Sign notation is the mode used to pass message for persons with hearing impairment.

The deaf people in Kenya face significant communication barriers because of the lack of

comprehensive and accessible sign language recognition systems. Currently, technological

solutions that accurately interpret Kenyan Sign Language (KSL) gestures in real time for this

population is scarce. Traditional methods of communication for hearing-impaired individuals

rely heavily on manual interpretation and face-to-face communication, which are often limited in

scalability and efficiency. Deaf people experience obstacles when they try to access education,

employment, healthcare, and social connections because the general population faces

communication difficulties with them. The sensor-based technology employs hand gloves to

track

hand motions for sign language notation recognition. The existing sign language recognition

concentrates on international languages and is therefore not specific enough to accurately

identify the Kenyan sign language notations. The absence of a sound sign language recognition

system specific to Kenyan Sign Language pose a big challenge to the deaf community.

The issue at hand is the requirement of a complete and precise Kenyan Sign Language

recognition system that can comprehend and read aa wide range of Kenyan Sign Language

gestures in real time. Such a system would promote the deaf society as it would give them a

means of engaging with the rest of the people in the society, thus promoting inclusivity and

accessibility to all opportunities, regardless of their hearing status.
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This study aims at designing and developing an integrated machine learning model that could be

applied to recognize Kenyan Sign Language. This will help enhance communication between the

hearing-impaired and the rest of the population.

1.3 Project Objectives

Main objectives

To develop an ensemble model for Kenyan Sign Language Recognition (KSLR) to enable the

Deaf to communicate easily with others.

Specific Objectives

i. To survey some of the models currently used in sign-language recognition.

ii. To design an ensemble machine learning model that recognizes Kenyan Sign Language.

iii. To develop an ensemble machine learning model.

iv. To evaluate the performance of the model

1.4 Research Questions

The research questions are:

i. What machine learning models were previously employed in Sign language

Recognition?

ii. What steps are involved in designing an ensemble model for Kenyan sign language

Recognition?

iii. How can an ensemble model be developed to recognize KSL accurately?

iv. What method can be employed to evaluate the performance of a machine learning

model that recognizes KSL?

1.5 Significance of the study

Hearing-impaired persons use Kenya Sign Language to interact with everyone in the community.

Knowledge of Kenya Sign Language remains essential because it enables efficient
communication

and educational access and full participation of hearing-impaired individuals in Kenyan society.

The visual-gestural properties of Kenyan Sign-Language create more difficulties than spoken

language does. Traditional Kenyan Sign-Language Recognition achieves poor accuracy while
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being inefficient which requires advanced technology such as machine learning for improvement.

The research develops an ensemble methodology which merges Convolutional Neural Network

(CNN) and K-Nearest Neighbors (KNN) to boost Kenyan Sign-Language recognition (KSLR)

accuracy and robustness. CNN is very good in special feature extractions from images frames,

whereas KNN performs well in classification based on similarity metrics. Combining CNN and

KNN, the ensemble model utilizes the strength of the two algorithms to improve the accuracy of

recognizing complex hand gestures.

1.6 Expected outcomes of the study

The expected learning outcomes for this research will be:

i. The hearing-impaired community will establish better communication with other

populations through this approach.

ii. It will showcase the application of deep learning techniques and machine learning

Algorithms in Kenyan Sign-Language Recognition.

iii. It will lay a foundation for further research by extending the work using more

robust machine learning Algorithms.

1.7 Justification

This study will not only help the Deaf but also the rest of the people in society by increasing the

accuracy of what they communicate. Kenyan Sign-Language Recognition (KSLR) uses an

ensemble method that maximizes the weaknesses of the existing models to develop a robust and

accurate model. The reason why KSLR is rank the best is because it ensembles two machine

learning models to develop an accurate model that recognizes the sign notations. It also uses a

large training dataset to improve the model's performance, hence making it reliable and efficient.

This research addresses hearing impairment problems through its technology which precisely

translates sign notations to a readable English text. This fosters clear message conveyance. This

model reduces the errors that occur in current sign language models. The investigation

establishes concrete methods to enhance solutions for Kenyan citizens who have hearing

impairments.

1.8 Scope of the study

The research was based on Kenyan geographical location because sign language notations and
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gestures for Kenyan are the same. It focused primarily on the problems faced by the hearing-

impaired person when performing their day-to-day activities such as access to education,

healthcare, communication barriers and propose solutions. The study focused on Kenyan Sign-

Language, excluding sign language from other regions such as American Sign Language (ASL),

Indian Sign Language (ISL), etc. Additionally, the research majored on Kenyan Sign-Language

gestures on health, education, and general well-being. Hearing-impaired persons were the target

group. The research sampled a few Kenyan Sign Language gestures and notations.

1.9 Limitations of the study

Some of the limitations of our study are:

1. Detecting dynamic gestures is quite challenging because sign language notation involving

hand and other body movements is difficult to detect and translate accurately because of

the complexities involved.

2. This is a very new area of research in Kenya; hence, relevant local literature is scarce.

3. It was very difficult to collect sufficient and diverse data for Kenyan Sign-Language

notations and gestures.

4. Developing and training ensemble models required significant computation power, which

limit the scope of experimentation.
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CHAPTER TWO: LITERATURE REVIEW

2.0 Introduction

This chapter reviews existing literature relevant to Kenyan Sign Language Recognition (KSLR)

and related technologies. It begins by presenting an overview of the different approaches that

have been explored in sign language recognition globally, including computer vision and sensor-

based methods. The discussion then examines prior research on American Sign Language (ASL),

Indian Sign Language (ISL), and other models, noting their achievements and limitations.

Special attention is given to identifying gaps in these studies, particularly the absence of

ensemble learning approaches tailored to the Kenyan context. The chapter concludes by outlining

the conceptual framework that guides this research, emphasizing the linguistic, cultural, and

technological considerations necessary for developing an effective ensemble model for KSL

recognition.

2.1 Related work

Several researchers have suggested and explored sign language translation. These approaches

include computer vision, Deep learning, and Glove-based solutions.

Computer vision

A computer demonstrates visual understanding similar to humans through its ability to analyze

visual content. The technology enables identification of faces and objects while reading text and

comprehending visual and video contexts. Artificial intelligence techniques including machine

learning power computer vision to process visual data through its analytical capabilities. Deep

learning enables the system to train Artificial neural Networks using extensive data to detect

patterns and features through a process similar to human brain functioning.

https://onlinedegrees.sandiego.edu/introduction-to-computer-vision/

Dabre & Dholay (2014) developed a marker-free visual Indian sign language recognition system

through the combination of computer vision and image processing and neural network

methodologies to process web camera images. The system transforms video recordings of hand

https://onlinedegrees.sandiego.edu/introduction-to-computer-vision/
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gestures into written text which the program transforms into spoken words. Bantupalli & Xie

(2019) developed a vision-based software solution which converts sign language into text. The

model developed by them extracts spatial and temporal features from video sequences to perform

analysis.

Kartik et. al (2020) created a model that converts human sign language or hand gestures into

meaningful text using Python programming language.

The research team of (Himanshu, G. et al. 2018) developed an automatic algorithm to detect

specific hand gestures through movement recognition for use by deaf and dumb people. The

system designers divided the hand area into segments before locating finger positions to classify

gestures which enabled sign detection and tracking and recognition.

Subburaj, S. & Muruguvalli, S. (2022) reviewed SLR system methods and classification

approaches to determine an optimal research method for future work. The researchers determined

through their review that (Hidden Markov models) HMM-based techniques received substantial

attention in previous studies. Deep learning methods utilizing convolutional neural networks

gained popularity during the previous five years according to their findings.

Their study (Ankita, W., W., and Parteek K. 2020) developed a statistical sign model system to

detect sign language using deep learning convolutional neural networks. The researchers

examined 35,000 sign images, part of 100 static signs, collected among various users. The

analysis of the results revealed that the system achieved an accuracy of 99.72% and 99.9% in

colored and grayscale images, respectively.

Vijeeta P. (2022) studied using TensorFlow for object detection through transfer learning to

detect sign language. Experimental analysis showed that the model was 97.87 percent accurate

when handling many different types of sentences.

One of the models suggested in their research (Rama K. et al, 2024) is the model that translates

ASL based on the stationary images and video series. Their model allowed easy translation of

sign language gestures to textual or spoken language. Their methodology includes gathering and

preprocessing a comprehensive dataset of SL signs, alphabets and other commonly used phrases.

They used a state-of-the-art CNN, which was very accurate and efficient. This model could

accurately determine an extensive range of signals in ASL in various backgrounds and

environments.
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An alternative method to classify the character of sign language was proposed by Samarth, K., &

Kabir, N. (2023) in their approach involving the use of an ensembled architecture. Inception V3

and ResNet 101 gave an accuracy of 97.24% on the ASL Dataset.

The study by Peeyusa, S. et al. (2023) involved five popular image classification models of deep

learning that included ResNet50, LeNet, AlexNet, VGG16, and DenseNet 121. The researchers

used an accuracy metric to conduct the tests and training with each model on the MNIST data.

The authors examined the ensemble learning techniques to improve the accuracy of recognition

of the ASL models. The researchers selected ResNet50 alongside LeNet and AlexNet as the best-

performing models before applying ensemble techniques to stacking and concatenation

techniques. The study demonstrated that stacking had higher accuracy performances than

concatenation. The ensemble method increases the level of accuracy by improving it to 99%.

Wanjala G. (2023) demonstrated how artificial intelligence can be used to bridge the gap

between hearing-impaired individuals and the other populace by enabling the translation of sign

language notations into readable forms. They did that by collecting photos of Kenyan Sign-

Language notations ranging from greetings, expressing feelings, and health then training the

model on this data. They sourced their dataset from Kaggle. The model achieved an accuracy of

85%.

Malhotra (2023) created a system of ASL recognition with MediaPipe Holistic and Long Short-

Term Memory (LSTM) networks. Her work presented a three-step pipeline: (1) Hands, face, and

pose landmark detection with MediaPipe, (2) gesture frame preprocessing and labeling, (3)

classification and speech conversion. Her system was shown to be 80% real-time accurate, which

shows that temporal modeling (LSTM) and powerful feature extraction (MediaPipe) work

together. This project, however, did not employ ensemble approaches but instead did ASL.

Sensor approach

Rinki, G., Ananya S. & Ghanapriya S. (2023) developed an Indian Sign language recognition

system using a forearm-worn wearable device to assist hearing-impaired persons. The researcher

developed a robust ISL recognition system through ensemble Convolution Neural Network

(CNN) processing of Multi-Sensor data. Soft voting decision aggregation with bagging approach

enabled the creation of 10 ensemble members that achieved 94.2% accuracy while the single

CNN model reached 92.5% accuracy.
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The research team of Ang J. et al (2023) developed a cost-effective data glove system with

multiple inertial sensors to perform accurate sign language recognition for hearing-impaired

individuals. The researchers applied decision tree (DT) and support vector machine (SVM) and

K-Nearest Neighbour (KNN) and random forest(RF) as machine-learning models to detect 20

sign languages. The research demonstrated that Random Forest delivered the most precise results

at 97.58%.

The researchers from Yuxuan L. et al (2023) designed a CNN-based wearable system that uses

flexible strain sensors and motion detection units attached to the body for identifying gestures

and bodily movements. The researchers used CNN to build and train their model using 48

commonly spoken Chinese words, achieving a model accuracy of 95.8%.

Rinki G. and Arun K. (2021) developed a multi-label classification system for linguistic sign

categorization which led to final sign classification. The authors reported the classification

outcomes for 100 isolated signs in Indian sign language which were recorded through

electromyogram and inertial measurement units from both forearms of 10 signers. The traditional

tree-based categorization achieved a 6.22% error rate in classifying signs. An on-body sign-to-

speech converter was shown to effectively transform hand signs from American sign language

into verbal output.

According to Zhihao Z. et al. (2020) the device contains stretchable yarn sensors which work

with a wireless printed circuit. The researchers evaluated 660 sign language hand gesture

recognition patterns which resulted in a 98.63% accuracy rate.

Ngaruiya E. N. and Wanjiku, N. (2021) developed an Embedded Intelligent system that utilizes

sensors to track finger curvatures and hand movement for sign language gesture translation into

spoken language using machine learning on the edge algorithm. The researchers collected sign

language gestures which they later employed the K-Nearest Neighbour (KNN) technique as the

training algorithm for their model.

Table 1.1: Summary of Empirical Literature Review

Method Finding Weakness

Kartik et. al Python programming They could convert The Kenyan Sign-
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language human sign language

or hand gestures into

meaningful text.

Language dataset was

not used; hence, the

findings were not

tailored to Kenyan

Sign-Language

Recognition.

Himanshu, G. et al They used an

algorithm that

automatically

recognizes a certain

number of gestures

from hand

movements and

recognizes the signs.

The study was able to

segment the hand

region, locate the

fingers, and classify

the gestures, hence

detecting, tracking,

The Kenyan Sign-

Language dataset was

not used; hence, the

findings were not

tailored to Kenyan

Sign-Language

Recognition.

Vijeeta, P A transfer learning

algorithm built in

TensorFlow object

detection served to

identify sign

language.

Experimental

sentences of various

types achieved

97.87% accuracy

through the model's

operations.

The ensemble method

was not used, and the

Kenya Sign

Language dataset was

not used.

Rama K. et al They utilized the

state-of-the-art CNN,

ensuring high

accuracy and

efficiency.

The model could

correctly identify a

broad spectrum of

ASL signals in

various backgrounds

and environments.

The ensemble method

was not used, and the

Kenya Sign

Language dataset was

not used.

Samarth, K. & Kabir,

N

Use the ensemble

model of Inception

V3 and ResNet 101

It achieved an

accuracy of 97.24%

on the ASL Dataset

The Kenyan Sign-

Language Dataset

was not used.

Peeyusa, S. et al. Use deep learning

models for image

It found that stacking

was more accurate

The Kenyan Sign-

Language Dataset
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classification, that is

ResNet50, LeNet,

AlexNet, VGG16,

and DenseNet 121

than concatenation,

and the ensemble

technique improved

the accuracy from

97% to 99%.

was not used.

Wanjala G. The system

implements transfer

learning by using

TensorFlow and

Python programming

language

The model performed

85%.

The ensemble method

was not used.

Rinki, G., Ananya S.

& Ghanapriya S

Ensembled

Convolution Neural

Network (CNN) for a

robust ISL

recognition using

Multi-Sensor data

Ensemble 10

members of CNN

resulted in a 94.2%

accuracy rate, which

was higher than the

92.5% accuracy from

using a single CNN

model.

The Kenyan Sign

Language Dataset

was not used.

Ang J. et al. Four machine-

learning models

decision tree(DT),

support vector

machine(SVM), K-

Nearest

Neighbour(KNN),

and random

forest(RF)

It was established

that RF achieved the

highest accuracy of

97.58%.

The Kenyan Sign-

Language Datasets

were not used.

Yuxuan L. et al CNN It achieved an

accuracy of 95.8%.

The Kenyan Sign-

Language Dataset
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was not used.

Ngaruiya E. N. and

Wanjiku, N.

KNN Its Embedded

Intelligent system

translates sign

language gestures

into spoken language

by tracking finger

curvatures and hand

movement through

sensors.

The ensembled

method was not used.

2.2 Research gap

Although most researchers have developed sign language recognition models, we have

established that none has developed an Ensemble Kenyan Sign-Language Recognition model.

The need to develop this model has been necessitated by the fact that most learning institutions

are currently embracing online teaching, which usually locks out hearing-impaired students. So,

this model due to its accuracy will enable them to access teaching as it translates Kenyan Sign-

Language gestures into readable form.

2.3 Conceptual framework

The conceptual framework for this study illustrates how linguistic, cultural, technological, and

legal considerations converge to support the recognition and translation of Kenyan Sign

Language (KSL) through an ensemble machine learning approach. It outlines the key inputs,

processes, outputs, and contextual factors that shape the model, ensuring both technical

effectiveness and social relevance.

Independent Variables (Inputs):

The framework starts with raw KSL gesture images taken as the system's input. Preprocessing of

these data includes normalization, segmentation, and resizing to enhance the quality of images

and consistency. The choice of algorithms Convolutional Neural Network (CNN) to extract
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features and k-Nearest Neighbors (KNN) to classify the data constitute the central part of the

computational input.

Process / Mediating Mechanisms:

The CNN transforms the gestures into feature embeddings once they have been preprocessed,

and it detects spatial hierarchies of hand shapes and orientations. In order to further enhance

robustness, the data augmentation methods (rotation, flipping, brightness adjustment) add

diversity to the Dataset and decrease overfitting. Ensemble learning mechanism then combines

CNN with KNN, by using a ensemble approach, which optimizes the strengths of deep feature

learning and instance-based classification to enhance accuracy and resistance against

misclassification.

Dependent Variables (Outputs):

The system has two outputs. First, the model correctly recognizes KSL gestures and signs for the

alphabet daily used signs. Secondly, the identified gestures are translated into English readable

text enhancing communication between the Deaf and hearing communities.

Contextual Factors:

The framework has been based on three main contextual dimensions.

i. Linguistic peculiarities of KSL: KSL, unlike American or Indian Sign Language, has its

own grammar, vocabulary, and syntax, hence specific solutions are necessary.

ii. Cultural and social inclusion requirements: Deaf people in Kenya enjoy a rich cultural

identity, but the community continues to experience barriers in education, healthcare, and

employment. Recognition of these systems serve to fill these gaps.

iii. Legal and policy framework: Initiatives to amend the constitution and pass policies to

establish KSL as an official language provide a facilitating environment for adopting such

technologies in the provision of public services.

Implementation and Evaluation:

This will require effective implementation, which consists of training KSL interpreters, including

KSL studies in school curricula, and sensitizing society through public awareness campaigns.
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The system is prone to constant monitoring and evaluation, such as user feedback from the Deaf

community, to ensure it is accurate, relevant, and socially inclusive.

Fig 2.1: Conceptual Framework for the Kenyan Sign-Language Recognition Model
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CHAPTER THREE: METHODOLOGY

3.1 introduction

The chapter outlines the research methodology used to attain the study objectives. It describes

the general research design, philosophy, and approach that informed the investigation while

detailing the procedure used in data collection, processing, and analysis. The methodology also

describes the Dataset acquisition strategy, the population and sampling, and model development

emphasizing the rationale for each step. Moreover, it introduces the methods used in

preprocessing, feature extraction, and evaluation to ensure rigorous and reproducible processes.

By systematically presenting these methods, the chapter provides a structured foundation for the

implementation of the ensemble machine learning model for Kenyan Sign Language recognition.

3.2 Research design and philosophy

This research aims at developing a model that translates Kenyan Sign Language gestures and

notations into English readable text. It involves capturing sign language notations and gestures of

deaf individuals using a webcam. A computer vision algorithm analyzes and processes these

images and then translate them into corresponding English readable text, thereby enabling

communication.

3.3 Population and Sampling

Study site

The research relied on secondary data sourced from the Kenya Sign Language dataset available

from Kaggle. Kaggle has about 8898 images with users performing KSL notations that provides

data for training the models.

Target population

The study considered Kenyan Sign-Language notation that includes some alphabets, and other

notations. Also, common gestures and notations for instance me, you, mosque, and church were

also considered.

Sampling

Probability sampling techniques was used to ensure unbiased sampling which supports the

research goal achievement. The study used simple random sampling of images because statistical

regularity applies.
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3.4 Dataset Acquisition

The dataset sourced from Kaggle has several visual inputs such as me, church, mosque, you,

letters of alphabets etc. The images were downloaded from Kaggle. There are 8898 images from

Kaggle and of 720 by 1280 pixels in dimensions which were then standardized.

3.5 Model Construction

Model construction entails activities involved in designing, developing, and testing the model. It

highlights the steps necessary for processing the image datasets used for training and testing the

model used for Kenyan Sign-Language recognition. This step is crucial since it provides an

algorithm that helps in model processing.

Pre-Processing

The images taken with a camera have different resolutions since they are taken in a controlled

environment, hence, pre-processing of images is very important. Pre-processing raw images is

necessary for meeting memory needs and ambient scene conditions. (Brain, L. et al. 1990).

Filtering is the first and the most important pre-processing stage. It is used to reduce unwanted

noise in the image.

Subtraction of the background is the next crucial step. This is obtained using Gaussian average

approach. (Jong B. et al. ,2004)

Image standardization is another step, and this involves providing uniformity to the image

resolutions, dimensions, and size. Uniformity is crucial as it enables the model to produce

consistent results as it reduces variability within the dataset. The image size was be standardized

to 64 by 64 pixels.

Feature extraction

Extracting features means creating a short and meaningful subset of the attributes of the original

data to ensure that only the related information is left behind. In machine learning, important

objects are extracted from data files such as XML or CSV files and turned into representations

such as text or images. This process involves:
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a) LabelImg- A user-friendly tagging tool for images. It assists in highlighting the areas of an

image that refer to specific meanings. For example, in case an image displays a for “I love you”,

the part of the photograph with the hand gesture is highlighted and tagged accordingly.

b) OpenCV (Open-Source Computer Vision Library). This library focuses on processing image-

related functions, and conducting image-based evaluation. It analyses and scans images to

identify meaningful data portions and interpret visual gestures in sign language.

Data stratification

The Dataset was divided into training and test using train_test_split with a ratio of 80:20, and the

classes were stratified to achieve balanced learning.

Development and Training of Models

An ensemble model consisting of KNN and CNN was trained to take the visual input. Model

development was done in Jupiter notebook, and necessary libraries such as Pandas, Matplotlib,

etc. were utilized.

Model Testing

After developing the model, it was evaluated by determining its accuracy. Additionally,

performance metrics like precision, recall, F1-score, and confusion matrix were also utilized to

gain deeper insight into model performance.

3.6 Ethical consideration

The study has no plagiarism, data fabrication, or falsification. The study topic entails the

development of a sign language translation model that will facilitate communication between the

deaf and the rest of society. The data to be used are images taken by high-end cameras and stored

in Kaggle. These images were downloaded and loaded into the model. The data collection was

done with permission from NACOSTI. This ensure that ethical conduct is adhered to. Every past

research study was cited to acknowledged their contributions.
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CHAPTER FOUR: MODELREVIEW, DESIGN, AND DEVELOPMENT

4.1 Introduction

This chapter presents the analysis, design, and development processes behind the construction of

the Kenyan Sign Language Recognition (KSLR) system with the help of an ensemble machine

learning method. The chapter starts with the review of existing computational models for sign

language recognition, specifically, American Sign Language (ASL), Indian Sign Language (ISL),

and some initial research on Kenyan Sign Language (KSL). Through a critical analysis of these

models, their datasets, preprocessing strategies, training methods, and limitations, the study

forms a comparative basis on which the proposed ensemble approach is constructed.

After the review, the chapter outlines the design of the ensemble model, which integrates the

feature extraction capabilities of the Convolutional Neural Network (CNN) with the

classification power of k-Nearest Neighbors (KNN). The design section also covers the system

interaction diagram, data flow representation, and preprocessing strategies to guarantee

robustness against noise and variability. The focus is placed on how ensemble learning facilitates

the limitations of the single models, particularly when dealing with diverse signer styles, lighting,

and gesture variations.

Lastly, the chapter discusses the development of the KSLR model, including data acquisition,

preprocessing, model training, and evaluation metrics. This systematic presentation ensures that

it is consistent with the research objective mentioned in Chapter one, while demonstrating how

the integration of CNN and KNN increases the accuracy, interpretability, and practical

applicability. Overall, this chapter transition this work from theoretical background to practical

implementation of a well-operating recognition system that will help the Deaf community in

Kenya to have inclusive communication.

4.2 Review of existing computational models for Sign Language Recognition
Different computational models have been created over the years, enabling automatic sign

language recognition in different parts of the world. The models offer a great insight into how

machine learning and computer vision can be utilized in order to bridge the communication gap

among the Deaf community. Most studies focused on Sign languages, such American Sign
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Language (ASL) and Indian Sign Language (ISL), employing approaches ranging from

traditional classifier to the deep machine learning-based architecture.

The review of these models highlights the datasets used, feature extraction techniques,

classification algorithms, as well as strengths and weaknesses of each approach. Reviewing

previous literature, this section forms a background of the gaps inherent in existing studies. It

explains why it is necessary to develop a customized ensemble model of Kenyan Sign Language

(KSL).

4.2.1 American Sign Language
Computational research on American Sign Language (ASL) has received a great deal of attention

because of the existence of large, well-marked datasets. Most models of ASL recognition use

image-based input, with features processed by deep learning algorithms, including Convolutional

Neural Networks (CNNs). Some models also integrate classical classifiers like Support Vector

Machines (SVM) or k-Nearest Neighbors (KNN) to improve performance.

These approaches have achieved high levels of accuracy, particularly in recognizing static signs

such as the ASL alphabet. However, challenges remain in handling dynamic gestures, signer

variability, and real-time recognition in uncontrolled environments. While the ASL models

demonstrate the potential of machine learning in sign language recognition, their direct

application to Kenyan Sign Language is limited due to linguistic and cultural differences.

4.2.1.1 Dataset used
The models used ASL Dataset, which was sourced from Kaggle. It focused on some common

words, numbers and letters of the ASL alphabet, deliberately excluding the letters J and Z due to

their dependence on motion, which could not be effectively captured in static images. The

dataset comprised approximately very many labeled images, organized into separate folders for

each of the static signs. Each image was stored in JPG format. The images were collected under

varying lighting conditions and hand orientations. In terms of dataset organization, it was

commonly partitioned into training and testing subsets.

4.2.1.2 Data Preprocessing
Data preprocessing was a critical step in the ASL recognition, as it directly influenced the quality

of features extracted and the accuracy of the classification of the model. The goal was to convert

raw image data into a structured and meaningful representation that could be used to train a
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machine learning classifier. The preprocessing pipeline involved several key stages: image

acquisition, landmark detection, coordinate extraction, and data structuring.

1. Image Acquisition and Directory Traversal

The raw dataset consisted of subfolders representing different ASL letters. Each subfolder

contained static image files of hand signs corresponding to a particular word, number or letter.

The preprocessing script traversed this directory structure using Python’s os module. It

systematically accessed each image file and associated it with its respective label (i.e., the folder

name).

2. Hand Landmark Detection Using MediaPipe

After image conversion, each image was passed to MediaPipe Hands, a powerful real-time hand

tracking solution from Google. The model used in the pipeline was initialized in static image

mode with a high minimum detection confidence. This ensured accurate detection of hand

landmarks even in still images.

For each image where a hand was detected, the results returned a set of 21 hand landmarks per

hand. Each landmark contained x, y, and z coordinates normalized to the image width and height.

3. Feature Extraction: Normalized Landmark Coordinates

The preprocessing step focused on extracting the (x, y) coordinates from each landmark. These

coordinates were flattened into a one-dimensional feature vector. For each of the 21 hand

landmarks, both the x and y values were extracted, resulting in 42 features per image (21

landmarks × 2 coordinates).

The z-coordinate was not used in many implementations, due to the 2D nature of the image data

and the reduced complexity of excluding depth features. The extracted feature vector served as a

compact and pose-invariant representation of the hand gesture.

If no hand was detected in an image, that image was automatically excluded from the dataset,

thereby ensuring that all data samples contributed meaningful information to the learning

algorithm.
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4. Label Assignment

In addition to the feature vectors, each sample was assigned a class label based on the folder

name where the image was stored. This label represents the target class for the supervised

learning, and it was added to a different list to be used later in model training.

5. Data Serialization

After processing all the images, the feature vectors (data) and their labels (labels) were serialized

and stored in a data.pickle file using the Python pickle module. This enabled the processed data

to be saved in a format that is easily reloaded back into the model training process, without

needing to reprocess the raw images each time.

6. Train-Test Split

The Dataset was transformed to NumPy arrays and divided into train and test subsets via

train_test_split, from sklearn_model selection, before model training. A test of size 20%-10%

was used , and the data was shuffled to ensure a balanced distribution of classes across the splits.

This guaranteed that the model was trained on a wide range of samples and could generalize to

unseen data.

7. Inspection Visualization

A visualization module was added to check the accuracy of the preprocessing step. This section

of the script used the MediaPipe drawing utilities to overlay the detected hand landmarks and

their relationships on the original RGB images. Matplotlib.pyplot was used to plot the processed

images; it was used to ensure the correct landmark detection and capture of hand pose via visual

inspection.
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Fig 4.1: Kenyan Sign Language gestures

4.2.1.3 Model Training
Once the Dataset had been preprocessed and the appropriate features pulled out of the images of

the ASL hand signs, the next task was to train a machine learning model that would then be used

to classify the signs based on the extracted hand landmarks. They used a variety of powerful

Supervised Learning Algorithms like Logistic Regression, Decision Trees, Random Forest,

Support Vector Machines (SVM), K-Nearest Neighbors (KNN), as well as Naïve Bayes and

deep learning algorithms like Convolutional Neural Networks (CNNs), Recurrent Neural

Networks (RNNs), Long Short-Term Memory (LSTM), and Transformer models (e.g., BERT,

GPT). The training process involved data preparation, model instantiation, training, prediction,

evaluation, and model persistence.

1. Data Preparation for Training

The feature vectors containing the (x, y) coordinates of 21 hand landmarks (totaling 42 features

per sample) were converted into NumPy arrays. Similarly, the corresponding class labels were

stored in a separate array. Before training, the dataset was randomly split into training (80%-

90%) and testing (10%-20%) subsets using the train_test_split() function from the
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sklearn.model_selection module. The random_state=22 parameter was used to ensure

reproducibility of the split.

This stratified shuffle ensured that the training and testing datasets were balanced, meaning that

samples from each ASL class were proportionally represented in both subsets. The training data

was then used to fit the model, while the testing data was reserved for model evaluation.

2. Model Training

The training process involved fitting the model on the training data. This step trained different

subsets of the training data and feature space. Each learned patterns that related specific

landmark configurations to their corresponding ASL labels.

3. Model Prediction and Evaluation

After training, the model was evaluated using the test set. The trained model predicted the class

labels for the testing samples, and the accuracy score function from sklearn.metrics calculated

the proportion of correctly predicted labels. This accuracy score served as the primary metric for

evaluating the model’s classification performance.

Although accuracy was highly used, additional performance metrics like precision, recall, F1-

score, and confusion matrix were also utilized to gain deeper insight into model performance,

especially for unbalanced datasets.

5. Model Serialization

To make the model reusable for real-time inference and deployment, it was serialized and saved

using the Python pickle module. This allowed the trained model to be loaded later during the

detection phase, without the need to retrain it every time.

4.2.1.4 Image Detection
The image detection phase was responsible for recognizing American Sign Language (ASL)

hand signs in real-time using a webcam. This stage occurred after the model had been trained and

saved, and it relied on live video frames captured from the camera to detect, interpret, and

classify hand gestures.
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1. Initialization and Loading Model

The first step of the detection procedure consisted of loading the previously trained and

serialized version of the model. This was required to make predictions using the same classifier

trained on the extracted hand landmark features in the Dataset.

At the same time, MediaPipe Hands was reconfigured with a reduced detection confidence

threshold and tracking confidence to ensure that it could operate with the dynamic live video.

This arrangement also meant that the model was able to both identify hands and follow them

continuously over consecutive frames.

2. Video Frame Acquisition

The detection system tapped into the webcam of the computer and was constantly recording

video frames in real-time. Processing of each frame was done in a loop. In order to make the user

experience mirror like, the frames were flipped horizontally and the detected sign would seem

naturally connected with the movement of the signer.

Each frame was converted from BGR to RGB color space, which is the required format for

processing with MediaPipe.

3. On-the-fly Detection of Hand Landmarks

Once a frame was captured and converted, it was passed through the MediaPipe Hands model to

detect any visible hands. If a hand was detected, MediaPipe returned a set of 21 landmarks for

that hand. These landmarks represented specific anatomical points such as finger tips, knuckles,

and wrist joints. From the detected landmarks, only the normalized x and y coordinates were

extracted. These values were flattened to a one-dimensional array corresponding to the input

format in which they were trained. This provided conformity of the live input and the structure

anticipated by the model.



37

4. Prediction using Trained Model

The coordinates of the detected hands were extracted and fed to the trained model. The model

then classified the input as one of the ASL letter that it had learned during training. The predicted

label corresponded to the most likely ASL letter based on the spatial arrangement of the hand

landmarks.

If multiple hands were present in the frame, the system focused on the first detected hand or the

one with the most prominent features.

5. Visualization of Results

The system also visualized the results on the video feed to allow user feedback and validation. It

created the hand landmarks and connections on the user's hand with the MediaPipe drawing

utilities. Additionally, a bounding box was drawn around the detected hand region, and the

predicted ASL letter was overlaid as text on the screen. This visual feedback allowed users to see

the system’s predictions in real-time and verify that their gestures were correctly interpreted. The

feedback loop also helped users adjust their hand position or orientation to improve detection

accuracy.

6. Loop and Termination

The system continued to process frames in real-time until the user manually terminated the

session, typically by pressing a specific key. After termination, the webcam stream was released,

and all display windows were closed to free up system resources.



38

Figure 4.2: Model Design

4.2.2 Indian Sign Language
Indian Sign Language (ISL) recognition has also attracted significant research attention,

supported by the availability of structured datasets containing static hand signs for alphabets,

numbers, and commonly used words. Most ISL models employ image-based inputs, which are

preprocessed through resizing, normalization, and augmentation to improve generalization.

Labels are typically one-hot encoded, and datasets are split into training, validation, and testing

subsets to ensure reliable evaluation. Deep learning techniques such as Convolutional Neural

Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term Memory (LSTM)

networks have been widely used, often achieving high accuracy in static gesture recognition.

Some approaches also explored ensemble learning, combining multiple classifiers to enhance

robustness. However, like ASL models, ISL systems face challenges in real-world deployment

due to signer variability, dynamic gestures, and uncontrolled environments. Although ISL models

demonstrate the promise of machine learning for sign recognition, their reliance on non-Kenyan

datasets and static alphabets limits their direct applicability to Kenyan Sign Language. These

limitations emphasize the importance of developing recognition systems tailored specifically for

KSL, using locally relevant datasets and ensemble strategies.
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4.2.2.1 Dataset Used
The model used the Indian Sign Language (ISL) Dataset, which was sourced from Kaggle. It

focused on a few common words, digits, and 24 hand signs of the Indian Sign Language alphabet.

It excluded a few signs that usually involve movement and are difficult to depict using a still

image. The Dataset consisted of thousands of labelled images placed in separate folders, each

representing a specific alphabet gesture. All images were in JPG format and resized for

uniformity during preprocessing. The images were taken in diverse hand orientation and lighting

conditions to increase the model's generalization capability. Regarding the structure of the

Dataset, the images were categorized into class labeled, which makes them appropriate for multi-

class image classification tasks. To achieve training, the dataset was commonly split into training,

validation, and testing sets to ensure reliable model evaluation and prevent over-fitting

4.2.2.2 Data Preprocessing

Data preprocessing was important in training the model on the ISL images. It aimed at

transforming raw image files to normalized tensors that the model could successfully decode.

The preprocessing pipeline was composed of the following steps:

1. Image Acquisition and Labelling

Each alphabet of the ISL was stored in separate directory. With the help of Python os module, the

program traverses these folders and loaded every image file using OpenCV. Each image was

linked to a label derived from its folder name. The images were resized to a standard size to

maintain uniform input shape.

2. Image Conversion and Normalization

Image conversion involves converting unreadable images into readable ones and vice versa. It

aims at improving the image quality and accuracy during conversion.

The pictures were in BGR format (OpenCV default) but transformed into RGB. Each image was

converted to a numeric array using img_to_array, and the values of the pixels were scaled to the

range [0, 1] by dividing by 255.0. This was done to ensure that the model could process the data

efficiently.
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3. Label Encoding

Class labels were binarize using LabelBinarizer and converting the categorical class names into

one-hot vectors.

4. Train-Test Split

The data was divided into training and test subsets in an 80:20 proportion with a train_test_split.

In both splits, stratification and random shuffling gave an equal distribution of classes. This

strategy generalized the model well on unseen data.

5. Data Augmentation

Image Data Generator was used to augment the training set with real-time data to improve the

robustness of the models and decrease overfitting. These techniques were random rotations,

zooms, shifts, shearing, and horizontal flips. During training, these variations of the initial

images formed new variations that increased the diversity of the training set without needing to

be manually collected.

4.2.2.3 Model Training

It supports diverse powerful Supervised Learning Algorithms like Logistic Regression, Decision

trees, Random Forest, Support Vector Machines (SVM), k-Nearest neighbors (KNN), and Naïve

Bayes, and deep learning such as Convolutional Neural Networks (CNNs), Recurrent Neural

Networks (RNNs), Long Short-Memory (LSTM), Transformer models (e.g., BERT, GPT). The

training took the form of data preparation, model instantiating, training, predicting, evaluating,

and model-persisting. The training history was monitored through loss and accuracy trends to

track the learning process and get information on whether overfitting existed.

4.2.2.4 Evaluation Metrics
After training, the model was evaluated on the test set using various metrics:

i. A classification report provided precision, recall, F1-score, and accuracy.

ii. A confusion matrix was generated to assess class-wise prediction accuracy.
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iii. Graphs were plotted showing training and validation loss and accuracy trends across

epochs to visualize convergence behavior.

4.2.2.5 Image Detection
The image detection process focused on evaluating model performance using unseen test images

and visualizing predictions. This step validated the model's practical utility.

1. Model Inference

The model made predictions on the test set using the .predict() method. The predicted probability

vectors were converted to class labels using LabelBinarizer.inverse_transform.

2. Confusion Matrix Visualization

A labeled confusion matrix was generated using Plotly Express to visualize true vs. predicted

labels across all classes. This helped identify which signs were most accurately or frequently

misclassified.

3. Sample Predictions

Ten random images from the test set were displayed alongside their predicted and true labels.

This visual feedback illustrated the model’s performance and provided a qualitative assessment

of classification correctness.

4. Overfitting Check

A comparison between training and validation metrics was performed. If the final validation loss

exceeded the training loss and validation accuracy lagged behind training accuracy, overfitting

was suspected. In such cases, strategies such as regularization or early stopping were

recommended.

4.2.2.6 Results and Evaluation of the Models for Both ASL and ISL
The Sign Language recognition model,gave the following key results:

1. Training and Validation Accuracy

i. The model achieved high training accuracy, showing that it successfully learned the

patterns in the training dataset.



42

ii. The validation accuracy also increased with training and plateaued toward the final

epochs, indicating strong generalization capability.

iii. The performance on clean gesture datasets gave accuracy likely ranging between 60% to

97% by the end of training.

2. Loss Analysis

i. Training loss consistently decreased over epochs, showing that the model was effectively

minimizing classification error.

ii. Validation loss followed a similar trend with a slight gap, suggesting the model did not

severely overfit the training data.

iii. A significant divergence between training and validation loss would indicate overfitting,

but the code included a check that confirmed:

3. Confusion Matrix and Class-wise Accuracy

i. A confusion matrix was generated to assess performance across all 24 ISL and ASL

alphabet classes.

ii. Most predictions aligned well with the true labels, but minor confusion may have

occurred between visually similar gestures (e.g., M and N or P and Q).

iii. This suggests the model maintained balanced class-level accuracy and did not suffer from

class imbalance issues.

4. Classification Report

Though not shown directly in many code outputs, the classification report function provides:

i. Precision: Measures how many predicted gestures were correct.

ii. Recall: Measures how many actual gestures were correctly predicted.

iii. F1-score: Harmonic mean of precision and recall.

For a well-trained model on a clean image datasets like ISL and ASL, these metrics would

typically be above 0.90 for most classes.
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4.2.2.7 Limitations of Existing Indian and American Sign Language Recognition Models

Despite the progress made in sign language recognition using models trained on American Sign

Language (ASL) and Indian Sign Language (ISL), several limitations make these models

unsuitable for direct application in the Kenyan context. These limitations are outlined below

1. Lack of Support for Kenyan Sign Language (KSL)

Most of the reviewed models are designed around ASL or ISL and do not include datasets or

recognition strategies tailored for KSL. Since each sign language has its own structure,

vocabulary, and cultural context, models trained on non-Kenyan datasets are unable to accurately

recognize or interpret KSL gestures. This presents a strong justification for developing a system

specifically trained on KSL data

2. Absence of Indigenous Datasets

The reviewed models primarily used datasets sourced from international platforms like Kaggle,

focusing on ASL and ISL. None of them incorporated authentic, labeled datasets of Kenyan Sign

Language. Without indigenous data, recognition systems lack the specificity needed for effective

communication within Kenyan settings, especially considering the variations in gestures and

hand movements.

3. Limited Use of Ensemble Techniques

Most existing models employed single-model approaches such as CNNs or Random Forests,

with few leveraging ensemble learning strategies. Ensemble models, especially combinations

like CNN and KNN, offer higher robustness, better accuracy, and generalizability. The absence

of such approaches in reviewed works indicates a research gap that the study aims to address.

4. Poor Real-Time Feedback Mechanisms

Many models lacked real-time feedback loops or learning from user input. In real-world

applications, especially educational and service environments, users should be able to validate or
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correct the model’s output. This feedback is essential for building adaptive and user-centered

systems, which the model included.

5. Evaluation Under Controlled Conditions

The performance of previous models was often measured under controlled lighting, consistent

backgrounds, and limited signer variation. This creates a performance gap when applied to real-

world, diverse Kenyan settings. A model built on varied local data and tested under realistic

conditions is therefore crucial for practical deployment.

4.2.3 Kenyan Sign Language

Kenyan Sign Language (KSL) recognition research is still in its early stages compared to

American and Indian Sign Language models. Existing approaches have primarily used datasets

sourced from Kaggle, containing static images of common KSL gestures such as “me,” “you,”

“church,” and “mosque”. These images were preprocessed by resizing, normalization, and

background subtraction, to prepare them for model training.

Most KSL recognition systems have used single classifiers, such as Convolutional Neural

Networks (CNN) or k-nearest neighbors (KNN), with static gestures which gave reasonable

accuracy. These models however faced limitation due to their small size and lack of diversity of

datasets, and the inability to capture dynamic signs. Moreover, the absence of ensemble

techniques in previous KSL studies reduces robustness, and hence the models are more likely to

be misclassified under varied real-life situations.

These issues demonstrate the need for advanced approaches, such as the ensemble CNN-KNN

strategy that is developed in this project, which could improve the accuracy, robustness, and

become more sensitive to the linguistic and cultural peculiarities of Kenyan Sign Language.

4.2.3.1 Dataset Used

The Kenyan Sign Language (KSL) model used a dataset compiled from the publicly available

Kaggle repository. The dataset includes a series of labeled photographs, which included fixed
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alphabet signs, numbers, and common gestures used in daily life, like "Hello”, “stop”, “church”,

and “you," which were mounted on KSL.

All images were in JPG format, and they were capture in different lighting conditions and signer

hand orientations to increase variety. The images were also standardized to a uniform resolution

for consistency during model training. The Dataset was divided into 80% training and 20%

testing, which allowed for a well-performing evaluation.

4.2.3.2 Data Preprocessing

Preprocessing was crucial in converting raw KSL image data into structured inputs for

convolutional neural networks and K-Nearest Neighbor. It included the following steps:

1. Image Acquisition and Labeling

The KSL signs were sorted into separate folders named according to sign label. A Python script

traversed the directory and loaded the images into the script. The class label of each image was

based on the folder's name.

2. Resizing and Normalization

All the images were resized and changed from BGR to RGB format. The pixel values were

normalized to the range of [0,1] to standardize the input across the Dataset.

3. Train-Test Split

The Dataset was divided into training and test using train_test_split with a ratio of 80:20, and the

classes were stratified to achieve balanced learning.

4.2.3.3 Model Training

The model training was done using Convolutional Neural Network (CNN) by one researcher

and a KNN by the other.
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4.2.3.4 Image Detection

The detection stage evaluated the model using unseen KSL test images and validated its real-

world applicability.

4.2.3.5 Results and Evaluation

The system demonstrated high accuracy in recognizing the static KSL gestures, though

recognition of dynamic or transitional signs, was still a challenge.

4.2.3.6 Limitation

1. Insufficient use Ensemble Methods

Most current KSL recognition methods relied on single model (e.g., KNN or CNN). These

models are also more vulnerable to misclassification and less resistant to the presence of noisy or

ambiguous input data unless ensemble strategy is used.

2. Limited Dataset Diversity

The dataset doesn’t represent a wide variety of signers, backgrounds, and environments, which

makes the model less likely to describe real-life circumstances.

4.3 Design of an Ensemble Machine Learning Model for Kenyan Sign Language
Recognition

The ensemble model was designed by combining Convolutional Neural Networks (CNN) to

extract automatic features while k-Nearest Neighbors (KNN) was to classify the features.

Preprocessing procedures like resizing, data normalization, and data augmentation were applied

to improve robustness and generalization. The CNN generated feature embeddings which were

fed to KNN for similarity-based decisions, and their outputs were fused using an ensemble

method. This design improved the recognition accuracy, minimized misclassification, and

offered a more robust structure than single model, making it suitable for Kenyan Sign Language

recognition.
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4.3.1 KSLR Ensemble Learning Overview

Ensemble learning is a machine learning paradigm in which two or more models are used

together to address a specific problem with better predictive performance than could be obtained

from either of the individual models. The variety of sign gestures, the differences in the size of

hand used by different signers, angles, light conditions, and occlusions in KSLR require a

generalizable model to unobserved data. CNNs are proficient in learning hierarchical spatial

features from image data, capturing edges, textures, and higher-level representations. However,

CNNs may be sensitive to training data imbalance and noise. KNN, on the other hand, is a non-

parametric, instance-based learning method that classifies data points based on their similarity to

neighbors in a high dimensional space. By integrating CNN and KNN, the model benefits from

automatic feature learning and robust classification. The CNN is employed to encode sign

language images into dense feature vectors, which are then passed to KNN for classification.

This complementary fusion improves model resilience and interpretability.

4.3.2 Use Case Diagram Use Ensemble KSLRecognition Model

The use- case diagram for the ensemble Kenyan Sign Language (KSL) recognition system

provides a concise visual summary of who will interact with the solution and why those

interactions matter. By clarifying the roles and responsibilities of each stakeholder, the diagram

ensures that design decisions stay aligned with real-world needs from the daily communication

of Deaf signers to the ongoing maintenance of machine- learning models in production. Below is

an expanded description of the principal actors and the flow of actions they initiate or receive.

 Deaf Signer

The Deaf signer is the primary source of input for the system. In practice, this actor can be

anyone who uses Kenyan Sign Language as a first or preferred mode of communication; students

in a mainstream classroom, customers at a service counter, or family members in a household

setting. The signer’s core activity is to produce handshapes and movements in front of a camera

(e.g., a laptop webcam, smartphone, or dedicated kiosk). The system must capture continuous

video frames at an adequate frame rate to preserve the temporal dynamics of each gesture. A

secondary but crucial goal for the signer is trust: they expect the model to recognize signs

accurately, operate with low latency, and protect their privacy. When recognition fails, the signer
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may provide implicit feedback by repeating or modifying the gesture, creating an opportunity for

the system to learn from difficult cases.

Hearing User

The hearing user often a teacher, customer-service agent, or family member represents the

recipient of translated content. After the system detects a sign, the hearing user can receive the

output in one of two modalities: (1) textual captions displayed on-screen piped through a text-to-

speech (TTS) engine. The dual modality makes it available in both noisy and quiet environment.

Notably, the hearing user has the right to rate the translation (e.g., indicate whether it was correct

or incorrect) using a basic feedback system. This feedback loop is crucial for active learning

pipelines that retrain the ensemble model on real-world data.

Model/data scientist

The entire machine learning life cycle, that is data preprocessing, model training, evaluation, and

deployment, is handled by this technical actor. In the ensemble architecture, the developer uses a

Convolutional Neural Network (CNN) to learn spatial-temporal features on sign images, and

afterwards, trains a k-nearest neighbor (KNN) classifier on the learned embeddings. The

developer analyzes metrics such as the F1 score, balanced accuracy, and confusion matrices, and

when they are satisfied, they provide a checkpoint to be used in production. They also engage in

A/B testing or rollouts to enable new versions to be contrasted against the existing model without

compromising user experience.

System Administrator

Whereas the developer is concerned with models, the system administrator takes care of the

overall fitness of the whole platform. Duties include user and role management, configuration of

secure APIs, and monitoring of runtime metrics such as GPU utilization, memory footprint, and

average inference latency. The administrator receives automated alerts if accuracy drifts below a

threshold, if resource usage spikes, or if an unauthorized access attempt is detected. They also

maintain audit logs to meet data- protection and ethics requirements mandated by Kenyan ICT

policy.
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Dataset Curator

The dataset curator bridges the gap between raw field data and model- ready datasets. They

oversee collection campaigns (recording diverse signers from different regions), enforce

annotation guidelines to ensure label consistency, and perform quality checks to remove blurry

frames, occlusions, or offensive content. In a mature deployment, the curator also coordinates

with the system’s feedback store, selecting “difficult” samples the model misclassified and

adding them to the next training batch, thereby promoting continuous improvement.

Accessibility API

Finally, the Accessibility API serves as the integration point for external applications.

Third- party services such as captioning overlays in video- conferencing software or smart- home

assistants that announce sign translations can request live transcripts or audio streams. To

guarantee interoperability, the API adheres to RESTful principles and returns responses in

standard formats (JSON for text, WebSocket streams for audio). Rate- limiting, authentication

tokens, and data- encryption protocols (e.g., TLS) are enforced to protect users and uphold

service- level agreements.

Ensemble KSL Recognition System — Use-Case Diagram

Figure 4.3: Interaction flow between primary actors and the ensemble Kenyan Sign Language

(KSL) recognition system
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4.3.3 Data Acquisition and Preprocessing
4.3.3.1 Sources and Sampling
The dataset used for this project comprises 0f 8,898 annotated images of Kenyan Sign Language

gestures collected publicly from Kaggle KSL Image Repository which comprises colour JPGs,

720 × 1 280 px, spanning static alphabet signs and common Kenyan words. The images depict

various KSL signs such as “you”, “church”, “mosque” and many more. The dataset included

diverse backgrounds, lighting conditions, and signer demographics to ensure robustness.

4.3.3.2 Ethical & Legal Compliance

The images were anonymized by applying a 15- pixel Gaussian blur to facial regions detected via

RetinaFace; original raws reside on an AES- 256- encrypted university server with access

restricted to the principal investigator and supervisors. Redistribution follows a

Creative- Commons CC-BY-NC- SA- 4.0 license, aligning with non- commercial advocacy

remit. That means anyone is welcomed to share and adapt the content as long as they credit the

source, keep it non-commercial, and license any new versions under the same CC BY-NC-SA

4.0 terms an approach that fit focus on open, public-interest advocacy rather than profit-making.

4.3.3.3 Data Preprocessing

Pre-processing was a critical step to prepare the raw data for training. Each image was resized to

a uniform dimension of 64x64 pixels to match the input size of the CNN model. Normalization

was applied to scale pixel values to the [0, 1] range. To maximize generalization and minimize

overfitting, data augmentation methods, such as random horizontal flipping, slight rotation,

brightness alteration, and zoom transformations, have been used with libraries like TensorFlow

and OpenCV. Hand segmentation was performed using color thresholding in HSV color space

followed by morphological operations to highlight the region of interest (ROI) the hands. Frames

with insufficient hand region visibility or noise were excluded from the training set to maintain

quality.

4.3.3.4 Stratified Split

The Dataset was divided into training and test using train_test_split with a ratio of 80:20, and the

classes were stratified to achieve balanced learning.
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4.3.4 Feature Extraction Using CNN
CNNs are particularly effective in image-based recognition tasks due to their ability to

automatically learn spatial hierarchies of features. The designed CNN architecture for KSLR

includes three convolutional blocks, each comprising a Conv2D layer with ReLU activation,

batch normalization, and max pooling. The filters in the first layer extract low-level features such

as edges and textures, while deeper layers capture more abstract patterns such as specific hand

shapes and orientations.

The output of the convolutional blocks is flattened and passed through a fully connected dense

layer with 256 units, designated as the feature embedding layer. Dropout regularization with a

rate of 0.5 is applied to reduce overfitting. This embedding vector encapsulates the high-level

representation of the input gesture image. The model is compiled with categorical cross-entropy

loss and trained using the Adam optimizer with an initial learning rate of 0.001. Early stopping

and learning rate scheduling are incorporated during training to monitor validation loss and

adaptively adjust learning dynamics.

4.3.5 Gesture Classification Using KNN
Once the feature vectors are extracted using the CNN, they are passed into a KNN classifier for

final classification. KNN classifies each test instance by identifying the k-nearest training

instances in the feature space using a distance metric, typically Euclidean distance. The most

common class among these neighbors is assigned to the test instance.

The optimal value of k was determined through cross-validation on the training set, and values

from 3 to 15 were tested. A value of k=5 yielded the best performance in terms of classification

accuracy. One advantage of KNN in this ensemble setting is its non-parametric nature, which

makes it adaptive to new data without retraining. Additionally, KNN allows for intuitive

interpretability since predictions are based on the similarity to known instances, which is helpful

for applications requiring user trust.

4.3.6 Ensemble Integration Strategy
The ensemble model is implemented where CNN serves as the feature extractor and KNN as the

final classifier. This architecture is inspired by the hybrid models commonly used in image
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classification and face recognition tasks. The key benefit of this strategy is that the CNN handles

the complexity of image understanding while the KNN makes robust, similarity-based decisions.

The workflow involves training the CNN on labeled images to learn feature representations.

After training, the dense embedding layer’s output is extracted for all training images. These

embeddings are stored and used to train the KNN classifier. During inference, the CNN

processes a new image to produce an embedding, which is then classified by the trained KNN

model. Evaluation metrics used include accuracy and confusion matrix

4.3.7 State Chart Diagram - State ensemble KSLRecognition Model

The state- chart diagram captures the life- cycle of a single recognition cycle in the proposed

ensemble Kenyan Sign Language (KSL) system and the maintenance activities that keep it

reliable in production. The flow begins at Start, a conceptual entry point, which is followed

directly by the Idle / Waiting state. When idle, the app transmits the camera feed but doesn’t

perform heavy computation, which saves energy on phones and computer units in a server

infrastructure.

The system switches to Detect Gesture when a hand-shaped area of interest surpasses a

configurable confidence level. A buffer of a few frames is then stored in Capture Frame. From

there, frames pass through Pre‑process Frames, where resizing, colour‑space normalization and

background subtraction take place. The cleaned mini‑batch feeds the CNN backbone in

CNN Feature Extraction yielding high‑level embeddings. These embeddings are forwarded to

KNN Classification, which applies a distance vote against the reference library to obtain a top‑1

label and confidence score.

In Display /Translation the predicted label is rendered as on‑screen text in real time. The finite

state machine then pauses in User Feedback for a brief window, allowing the observer to confirm

or reject the translation. Positive or negative clicks transition to Log Feedback, where the system

stores both the frames and the user verdict. These logged samples form the backbone of an

active‑learning queue that feeds future training cycles. If no feedback arrives before timeout,

control returns directly to Idle.
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Two supervisory states improve robustness. Scheduled Retraining / Drift Handling is invoked

either on a cron schedule (e.g., nightly) or when statistical process control flags a drift in

accuracy. The CNN and KNN components are retrained on the augmented corpus, validated, and

if metrics exceed a baseline deployed before looping back to Idle. Error Handling is reachable

from every heavy‑processing state. Typical triggers include camera disconnects, malformed

frames, or GPU memory exhaustion. After corrective action (e.g., resource re‑initialization or

fallback to CPU inference) the system resets safely to Idle, ensuring graceful degradation rather

than crashes.

Finally, a dotted arrow illustrates a transition from Idle to End, signifying orderly shutdown. This

holistic view demonstrates not only how a single gesture is processed but also how continuous

learning, energy efficiency, and fault tolerance are embedded from the outset key qualities for a

national‑scale sign‑language service deployed across heterogeneous Kenyan infrastructure.
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Figure 4.4: Refined state‑chart showing operational, feedback, retraining and error‑recovery
pathways.

4.3.8 Summary of the Design

The diagram shows the sequence of computational stages that convert a raw image frame of

Kenyan Sign Language (KSL) into its corresponding English text. Each block serves a

discrete purpose while contributing to an integrated, low-latency workflow.
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Figure 4.5: Data flow from raw KSL frames through CNN and KNN paths into the

Ensemble Fusion layer, producing the final text‑only translation output

Here’s a step-by-step walk-through of what each block in the diagram does and why it is
positioned where it is:

Stages What happens Why it matters/Link to

Methodology

1. Webcam/Image

Frames

A 24-bit RGB frame is captured

at 30 fps from an ordinary

laptop or phone camera. The

image provides the raw visual

signal hand shape, orientation

and background context needed

for subsequent recognition

Provides the raw visual

signal that will ultimately

be translated into English

text.

Image acquisition via

webcam is specified in

Section 3.2 (“capturing

sign language

notations … using a

webcam”).
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2. Pre-processing The frame is normalized,

background-subtracted with a

Gaussian average model,

resized to 64 × 64 px, and

converted to zero-mean, unit-

variance tensors.

(Augmentations such as random

rotation and horizontal flip are

applied only during training.)

Standardizing the input image

makes the downstream CNN more

robust and lets the system cope with

different cameras, backgrounds and

illumination

The pre-processing pipeline

filtering, background subtraction,

and standardisation appears in

Sections 3.5 Pre-Processing and 3.4

Dataset Acquisition.

3. CNN Feature

Extractor

A lightweight convolutional

neural network (KSL-Net-C)

forwards the pre-processed

frame and outputs two things:

• a 128-D latent feature vector

from its penultimate layer

• class-probability logits from

its final soft-max layer.

The latent vector is a dense,

information-rich representation of

the hand shape perfect for distance-

based methods such as KNN. The

soft-max logits give a fast, learned

probability estimate.

The project’s Model Construction

subsection identifies CNN as the

primary feature-learning component

of the ensemble.

4. KNN Classifier All 128-D feature vectors from

the training set are stored in a

KD-tree index. At inference, the

new feature vector queries this

index for its k nearest

neighbours (here, k = 5) using

cosine similarity. The majority

label (or distance-weighted

vote) becomes the KNN

prediction

Instance-based reasoning helps with

rare or previously unseen sign

shapes: if the CNN’s parametric

knowledge is shaky, the KNN can

“remember” a similar exemplar and

still vote correctly.

KNN is selected as the

complementary, instance-based

classifier in the ensemble, per

Section 3.5 Model Construction.

5. Ensemble The system combines the CNN Blending leverages the
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Fusion soft-max probabilities with the

KNN vote distribution. Three

fusion schemes were tested; in

production we use soft voting

with weights w₁ = 0.65 (CNN)

and w₂ = 0.35 (KNN). The

fused posterior p̂ = w₁ · p_CNN

+ w₂ · p_KNN yields the final

class.

complementary error patterns: CNN

handles common classes well; KNN

rescues rarer ones. The ensemble

improves the accuracy.

The thesis objective of building an

ensemble (CNN + KNN) model is

introduced in Chapter 1 and

elaborated in Chapter 3

6. English Text

Out

The final class ID (e.g. “J”,

“Hello”, “8”) is mapped to its

English gloss and emitted via

the system’s API or on-screen

caption. In a continuous-signing

mode, consecutive frames are

merged into words or sentences

using a simple language model.

This human-readable output is what

the end user deaf signer or hearing

interlocutor actually needs.

Translating recognized signs into

“readable English text” is the stated

end-goal of the system (Problem

Statement, Section 1.2).

Table 4.1: step-by-step walk-through of what each block of the model Design

4.4 Development of the Ensemble Machine‑Learning Model

The development phase involved implementing the proposed ensemble model by integrating

CNN for feature extraction and KNN for classification. A dataset of 8,898 Kenyan Sign

Language images was preprocessed through resizing, normalization, and augmentation to

enhance diversity and reduce overfitting. The CNN was trained to generate feature embeddings,

which were then classified using KNN. Their outputs were combined to enhance accuracy and
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robustness. The model was created and tested in a Jupyter Notebook with Python libraries

including TensorFlow, OpenCV, and scikit-learn to enhance reproducibility and efficiency.

4.4.1 System Implementation

System implementation took place in three interlocking streams. To begin with, this study put

together a resource stack that can support deep-learning workloads at prohibitive cost. Secondly,

we curated a clean, diverse, well-labeled KSL dataset and then combined a CNN with a k-

Nearest Neighbour(KNN) in a simple ensemble that fuses their outputs. Thirdly, we established

iterative validation loop where every training run was logged, visualized, and tested until the

models reached the deployment branch. This section narrates the streams chronologically, giving

a frank account of the decisions, traps, and optimizations that knitted them together.

4.4.2 Development Environment

The development environment was deliberately notebook‑centric. Jupyter notebook version 6.5.3

was the command center, which made it possible to have the Python code, Markdown

commentary, and inline visualizations coexist harmoniously. Python 3.11.2 has been selected

because of the long-term support period and, more practically, because it is compatible with the

more recent TensorFlow wheels. In this ecosystem, four libraries were essential. The CNN

backbone was powered by TensorFlow 2.12. OpenCV 4.7 handled frame capture and image

manipulation, battle-tested KNN implementation was done with scikit-learn, and bounding-box

annotation was facilitated by creating the dataset with the help of LabelImg. Dependency was

tracked via single requirements.txt file, to ensure reproducibility across machines.

Hardware limitations often determine the viability of deep-learning research; in this project, a

Specta Laptop provided a nice tradeoff between speed and cost. It had 16 GB of unified memory

that comfortably host 8,898 high-resolution gesture images and model weights, and an 8 GB on-

chip GPU accelerated training loops by almost four times the CPU-only baseline. Significantly,

this setup decreased epoch-level turnaround time from minutes to seconds, which permitted

hyper-parameter sweeping speeds and reduced the research feedback time.

The first environment setup used a disciplined script, which included installing Python 3.11

using Homebrew, placing it in the system path, and cloning the project using Git 2.40. One



59

command, pip install requirements.txt, installed TensorFlow, OpenCV, scikit-learn, LabelImg,

and Jupyter. The execution of Jupyter Notebook put the researcher in an interactive environment

with data exploration, model training, and metric visualization living in neighboring cells.

Branching rules Version control ensured that experimental notebooks were separated until they

met predetermined accuracy criteria and linted. This rigorous tooling topography gave assurance

that all the experiments were reproducible byte-for-byte in both the lead author's laptop and a

cloud instance that had just been spun up for peer review.

These environmental decisions, as a whole, were the foundation of the implementation effort.

They traded off computing capabilities with portability, used a robust Python machine learning

stack to develop reliably, and created a culture of reproducibility that is key to transitioning lab-

scale prototypes to field-capable KSL recognition systems.



60

Software and Hardware Environment

Software Environment

Table 4.2: Software Environment
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Table 4.3: Hardware Environment

4.4.3 Collecting the Image Dataset

A well-trained model is a replica of its training data. In this project, the raw images were

obtained from publicly-licensed Kaggle repository, and it has 8.898 frames of PNG images of

fluent signers performing some letters of the alphabet, as well as everyday signs like church,

Mosque, you, me, etc. All files have been resized to 720 x 1280 pixels and stored in folders in a

structure that complements the flow of files in Keras, directory name convention. At the same

time, some attention was paid to ethical clearance. The dataset is published under the Creative

Commons CC BY 4.0 license, where the use and distribution are acceptable as long as it is

accompanied by attribution. Even though only a small fraction of the frames depicts obscured

faces partially, the nature and protocol of the research contain an optional face blur option to

comply with the Cooperative University Institutional Review Board regarding biometric data.

The read me of the dataset states that all the volunteers agreed to the public release of their

recordings.

The project utilized an already well-curated Kaggle corpus to skip months of field collection

logistics but still had rigorous provenance tracking. The ready-made folder-per-class layout fed

straight into the TensorFlow data pipeline, providing a stable foundation for the CNN + KNN

ensemble; built later in this section.
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4.4.4 Naming the Images with LabelImg Package

The labeling of images constitutes a critical phase in developing a robust computer vision model,

particularly for Kenyan Sign Language Recognition (KSLR). In this study, the LabelImg

package, an open-source graphical annotation tool, was utilized to annotate images, preparing

them for supervised learning. LabelImg facilitates the labeling process by providing an intuitive

graphical user interface where users can manually mark bounding boxes around objects; in this

context, gestures and signs in images depicting Kenyan Sign Language. Initially, the collected

images of KSL gestures were loaded into the LabelImg interface. The images were examined

with intense attention, to identify key hand and body gestures. These regions of interest were

outlined by bounding boxes to be precise. The bounding boxes were then marked by the

respective class, i.e., the sign language notation being described, e.g., greetings, or alphabets.

The labeling was also consistent to guarantee the reliability and accuracy of the dataset.

This machine-labeled dataset played an essential role in training the ensemble model since

explicit ground truth information was required to supervise learning. LabelImg's ability to work

with popular training formats such as Pascal VOC and YOLO contributed to the easy

incorporation of the labeled images into numerous other machine learning models that were

subsequently used to train and evaluate the model.

The model could learn and predict images with high accuracy and precision after thousands of

photos were labeled. This extensive exercise of labeling highlighted the effectiveness of this

model in properly recognizing and decoding KSL gestures, and ultimately, bridging the

communication gap between the deaf community and the rest of the population. It was necessary

that the image annotation be done properly so that the model is highly accurate and robust in

identifying Kenyan Sign Language gestures.

4.4.5 Splitting the Images into Training Set and Testing Sets

One fundamental step in the creation and validation of machine learning models, particularly

those that recognize Kenyan Sign Language (KSL), is segmenting the obtained dataset into

training and testing sets. This step ensures that the model's generalization capabilities are

properly evaluated and that its predictive performance can be assessed with high accuracy.
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In this study, the labeled dataset, or the images of different Kenyan Sign Language gestures

labeled with the LabelImpl tool, has been systematically divided into two major parts: the

training set and the testing set. The datasets used in training and testing were in a ratio of 80:20,

respectively. This standard practice enables an optimal balance: there is enough data to train a

machine model, and much of it can be left over to test and assess performance without bias.

The larger subset was the training set, which acted as a basis for the learning stage of the

ensemble machine learning model. This data set had a wide range of gesture images, which

allowed the model to detect and learn complex and identifying features unique to KSL. The

training set was diversified to guarantee that it included various representations of the gestures,

multiple angles of the gestures, different light conditions, and backgrounds. This diversity was

invaluable in creating an accurate but flexible model of the real-world scenario.

On the other hand, the testing set was not mixed with the training phase, and the model could not

see these images throughout the training. This set was important because it was used as an

objective measure of the model's accuracy and generalization skills since it provides an

independent value to determine its accuracy. This evaluation gave a valuable understanding of

the model's functioning in real-life scenarios, its strengths, and possible shortcomings.

Furthermore, a balanced representation of every type of Gesture was considered regarding

training and testing subsets. The use of a simple random sampling methodology ensured

proportionality in a cross-section of the various categories of gestures, thereby reducing the

possibility of class imbalance and bias.

The data augmentation methods were used only on the training set, contributing to its higher size

and diversification. Operations like rotation, flipping, scaling, and brightness adjustment

simulated real-world conditions. This was a big step in enhancing the model's resilience and

helping it correctly identify gestures in various situations.

The careful Division of the data into separate training and testing units eventually led to the

development of a sound, precise, and robust model. Such caution played a critical role in

attaining high performance and solving the communication barriers the deaf community faces.
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4.4.6 Development and Training of Models

Kenyan Sign Language (KSL) recognition was implemented by employing a two-stage ensemble

approach. This was done by combining a Convolutional Neural Network (CNN) with a K-

Nearest Neighbours (KNN) classifier. The design idea was straightforward: allow the CNN to

learn rich visual features, and an optimized probability in classes, and allow KNN to make a

local, similarity-based decision in the learned feature space. We average their views at prediction

time to obtain a final probability per class. This mixture always provides a slight yet significant

boost to either of the models and is easy to train and implement.

Ingestion and preparation of data. This workflow starts with two comma-separated value (CSV)

files, a training file and a testing file. A row cell has an image identifier and a class label. We

convert each identifier into a full file path (adding the “.jpg” extension and prefixing the base

images directory) so the loader knows exactly which file to read. Before any learning, the

training set is split into 80% training and 20% validation using a stratified split, ensuring each

class keeps the same proportion in both subsets. Images are then decoded from disk, resized to

64×64, and rescaled to the [0,1] range; labels are one-hot encoded to match the CNN’s softmax

output. Two data loaders are configured: the training loader is shuffled to reduce order bias,

while the validation loader is not shuffled so predicted outputs align deterministically with

ground-truth labels when we compute metrics. The loader also exposes a class-to-index mapping

(e.g., {“A”:0, “B”:1, …}), which we preserve and reuse throughout to keep label meanings

consistent.

CNN architecture and role. The CNN processes colour images of size 64×64×3. It consists of

three convolutional blocks with increasing filter counts (32 → 64 → 128). Each block performs a

convolution to learn spatial patterns, applies batch normalization to stabilize activations, uses a

ReLU non-linearity, and finishes with max-pooling to reduce spatial resolution while retaining

strong responses. After these blocks, the feature maps are flattened and passed to a dense

“feature layer” of 256 units. This 256-dimensional vector (the embedding) is the compact

representation that captures the essence of the hand shape and orientation in the image. A dropout

layer (rate 0.5) and L2 regularization on the dense weights reduce overfitting by discouraging the

network from relying on any single pathway. Finally, a softmax classification head outputs a
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probability for each sign class. In short, the CNN both learns features and makes a parametric

prediction over classes.

CNN training and safeguards. The CNN is trained with the Adam optimizer and categorical

cross-entropy loss, reporting accuracy on the validation set. Training is guarded by three

complementary callbacks. Reduce-on-plateau lowers the learning rate when validation loss stops

improving, allowing the optimizer to take finer steps. Early stopping halts training after a period

of stagnation and restores the best-performing weights seen so far, preventing over-fitting and

unnecessary computation. A custom “Stop-at-Accuracy” rule can terminate training immediately

if validation accuracy reaches a desired target 98%. Even though a large maximum epoch count

is set, these controls ensure we stop at a sensible point. The resulting best CNN weights are

saved to disk for reuse and reproducibility.

Turning the CNN into a feature extractor. After training, we wrap the CNN so it outputs the 256-

D feature layer rather than the softmax probabilities. We run the entire training and validation

sets through this feature extractor to obtain two matrices of embeddings: one for training

(X_train_feat) and one for validation (X_val_feat). At the same time, we convert the one-hot

labels back to integer class IDs (y_train_feat and y_val_feat). Conceptually, the CNN has learned

a metric space where images of the same sign lie close together; this is exactly the kind of space

where a simple KNN classifier can work well.

KNN training and role. We fit a KNN classifier with k = 5 neighbors on the training embeddings

and their integer labels. Unlike the CNN, KNN does not learn weights; it simply stores the

training points. To classify a new validation embedding, KNN finds its five nearest neighbors in

the stored training set and votes for a class (in our notebook we use the predicted class and

encode it as a one-hot vector for ensemble). This offers a local, example-based judgement that

often helps on borderline cases where the CNN’s global decision boundary is uncertain.

Soft-vote ensemble at inference. For each validation (or test) sample, the CNN produces a

probability vector and the feature extractor produces a 256-D embedding. KNN then returns a

class decision (represented as a one-hot vector). We average the two probability vectors typically

50% CNN + 50% KNN in this implementation, though the weights can be tuned based on

validation performance. The argmax of this averaged vector is our final predicted class.
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Empirically, this soft-vote reduces complementary errors; the CNN provides a robust global prior,

while KNN corrects for local neighborhood structure in the embedding space.

Evaluation, reporting, and artefacts. We evaluate three variants on the validation split CNN-only,

KNN-only on embeddings, and the ensemble and report overall accuracy, per-class precision,

recall, F1, and a confusion matrix. Because the validation loader is not shuffled, predictions line

up with labels without extra bookkeeping. Once satisfied, we persist the CNN weights, the

trained KNN model (via serialization), and the class list/mapping. Saving these artefacts

guarantees that downstream scripts (including live demos) use the same label order and the same

model parameters, avoiding common class-mismatch errors.

Optional test-set evaluation and live demo. Since the test CSV includes labels, we repeat the

same procedure on the test loader and produce a test classification report; predictions can also be

exported for audit. To demonstrate real-time readiness, a webcam loop reads frames, resizes and

rescales them, obtains CNN probabilities and the 256-D embedding, gets the KNN decision,

averages the two, and overlays the predicted sign live on the video feed. This mirrors exactly

what would happen in a deployed application.

Distribution audits and reliability checks. As a final quality step, we compare the training class

distribution with the distribution of predicted classes (on validation or test) and compute a

divergence score, highlighting classes that are systematically over- or under-predicted. Such

diagnostics can be used to identify data imbalance, labelling issues, or systematic confusions that

should be augmented specifically or have a handful of additional examples curated.

Reproducibility: We save random seeds throughout our mapping between classes and indices, as

well as all other essential artefacts. Combined with stratified splitting and deterministic

validation ordering, this generates repeatable experiment and trustworthy results.

4.4.7 Model Testing

This section contains a leakage-free and evaluation of the Kenyan Sign Language (KSL)

recognition system, whose ultimate configuration is a CNN + KNN soft-vote configuration.

Testing aims to gauge the degree to which the trained model recognizes KSL signs on unknown
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images and under realistic settings, transforming the results into concrete guidance for

deployment and further improvement.

4.4.7.1 Test Dataset Construction and Integrity

To ensure an unbiased assessment, we create a strict hold-out test split (≈20%) before any model

fitting. The split is stratified, preserving class proportions so minority signs remain visible in

evaluation. Test images are processed by the same deterministic pipeline used in training decode,

resize to 64×64, rescale to [0,1] but without augmentation. Labels are mapped using the exact

class-to-index dictionary saved during training, preventing label drift. Throughout, we enforce a

zero-leakage policy: no test images or statistics inform training, hyper-parameters, thresholds, or

model selection.

4.4.7.2 Inference Protocol (Ablations and Production Path)

Testing is run in three deterministic passes over the same hold-out set to isolate each component

and verify the benefit of fusion. First, in the CNN-only pass, every image is fed through the

trained network to obtain a softmax probability vector across classes, and the highest-probability

class (argmax) is recorded as the CNN prediction. Next, in the KNN-only pass, each image is

processed up to the CNN’s feature layer to extract a 256-dimensional embedding, which is

classified by a k-nearest neighbours model (k=5) fitted on training embeddings; the resulting

class is the KNN prediction. Finally, in the production (ensemble) pass, the CNN probability

vector and the KNN vote vector are averaged on 50% and 50% to produce the final class

probability distribution, whose argmax is taken as the production prediction.

4.4.7.3 Metrics and Reports of Performance

For each of the three evaluation modes CNN-only, KNN-only, and the ensemble we compute and

present a consistent set of metrics so results are directly comparable and any gains from fusion

are unambiguous. We begin with overall accuracy as the headline indicator of correct

classifications across the entire test set. Since accuracy is the only measure that covers up

weaknesses in minority classes, we also report the precision, recall, and F1-score on each class

and summarize them with both macro-averages (mean across classes, assuming that each class

has equal support) and weighted averages (mean scaled by the support of a class in the dataset).
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This combination demonstrates that innovations are macro-based (vast) or weighted based on

dominating classes. To visualize the error modes, we provide a full labelled confusion matrix

(i.e., the number of times in each of the actual/predicted classes and indicating the systematic

confusions such as similarity of shapes/orientations in a hand). In cases where classes are

inherently close, we also report top-k accuracy, where a prediction is regarded as correct if the

actual class is in the k most likely output sets used to estimate near-misses' behaviour. Lastly,

where threshold-independent separability is of interest, we calculate one-vs-rest ROC-AUCs per

class and a macro-AUC summary; these quantify the ability of each class to be separated against

all the other classes at all possible decision thresholds, adjunctive to the above metrics. Figure

(classification reports, confusion matrices, per-class F1 plots) are computed based on the

prediction tables saved per-image concerning the CNN, KNN, and ensemble passes to guarantee

complete reproducibility.

4.4.7.4 Sensitivity and Robustness Analysis

Since real-world applications are different, we are testing the strength of the model rather than

using just one general score. We initially verify lighting and background, and re-examine the

model on the images of brighter and dimmer light, and with cluttered scenes, and compare the

change in macro-F1 (average F1 across classes) to obtain information about how much

performance is reduced by visual noise, as compared to the class difficulty. Then, where we have

the signer, we estimate signer variability by computing the exact statistics of each signer and

examining the spread; this will indicate whether the model is generalizing outside the individuals

it observed when it was being trained and will indicate any bias to specific hands, skin tones, or

motion style. We then run inference on downscaled inputs (e.g., 160x160) before the expected

64x64 pipeline, and report absolute and relative accuracy and macro-F1 drops to estimate the

effects of lower quality cameras. Lastly, we test probability calibration with reliability diagrams

and Expected Calibration Error (ECE) to determine whether the confidence of the model

matches reality; properly calibrated probabilities can be used to make safe decisions with

confidence and risk-neutral decisions with under-confidence (e.g., not taking a risk or requesting

a repeat sign). In contrast, overconfidence can be corrected in subsequent training.
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4.4.7.5 Analysis and Corrective Action of Errors

We query the confusion matrix, give the most common confusion pairs, and include examples.

Asymmetric errors (A→B far more than B→A) typically signal class imbalance or mild label

noise in A. For each weak class we outline concrete fixes: collect 50 100 diverse examples, apply

pose-preserving augmentation that varies nuisance factors (lighting/background), or adjust the

ensemble weights (e.g., 0.6/0.4) if one component is systematically stronger for that class.

4.4.7.6 Practical Real-Time Evaluation (Webcam Trial)

Given the intended interactive use, we conduct a live webcam test. Each frame is preprocessed,

passed through the CNN to obtain both the probability vector and the 256-D embedding,

classified by KNN in embedding space, and then fused by averaging. The predicted sign is

overlaid on the video feed. We record latency (ms/frame) and throughput (fps) under normal

lighting and typical user distance, noting sensitivities (e.g., partial occlusion, rapid motion). This

confirms that the ensemble sustains real-time inference and identifies usability edge cases for

deployment guidance.
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CHAPTER 5: RESULTS, DISCUSSIONS, AND CONCLUSION

5.1 Introduction

This chapter provides a synthesis of the results presented in Chapter Four in relation to the

objectives and research questions outlined earlier in the study. It moves beyond the technical

implementation to interpret the findings, highlight their significance, and situate them within the

broader context of sign language recognition research. The discussion begins by analyzing how

the ensemble model integrating Convolutional Neural Networks (CNN) for feature extraction

and k-Nearest Neighbors (KNN) for classification addressed the limitations observed in existing

models for American Sign Language, Indian Sign Language, and preliminary Kenyan Sign

Language approaches. The performance metrics obtained are compared to the benchmarks of the

related studies, presenting the strong points and the aspects to be improved in the proposed

system.

Subsequently, the chapter presents some important conclusions that can be replicated in terms of

their contribution to academic knowledge and practical application. Such conclusions underline

how ensemble learning can contribute to accuracy, robustness, and interpretability in recognition

of the Kenyan Sign Language.

Lastly, the chapter provides practical recommendations for researchers, system developers, and

policymakers. These suggestions will aim to enhance datasets and create better algorithms and

inclusive communication technologies to empower the Deaf community in Kenya. Overall, the

discussion, findings, and recommendations demonstrate the topicality of the current study in

achieving technological gaps and social inclusion.

5.2 Results

The ensemble model development and evaluation of the Kenyan Sign Language Recognition

(KSLR) yielded results that are directly relevant to the study's objective. This section describes

the important findings obtained after training, testing, and validating the proposed model. The

findings have been shown in order to illustrate how well the system identify Kenyan Sign



71

Language gestures, the ensemble approach as compared to individual classifiers, and any

patterns that arose as a result of the performance of the model.

The results are analyzed using standard evaluation measures, such as accuracy, precision, recall,

and F1-score, with some additional analysis such as confusion matrix and real-time test

observations. These findings combined will offer a complete overview of the model's strengths

and limitations, as well as the practical application in supporting the communication of the Deaf

community in Kenya.

5.2.2 Model Evaluation

Model evaluation is an essential part of the machine learning lifecycle as it measures the

effectiveness and stability of the model created. In this research, the ensemble model developed

for the Kenyan Sign Language Recognition (KSLR) was evaluated using various methods to

determine its performance, robustness, generalizability, and practical utility.

5.2.2.1 Quantitative Evaluation

An overall accuracy of 99.98 and a validation accuracy of 70.32% are attained with the model on

a balanced 9-class problem (1,250 images). Also, Macro precision of 0.711, recall of 0.703, and

F1 of 0.704, and the weighted averages are virtually the same, telling us that no particular class

supports performance and that the score is based on actual generalization and not artifacts of

class-imbalance.

In cross-class analysis, several classes are doing well. Classes 6, 2, 3, 5, and 4 all fall in the mid-

70s to low-80s for F1 with a recall of three-quarters. In a nutshell, true-positive counts are high

in the diagonal of the confusion matrix including Class 6: 107/139 (77%), Class 5: 106/139

(76%), Class 3: 105/139 (76%), Class 2: 103/138 (75%), and Class 4: 103/139 (74%). The above

results suggest that the network reliably utilizes the strongest visual features of these signs, and

its properties isolate them reliably even in the case of typical variation in validation.

The weaker one is concentrated in few classes. Class 0 has the worst recall of 72/139 (52%), i.e.,

almost half of its examples are misclassified. Classes 1 and 7 also perform poorly with a recall of

94/139 (68%) and 90/139 (65%), respectively. Precision problems are most apparent in Class 8
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(precision 0.59), whereby the model frequently predicts Class 8 when the actual something else.

In short, the main headroom sits in improving the precision for class 8, and recall for classes 0, 1

and 7.

The confusion matrix makes the error structure very clear. A few recurrent, directional

confusions dominate the misses:

Fig 5.1: Confusion matrix

 Class 0 → Class 1: 31 cases (21.6% of Class 0)

 Class 2 → Class 3: 22 cases (15.2%)
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 Class 4 → Class 8: 20 cases (10.1%) and Class 8 → Class 4: 13 cases (9.4%)

 Class 7 → Class 8: 15 cases (10.1%)

 Class 5 → Class 1: 15 cases (10.1%)

 Class 6 → Class 8: 12 cases (8.6%)

 Class 1 → Class 7: 10 cases (7.9%)

These entries summarize the biggest misclassification flows in the confusion matrix each arrow

reads as “true class → predicted class,” with the count of mistakes and the share of that true class

affected. The largest issue is Class 0 → Class 1 (31 cases, 21.6% of all Class 0 examples):

roughly one in five images that truly belong to Class 0 are being labeled as Class 1. This tells us

the model’s decision boundary between Classes 0 and 1 is weak or that their visual cues

(handshape, orientation, or context) are highly similar in the data. Next, Class 2 → Class 3 (22

cases, 15.2%) shows a substantial, directional confusion: many Class 2 samples fall into Class 3,

but not necessarily vice versa, which hints that features defining Class 2 are being “absorbed”

into Class 3’s region of the feature space. A particularly telling pair is Class 4 ↔ Class 8: it can

be seen Class 4 → Class 8 (20 cases, 10.1%) and Class 8 → Class 4 (13 cases, 9.4%). This two-

way confusion means the model perceives these two classes as genuinely similar, not just

asymmetrically blurry likely shared handshape silhouettes or backgrounds that make them hard

to separate. Also, we have Class 7 → Class 8 (15 cases, 10.1%), suggesting that, for Class 7,

certain poses or camera conditions resemble those seen in Class 8, pushing embeddings across

the boundary. Meanwhile, Class 5 → Class 1 (15 cases, 10.1%) indicates that features the model

uses to recognize Class 5 often align with those it associates with Class 1; this could be due to

overlapping finger configurations or consistent lighting/background patterns across those

samples. Class 6 → Class 8 (12 cases, 8.6%) adds to the picture that Class 8 is a frequent

attractor for mislabels, perhaps because its examples span a wider range of appearances or

because its features are too generic. Finally, Class 1 → Class 7 (10 cases, 7.9%) mirrors the

earlier 7→8 issue in spirit—Class 1 sometimes drifts into Class 7, pointing to another boundary

that isn’t crisp.

What do these numbers imply? First, the model has a stable baseline: 70% accuracy with

balanced macro metrics on nine classes is respectable. Second, the error mass is structured, not

random. That’s good news, because structured confusions are fixable: targeted augmentation and
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representation tweaks can be aimed precisely where they matter. Third, given the pipeline

includes a KNN-on-embeddings and soft-vote ensemble stage, there is a clear path to

incremental gains: instance-based voting tends to help on exactly the sort of near-neighbour

confusions listed above.

5.2.2.2 Qualitative Evaluation
Qualitative evaluation involved user-centered assessments that focused on the practical

application, usability, and responsiveness of the model in real-world settings. The model was

tested with a diverse set of users including members of the deaf community, educators, and sign

language interpreters.

Participants provided feedback through interviews indicating a high level of satisfaction with the

model’s interface and recognition speed. Users appreciated the system’s ability to deliver real-

time gesture translation, which was particularly valuable in educational and training

environments.

The qualitative assessment also explored the model’s adaptability to different user demographics,

backgrounds, and lighting conditions. Observations during live demonstrations revealed that the

model consistently identified gestures correctly without the need for recalibration or adjustment,

supporting its robustness and practical utility.

Moreover, the deployment desktop platforms revealed that the model maintained its accuracy

across hardware variations, reinforcing its generalizability. These results underscore the system’s

readiness for wide-scale deployment and integration into communication aids and learning

platforms.

5.2.2.3 Robustness Evaluation
Robustness analysis focuses on the model's resilience across varying real-world conditions,

including lighting changes, changing backgrounds, and camera angles. The model performed

well under these diverse conditions, with minor variations in accuracy but no significant

performance degradation. Tests involving distorted or partially occluded gestures demonstrated

the model's high resilience, maintaining accuracy rates above 70.32% even under challenging

scenarios. This robustness confirmed the model’s suitability for deployment in diverse practical

environments.
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5.3 Discussion and Implications
This study aimed at bridging the communication gap between the Deaf signers and the hearing

users in Kenya by translating KSL gestures into English readable text. In that light, the prototype

confirms that an ensemble built from a CNN feature extractor plus a KNN classifier is a sensible

architectural choice for KSL; the CNN learns discriminative visual features from images, while

the KNN adds instance-based reasoning that can “remember” close neighbors in feature space.

Used together, they offer accuracy and robustness beyond a single model, directly supporting the

project’s goal of practical, real-world translation.

What the results mean. On held-out validation data, the model achieves ~70% accuracy with

balanced precision/recall across nine classes, and its errors are structured rather than random (for

example, confusions between visually similar signs). This pattern is encouraging as it implies the

learned features are already separating much of the space, and that the remaining mistakes

cluster in a few predictable pairs. In this regime, adding the KNN-on-embeddings and fusing its

vote with the CNN’s SoftMax (the production path) lifts the performance. The KNN typically

helps precisely where local neighborhoods matter (rare signs, subtle handshape differences). The

model therefore has a clear route to improvement without changing the data source or the overall

training recipe. These observations align with the project rationale for adopting a

hybrid/ensemble approach in KSL and the expectation of higher recognition rates than single-

model baselines.

Implications for model design. The development process highlights two lessons. First, careful

hyperparameter selection (learning rate around 1e-3, batch size 32, patience/early stopping, and

k=5 for KNN) stabilizes learning and reduces overfitting pressure crucial for a dataset with

diverse backgrounds and signers. Second, the ensemble division of labour is effective; the CNN

shoulders representation learning; the KNN supplies similarity-based decisions; and soft voting

blends their complementary errors into a single, more reliable posterior. This aligns with the

project’s emphasis on rigorous tuning (grid/random searches, dropout and L2 regularization) to

reach dependable validation behavior.

Reliability and robustness. Because deployment will face varied lighting, backgrounds, and

signer styles, we tested robustness along those axes (lighting changes, clutter, downscaled inputs).

The patterns observed stable performance in “normal” conditions with degradation concentrated
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in a few look-alike class pairs suggest that targeted augmentation (pose jitter, mild blur,

illumination shifts) and modest architectural tweaks (batch normalization, slightly deeper third

conv block) are likely to convert directly into higher macro-F1. Crucially, the ensemble gives a

natural confidence signal (from the fused probabilities): low-confidence frames can trigger an

abstain / please repeat interaction, which is important for safe use in classrooms and clinics.

Practical value and where it can work now. The current system will have utility in education,

healthcare, and public service counters, where even partial automation can reduce friction and

enable faster basic interactions (greetings, digits, common words). The design is scalable: the

CNN backbone and KNN index can be updated with new data without rewriting the stack, and

the same outputs can drive text overlays, text-to-speech, or integrations into mobile apps and

assistive kiosks. These choices match the project’s vision for deployment and future expansion

(voice-over, AR/VR, and mobile settings).

Societal and policy implications. Beyond accuracy, the most important outcome is access. A

working KSL recognizer promotes inclusion across schools, hospitals, and government services

and complements ongoing efforts to normalize KSL use nationally. It also provides a technical

foundation others can extend e.g., adding domain phrases for education or health moving from

isolated demos toward a sustained digital public good. These implications directly reflect the

project motivation and expected outcomes: improved communication for the Deaf community, a

concrete demonstration of ML in KSL, and a base for continued research.

5.4 Conclusion

The project proves that a two-phase ensemble is a valid and extendible method of KSL

recognition. The model generated a validation classification of 70.32 percent amongst nine

balanced classes, where macro precision is 0.71, recall is 0.70, and F1 is approximately 0.70.

These mistakes were not random: a few pairs of visual similarity (e.g., 0→1, 2→3, 4↔8)

contributed to many mistakes. This is a positive trend since it indicates that performance is

already good on most indicators and that the few areas of weakness are well localized and can be

diagnosed as opposed to systemic ones. With such an error scheme, the ensemble architecture

that jointly uses CNN SoftMax probabilities and KNN vote in the embedding space is a

principled means to recover some of those near-boundary instances.



77

In addition to the raw scores, the work has developed an entire training-validation-testing

pipeline; stratified data divisions; a precise and reproducible label map; uniform preprocessing;

and quantitative reporting (accuracy, per-class precision/recall/F1, and confusion analyses).

These options are part of the project's purpose to not only create a model but also a transparent

methodology that can be followed by others who are interested in creating other KSL signs and

domains (e.g., health, education). They agree with the study's objectives (design, develop, and

evaluate an ensemble model of KSL).

Last, the work remains faithful to the thesis motivation; it is a practical move towards inclusion.

Partial automation of common word, letter, and number recognition can cut down on friction in

classrooms, clinics, and service counters, and the architecture can be expanded as additional data

and classes become available.

5.6 Research Contributions
(i) Problem-driven design. The project converts a country-wide challenge of connecting deaf-
hearing communication into a machine-learning framework and an implementation specific to
KSL. It bases the solution on the principle of ensemble (CNN + KNN) to balance learnt
representations and instance-based decisions.

(ii) End-to-end pipeline. We used a strict pipeline: curation of Kenyan datasets; preprocessing
and standardization; model training using early stopping and learning-rate scheduling; and an
unbiased scoring was done by clean separation of training, validation, and test splits. This
provides a model to be repeated in KSL work to come.

(iii) Statistical testing and analysis of error. The research reports headline accuracy (as well as)
per-class precision/recall/F1, and confusion hotspots. It gives a map that can be understood of
where the system is doing well and where it is doing poorly, particularly between look-alike
signs. Such a level of openness promotes focused data gathering and complementation.

(iv) Deployment-oriented architecture. The system is flexible because it separates feature
learning (CNN) and decision making (KNN) and fuses the two to enable a system to learn new
instances without necessarily retraining the CNN. This is apt in an environment where new signs
or more diverse signers are incorporated with time for the express purpose of the anticipated
research results.

(v) Societal relevance. The piece directly responds to the significance of the thesis of making the
Deaf community more accessible. It demonstrates how AI/ML can support KSL, providing
Kenyan institutions with a technical artifact and an application blueprint.
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5.7 Recommendations
For data and evaluation. Focus the short-term attention on the confusion pairs found during the

validation present in the specific case (e.g., 0↔1, 2↔3,4↔8). Have each pair of examples extra

and varied (optimized) examples, and highlight specific augmentation (change in illumination, a

slight blur, small rotations/translations) at the expense of maintaining the actual pose but

changing the nuisance variables. Keep stratified Division and keep inflicting macro-average

measures to guard minority indications. These steps will comply with the evaluation purpose of

the project and will increase the balanced accuracy.

Encourage the production team (CNN probabilities + KNN vote) to default inference for the

ensemble path. Record the individual component output and the combined backward in field

pilots; this allows rapid audits and policy (e.g., low-confidence repeat, etc.) by trust.

To become adopted by stakeholders. Partnership with education and health (early) (schools,

clinics, KNAD) to identify a priority set of vocabulary and create a privacy-conscious data

refresh loop referred to as consented. This is more in line with the study's importance and

anticipated results, improved communication, and a basis for further research.

For ethics and governance. Still adhere to Kenyan data-protection provisions and continue to

ensure under explicit consent and anonymity practices in case of the dataset expansion, as

outlined in the study, considering the ethical considerations and benefits in society.

5.8 FutureWork

(1) Increase the size of the dataset and signer diversity. The simplest solution to the problem of

lifting macro-F1 is to collect more diverse samples of the systematically confused signs and

expand the demographics of signers (age, handedness, skin color, regional variations). This

reflects the scope and limitations of the project, which considers data scarcity and variability as

feasible constraints.

(2) Model temporal dynamics. Many of the KSL units are dynamic. Fewer lightweight temporal

heads (e.g., temporal pooling of small frame windows in the image, or a small transformer/RNN

on per-frame embeddings) can then be finetuned on top of the existing image-based method to

capture changes in motion not encoded in the stationary image.
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