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ABSTRACT
Vision-based hand gesture recognition provides an intuitive way to control mobile robots without relying on a handheld device. However, existing research is largely centred on deep-learning pipelines tested in simulation or on workstation-class hardware, with limited attention given to how a system should respond when a probabilistic classifier makes an incorrect prediction. This dissertation introduces a gesture-based control system for a Boston Dynamics Spot quadruped that operates entirely on a Raspberry Pi 5 mounted as an onboard payload. The system also incorporates an explicit, deterministic safety layer between gesture perception and robot actuation.
MediaPipe Hands is used to extract hand landmarks, which are re-centred relative to the wrist and normalised using a single-hand reference distance. This produces a 63-dimensional representation that is unaffected by the hand's position in the image or its distance from the camera. A Random Forest model classifies seven gesture categories using a dataset of 6,568 samples collected on the target device through the same processing pipeline used during operation. Commands are transmitted to the robot through a UDP bridge that applies command whitelisting, rate limiting, and a heartbeat-based dead-man mechanism, preventing uncertainty in gesture recognition from directly resulting in robot movement.
Accuracy measured on held-out samples from the same recording session was 98.93%; against a separately recorded session under different conditions, it was 77.67%, indicating that single-session evaluation substantially overstates deployed performance. The class reserved for hand shapes that are not commands degraded furthest, with recall falling to 0.341, meaning the system fails mostly by issuing commands that were not intended. This is the specific failure the safety layer was designed to contain.
The work shows that gesture control of a commercial quadruped is achievable without workstation-class computation, and that a safety boundary between perception and actuation can be justified by measured behaviour rather than assumed risk.
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CHAPTER 1: INTRODUCTION
Quadruped robots have quickly developed from research machines into equipment used in real-world scenarios. Quadruped robots are now used for industrial inspections, exploring places that are unsafe for people, and search-and-rescue operations. They can move across rubble, stairs, and uneven ground, allowing them to reach places that wheeled or tracked robots cannot [1]. The Boston Dynamics Spot robot used in this project is a good example of this type of robot.
Control systems have not improved as quickly as robot movement. These robots are usually controlled using a handheld tablet. Although the tablet provides accurate control, it can create problems during fieldwork. It requires both hands, takes the operator’s attention away from the surroundings, and must be carried, charged, kept dry, and used within its operating range [2]. These limitations are especially important in search-and-rescue situations, where operators may wear protective equipment, work with a team, or need their hands for other tasks.
Hand gesture recognition provides another way to control the robot without holding a device or looking at a screen. Improvements in real-time hand tracking using a single camera mean that depth sensors and special gloves are no longer required. This method has already been used to control drones, robotic arms, and mobile robots [3][4]. This project investigates whether it can also control a walking robot safely and reliably under real-world operating conditions.
[bookmark: _Toc239682215]1.2 Problem Statement
Three recurring limitations in the literature define the problem addressed by this project.
First, many gesture-control systems are tested in simulation or use workstation hardware separate from the robot [5]. While this isolates recognition performance, it does not show whether similar results can be achieved on the robot’s limited onboard hardware. Onboard processing is essential for operation without supporting infrastructure.
Second, recent research focuses heavily on deep learning. This is justified for raw images, but less so when landmark extraction has already reduced the input to low-dimensional geometric features [6]. Much of the representational work has therefore already been completed. Comparisons of classifier families using normalised landmark features under equivalent conditions remain limited, and the need for deep models is often assumed rather than demonstrated.
Third, and most importantly, computer vision estimates can be confidently wrong. A classifier with 99% accuracy still makes about one error per hundred frames, potentially causing several errors per minute [7]. Their impact depends on the safeguards between the classifier and actuator. Most gesture-recognition research aims to improve accuracy, while giving less attention to designing control systems that tolerate inevitable errors. For a system controlling a walking robot near people [8], this issue must be addressed.

[bookmark: _Toc239682216]1.3 Research Aim
To design, implement, and evaluate a vision-based hand gesture control system for a Boston Dynamics Spot quadruped robot that runs entirely on an edge device carried as a payload, employs a classical classifier rather than a deep neural network, and assesses whether an explicit safety layer between perception and actuation can constrain the behaviour of a system with inherently probabilistic perception.
[bookmark: _Toc239682217]1.4 Research Objectives
1. Review the literature on vision-based gesture recognition, edge-based classifier deployment, and safety architectures for human-robot interaction to establish the state of the art and identify the research gap addressed by this project.
2. Develop a hand-gesture recognition pipeline that uses MediaPipe to extract skeletal landmarks and a Random Forest classifier trained on a purposely built dataset, with the entire pipeline running locally on a Raspberry Pi 5.
3. Design and implement a safety layer that mediates all commands sent to the robot, incorporating command whitelisting, rate limiting, confidence-based temporal filtering, and a heartbeat dead-man mechanism.
4. Integrate the system with the Boston Dynamics SDK and demonstrate its end-to-end operation on the physical robot.
[bookmark: _Toc239682218]1.5 Significance of Study
This study demonstrates that a complete gesture control pipeline for a commercial quadruped can run on an onboard single-board computer without offboard processing or a workstation connection, challenging the field’s reliance on powerful hardware and simulation.
This study introduces a deterministic safety layer between probabilistic perception and robot actuation. Although runtime safety mechanisms are established in robotics, this work applies them specifically to contain uncertainty at the perception-actuation boundary.
This study quantifies the gap between classification accuracy measured under controlled conditions and operational performance under changes in camera position and lighting, highlighting limitations in common evaluation practices.
Finally, it shows that a classical classifier is sufficient for static, single-hand gesture recognition and evaluates its trade-offs against alternative methods using the same data.

[bookmark: _Toc239682219]









CHAPTER 2: LITERATURE REVIEW
The existing literature and advancements in vision-based hand gesture control of quadruped robots is the primary focus of this chapter. The review is organised to progress from the general to the specific. It begins by establishing the case for gestural interaction in human-robot interaction before narrowing its focus to the sensing modalities used to capture hand gestures, the methods employed to extract hand poses from real-life image data, and the classification approaches applied to the resulting representations. It then examines the computational conditions under which such systems operate, the literature on gesture-based control of mobile and legged platforms, and the treatment of uncertainty and failure in perception-driven control. Evaluation practices are considered separately because the methods used to measure performance directly affect how reported results should be interpreted. The chapter concludes by identifying the research gap addressed by this study.
The argument developed across these chapters is that the field has concentrated primarily on improving classification accuracy under ideal computing conditions, while giving comparatively little attention to two questions that determine whether such systems can be deployed on physical robots: how the system behaves when the classifier produces an incorrect prediction, and whether the method can operate on hardware that the robot can carry.

[bookmark: _Toc239682220]2.1 Gestural Human-Robot Interaction
Interaction with mobile robots has conventionally relied on dedicated hardware controllers. Commercial quadruped platforms are typically supplied with tablet-based interfaces that provide direct manual control and access to the robot’s diagnostic state[9]. Such interfaces are precise and clear, and they remain the appropriate choice for tasks requiring fine positional control. However, they also occupy the operator’s hands and attention and require the operator to carry and maintain an additional device[9][10].
The case for gestural control rests on removing this abstraction layer. Gestures are a natural component of human communication and require no equipment beyond the operator’s own body[11]. In application domains where the operator’s hands are otherwise engaged, or where carrying additional hardware is impractical, this represents a significant advantage. Search and rescue is the field most frequently cited in this context, on the grounds that operators working in unstructured and hazardous environments benefit from an interaction method that does not require them to look away from their surroundings[12]. Similar arguments have been made for industrial and collaborative environments.
Nevertheless, the argument based on naturalness has limitations that the literature does not always acknowledge. A tablet interface provides immediate and unambiguous feedback about what the robot has been instructed to do. A gestural interface does not provide equivalent feedback unless this capability is explicitly incorporated into its design[13]. The operator of a gesture-controlled system issues a command and must then infer from the robot’s behaviour whether it has been understood[14]. When the classifier is uncertain, or when the operator moves outside the sensor’s field of view, the absence of an acknowledgement channel becomes a design problem rather than an incidental limitation[15]. This asymmetry between the two interaction methods is rarely treated as a research question in the gesture recognition literature, which typically evaluates the recognition component in isolation from the control loop into which it feeds[14].
[bookmark: _Toc239682221]2.2 Sensing Techniques for Hand Gesture Capture
The literature identifies three main approaches to hand gesture capture: wearable sensors, depth-based vision, and monocular RGB vision.
[bookmark: _Toc239682222]2.2.1 Wearable and globe-based sensing
The earliest instrumented methods for hand input relied on sensors worn directly by the operator. In the VPL DataGlove, which Hong and Tan used to teleoperate the Utah/MIT hand, fibre-optic cables ran across the finger joints of a cloth glove. As each joint bent, light escaped from the corresponding cable, and phototransistors converted the resulting signal loss into a digital measurement. This system recorded 14 joint angles, while a separate Polhemus sensor captured six degrees of freedom for the hand’s position and orientation [16]. Data acquisition itself was not a limitation, as the complete set of measurements could be sampled at approximately 60 times per second, which was sufficient for real-time control [17]. The main difficulty lay in interpreting those measurements. Clark et al. identified three key challenges: the human and robotic hands had different kinematic structures; the glove captured only some of the human hand’s joint angles; and the sensors did not measure each joint independently. Instead, they showed strong non-linear correlations, meaning that movement in one joint affected the readings from others. Correcting these correlations proved to be the most complex stage of the process [17]. Hong and Tan’s three-level method, which they described as tedious and time-consuming, reduced the mean angular error only from six degrees to three degrees [16].
Instrumented gloves provide direct measurement of finger flexion and hand shape [18], while inertial measurement units attached to the hand or forearm capture limb motion directly [19]; both avoid the inference problem entirely. Reported accuracies for such systems are high, and they are robust to the illumination conditions that degrade vision-based methods [20]. Clark et al. describe the DataGlove as offering a natural interface [17], and within a laboratory teleoperation setting that is defensible. For a field-deployed quadruped, however, the requirement that an operator be wearing and powering a fitted device one which Hong and Tan found required recalibration for each wearer and each glove [16] before any command can be issued substitutes one piece of carried hardware for another, in this case the manufacturer's control tablet, and weakens the claim to naturalness considerably.
Modern instrumented gloves highlight both progress and persistent limitations. Dong et al. integrated five braided stainless-steel bending sensors and five fingertip pressure sensors into a low-cost, Arduino-based glove sampled at 10 Hz [21]. Their support vector machine achieved 98.49% accuracy for ten static gestures, but this fell to 89.72% for unseen users, with each session requiring ten seconds of calibration [21]. Despite becoming cheaper, lighter, and more comfortable, such gloves must still be worn, powered, and individually calibrated.
[image: ]
[bookmark: _Toc239681582]Figure 1 Braided metal filament bending different angles [21].


[bookmark: _Toc239682223]2.2.2 Depth-based vision
 Depth cameras and structured-light sensors directly capture three-dimensional information about a scene, making hand segmentation easier and overcoming the depth ambiguity associated with monocular imaging [22]. These sensors have been extensively used in gesture-recognition research, where access to accurate depth information has enabled a substantial body of work [23].
However, depth sensors also have limitations. An outdoor evaluation of a stereo depth camera identified systematic depth bias influenced by distance, lighting conditions, and position within the field of view. At distances of four metres and beyond, mean absolute errors ranged from 0.40 to 0.51 m [24]. Such errors are considerable relative to the size of a hand. In addition, these sensors increase cost, power consumption, and physical bulk.
Depth sensing simplifies segmentation by isolating the hand geometrically but increases hardware costs. Augustauskas and Lipnickas use face depth to set a personalised threshold, then identify fingertips from the hand’s contour and convex hull without training a classifier [25]. Kang et al. instead use a random decision forest, achieving an F1 score of 68.7 in 10.7 ms, compared with 72.3 in 377 ms for a fully convolutional network [26]. Although both methods support real-time operation without deep networks, they require GPU-equipped computers and bulky, power-intensive depth sensors. These limitations make monocular approaches more suitable for mobile robots.
[image: ]
[bookmark: _Toc239681583]Figure 2: Geometric hand segmentation from depth data [25].

[bookmark: _Toc239682224]2.2.3 Monocular RGB vision
 A standard single camera is the least capable of the three sensor types, but also the most widely available. Because it does not provide direct depth information, any three-dimensional understanding of the scene must be inferred. The continued interest in this modality is driven primarily by practical deployment considerations rather than claims of superior performance. RGB cameras are inexpensive, energy-efficient, passive, and already integrated into a wide range of platforms [27]. 
As a result of these trade-offs, the choice of modality is shaped largely by deployment constraints rather than recognition performance alone. Under laboratory conditions, where power consumption and physical size are less restrictive, researchers may reasonably favour the more capable sensor. However, studies involving mobile robots must account for limitations on what the platform can carry. This distinction is not always made clear when performance across different modalities is compared.
[bookmark: _Toc239682225]2.3 Hand Pose Estimation and Landmark Extraction
When monocular RGB is the selected modality, the recognition task is typically divided into two stages: first, extracting a structured representation of the hand from the image and, second, classifying that representation. Although this division is not universal, as end-to-end methods classify gestures directly from image data, it remains the dominant approach in recent research.
Earlier extraction methods relied primarily on skin-colour segmentation and contour analysis [28]. These techniques are computationally inexpensive and therefore remain suitable for constrained deployments. However, they are sensitive to lighting conditions, background objects with skin-like colours, and variations in skin tone among operators [29][30]. The last of these limitations raises concerns about fairness as well as technical performance, yet studies using these methods do not consistently address it.
Learned landmark estimators have largely replaced these earlier techniques. MediaPipe Hands uses a two-stage pipeline in which a palm detector first locates the hand, after which a second model estimates 21 3D landmarks. It has been widely adopted in applied gesture-recognition research [31]. Its popularity is understandable: it is available as a pre-trained component that requires no task-specific training data, operates at interactive speeds on modest hardware, and generates a compact, structured output that can be passed directly to downstream classifiers. The landmark representation offers an additional advantage because geometric normalisation can make it invariant to both the hand’s position within the frame and its distance from the camera.
However, the reliability of these estimated landmarks varies across the three coordinate dimensions. In particular, the depth coordinate is inferred rather than directly measured, and its instability has been documented experimentally. In an evaluation of gesture-based quadrotor drone control, landmark accuracy reportedly decreased from 86.7% to 41.5% when the depth coordinate was used [32]. This finding has important implications for systems that rely on the complete three-dimensional landmark set, as it limits what can reasonably be built using MediaPipe’s output. A gesture vocabulary that distinguishes hand configurations primarily through depth therefore depends on the least reliable element of the representation. Consequently, gesture vocabularies should be designed around the configurations that the estimator can recognise reliably, rather than solely around those that feel most intuitive to the operator. Although the literature frequently reports the underlying instability, it less often acknowledges this resulting design constraint.
[bookmark: _Toc239682226]2.4 Deep Learning and Classical Alternatives
Where resource costs are reported, they tend to shape the design rather than simply evaluate it. Yu et al. treat resource limitations as a starting point, noting that most existing approaches achieve accuracy by using GPU-accelerated models with tens or hundreds of millions of parameters, while relatively few studies address devices with limited memory and computational capacity. In response, they develop a residual-block convolutional network containing 612,603 parameters, approximately 36% of the size of MobileNet V3 and 0.44% of VGG16. Post-training quantisation in TensorFlow Lite further reduces the model from 7.3 MB to 2.4 MB before it is deployed on a Raspberry Pi 4B [33]. Shin and Kim approach the same constraint from a different perspective, motivating their part-based recurrent architecture primarily in terms of parameter count. Their model achieves 95.21% accuracy on course SHREC'17 gestures using approximately 220,000 parameters, compared with more than 13 million for a comparable multichannel convolutional method [34]. Dahiya et al. make this trade-off explicit by keeping the task constant while varying only the network depth. Their two-layer one-dimensional convolutional network achieves 81.45% accuracy with an inference time of 3 ms and a memory requirement of 39.5 kB. Six-layers produces 95.97% accuracy at 56 ms and 639.3 kB, when the twelve-layer version achieves 98.29% at 176 ms and 17.4 MB. They will reject the huge configuration despite its higher precision because their microcontroller cannot handle it [35].
Taken together, these studies show that, on resource-constrained hardware, the central question is not which architecture delivers the highest accuracy, but which provides sufficient accuracy within the budget imposed by the deployment platform rather than the dataset. However, two aspects of the system developed by Yu et al. limit the extent to which this resource reduction can be assessed. Training is performed on a separate edge server, leaving the Raspberry Pi responsible only for inference, and no inference latency is reported for the deployed model.
The relative value of classical classifiers is more difficult to determine from this literature than it initially appears because the published comparisons often vary two factors simultaneously. Where non-neural baselines are included, they generally perform less well than neural methods. For example, on the 14-gesture SHREC'17 benchmark, the recurrent classifier developed by Avola et al. outperforms Joint Angle Similarities with HOG2 by approximately 14% points and HON4D by 19% points [36]. However, most comparisons are confounded because the deep-learning methods learn their own representations from raw video or depth data, whereas the baseline methods rely on fixed descriptors. Consequently, the reported performance gap reflects differences in both representation and classification and cannot be attributed to either factor independently.
Avola et al. provide a useful exception because their features are also manually derived. These features include internal joint angles between adjacent phalanges, fingertip displacements, and intra-finger angles calculated from a Leap Motion skeleton. This approach isolates the classifier as the variable being tested, although the alternative classifiers included in their comparison are also learned models [36]. The omission is most apparent in the study that most closely resembles the present system. Yu et al. identify k-Nearest Neighbours and Support Vector Machines as established non-deep approaches to hand gesture recognition, yet all five models evaluated on the Raspberry Pi are convolutional networks. As a result, no classical baseline is tested on the hardware that motivated the entire optimisation process [33]. When a standard landmark extractor supplies the representation and that representation is held constant across candidate classifiers, the contribution of a deep model relative to a classical classifier can be evaluated independently. The literature reviewed here does not address this question.
[bookmark: _Toc239682227]2.5 Evaluation Practice and Session Independence
The methods used to generate accuracy figures differ more than the headline values suggest, although comparison assumes that the reported accuracies are valid. Mohamed et al. [37] found that over 80% of the 98 surveyed studies addressing data acquisition were conducted in restricted laboratory settings, while fewer than 10% examined uncontrolled environments. For example, Garg et al. [38] reported 94.71% accuracy for 26 gestures from five signers using a 73 split, whereas Huang et al. [39] reported 98% for nine gestures collected from one participant. In both cases, training and test data came from the same recording sessions, so the results primarily reflect performance under familiar conditions.

Participant-independent testing is more demanding. Mohamed et al. [37] reported mean accuracies of 88.8 % for signer-dependent testing and 78.2% for signer-independent testing. Hashi et al. [40] similarly reported 87.9% and 79%, respectively. Zhong et al. [41] found an even greater effect, with accuracy declining by approximately 40% when models were transferred between participants.

Testing across recording sessions captures another important source of variation, particularly for systems installed in fixed settings. Zhong et al. [41] attributed a 20% cross-session decline for the same participant to changes in electrode placement, limb position, and fatigue. Bimbraw et al. [42] found that accuracy fell from 75.3% within a session to 51.3% across sessions. With retrieval-augmented example selection, the gap widened from 100% to 59.% suggesting that the within-session result depended on retrieving nearly identical training examples rather than reliably distinguishing gesture classes. Although the physical causes vary by sensing method, repositioned electrodes and remounted cameras both introduce differences from the training data. Accuracy figures are therefore difficult to compare and, without cross-session testing, provide limited evidence of performance after changes in sensor placement, lighting, or position.
[bookmark: _Toc239682228]2.6 Gesture Vocabulary Design and Command Mapping
Although evaluation protocols may reveal little about post-deployment performance, there is greater agreement on how gesture vocabularies should be developed. Gesture elicitation, in which participants propose gestures for referents and consensus is measured through agreement rates, is the standard participatory method [37], [38], [39]. Williams et al. collected proposals from 24 participants for 17 augmented-reality referents, reporting an overall agreement rate of .353, from .837 for selection to .083 for create [39]. However, selecting the most agreed-upon gesture does not establish whether a classifier can distinguish it from others.
Selection criteria also tend to prioritise users over recognisers. Nguyen et al. require gestures to be one-handed, transferable across robot types, and easy to learn [40]. Other frameworks emphasise learnability, efficiency, memorability, error rate, and satisfaction [41]. Borhani et al. reported recall rates of 88.75% for user-designed gestures, 72.73% for expert-designed gestures, and 59.87% for elicited gestures [38]. Although recogniser discriminability is occasionally considered, it is rarely measured, allowing gesture sets to meet human-centred requirements while containing classes that classifiers cannot reliably distinguish.
Few studies combine user preference with recogniser performance. Sluyters et al. selected nine gesture classes using agreement rates and a heuristic assessment of radar detectability, then compared preference with recognition rate [37]. Preferred but poorly recognised gestures were labelled possible overkill and considered for removal. This approach makes the trade-off explicit, but remains uncommon, as published vocabularies are usually presented as final rather than revised sets.
The treatment of gesture absence reveals a similar imbalance. Vision-based continuous gesture datasets commonly include a background or no-gesture class in addition to the command classes [42], [40].
Recognisers reject low-confidence predictions. Nguyen et al. define this as a residual class covering absent or unrecognised actions [40], while Zhou et al. note that most datasets assume a closed set and address unfamiliar gestures through incremental learning [43]. Yet a null class is an important safety mechanism because it prevents unintended hand shapes from being interpreted as commands. Despite this, neither the class nor its confidence threshold is usually treated as an explicit design requirement.
[bookmark: _Toc239682229]2.7 Embedded and Edge Deployment
Vision-based gesture recognition is computationally demanding, and the approaches that perform best in the literature typically assume hardware that a mobile robot does not carry. [44] observe that high-accuracy gesture methods generally depend on GPU acceleration, which is incompatible with low-cost, non-GPU edge devices, and demonstrate a real-time recogniser running on Raspberry Pi-class hardware instead. The constraint is therefore not whether a gesture system can be accurate, but whether an accurate system can be made to fit.
Two responses appear in the literature. The first is to compress a deep model until it fits, typically through quantisation to a mobile runtime. The second is to select components whose cost is low by construction. [45] takes the latter route on a Raspberry Pi 5, selecting MediaPipe Hands specifically because it requires no GPU, using two staged models palm detection followed by landmark assignment to produce 21 coordinates per hand which are then handled as a numerical array. The same work notes that video-based gesture datasets are poorly suited to lower-powered embedded devices and to single-frame analysis of the kind MediaPipe supports. This is the reasoning adopted in the present project: a landmark extractor with fixed cost, followed by a classifier chosen for cheapness rather than capacity.
Where computation is placed also determines how much data must move. [46] measured this directly in a multi-robot control system, comparing transmission of raw frames against transmission of extracted features. Raw frames required 921,600 bytes and 61.34 ms of transmission latency; extracted coordinates required 33 bytes and 0.76 ms. End-to-end latency fell from 81.25 ms to 69.53 ms under good channel conditions, and their feature-based configuration under a degraded channel (76.27 ms) still outperformed raw transmission under a good one. Their architecture is nevertheless off-board camera and edge device observe the robots from the arena perimeter, with control intelligence on a separate workstation. The present system places the entire pipeline on the robot itself, removing the network hop rather than shrinking what crosses it.
[bookmark: _Toc239682230]2.8 Gesture Control of Quadruped Robots
Gesture control of legged platforms is a small but active area. [47] is the closest prior work, applying a stacked convolutional Bi-LSTM to quadruped control, though evaluated on dynamic gestures in simulation. [48] extend gesture teleoperation to a quadruped equipped with a manipulator, introducing a Depth MediaPipe framework to recover three-dimensional coordinates for 21 hand keypoints and interpreting both the semantic and pose components of dynamic gestures. [49] evaluate body and hand gesture interaction with a quadruped through user study rather than classification accuracy alone.
Work on Spot specifically is closer to the operational question. [50]compares voice and gesture as touchless methods for directing mobile robots, and in reviewing prior gesture interfaces notes that these have depended on wearable gloves, inertial measurement units, or non-head-mounted cameras tracking posture, hand position, or finger-counts approaches that constrain the operator's mobility and may not suit mobile scenarios. That criticism applies to the present system, whose camera is fixed to the payload and requires the operator to remain within its arc.
Taken together, this body of work depends on depth sensing, dynamic gesture sequences, simulation, or off-board computation. None reports a single-RGB, static-gesture, fully onboard configuration on a commercial quadruped.

[bookmark: _Toc239682231]2.9 Uncertainty, Temporal Filtering and Command Arbitration
The most directly relevant empirical treatment is [51],which applies confidence-based rejection to pattern-recognition control of a prosthesis a setting that shares this project's essential property, namely that an incorrect command actuates hardware rather than merely producing a wrong label. Related work by [52]generates a confidence score for each decision and rejects those falling below a selected threshold, with thresholds defined per class so that rejection behaviour can be tuned for one class without altering the others.
This project applies both mechanisms: a 0.6 confidence gate below which no command is emitted, seven-frame probability averaging to suppress transient misclassification, and a 15-frame hold before a command fires. NONE is recognised but deliberately unmapped, giving the classifier a destination for hand shapes that are not commands.

[bookmark: _Toc239682232]2.10 Summary and Research Gap
The literature establishes that landmark-based gesture recognition is feasible on constrained hardware [45][46] that moving computation toward the sensor reduces both latency and its variance [46], that gesture control of quadrupeds is established but predominantly relies on deep sequence models, depth sensors, or off-board compute [49][48][47], and that confidence-based rejection is the accepted mechanism for handling classifier uncertainty in actuating systems [52][51].
What is not established is how such a system behaves when all of these constraints hold simultaneously. Reported accuracies are commonly obtained within a single recording session, leaving generalisation across sessions unquantified; and where a safety layer is described, it is rarely separated architecturally from the recogniser. This project addresses both: it reports cross-session as well as within-session performance, and interposes a deterministic bridge whitelist, rate limit, heartbeat dead-man between a probabilistic perception stage and the robot.









[bookmark: _Toc239682233]

CHAPTER 3: METHODOLOGY
This chapter outlines the technical, architectural and experimental processes used to develop a contactless, vision-based teleoperation system for Boston Dynamics Spot quadruped robot. It explains the system’s operational architecture and systematically evaluates the hardware and software framework, landmark algorithms, safety mechanisms, communication latency and experimental validation procedures.
[bookmark: _Toc239682234]3.1 Project Methodology
The deliverables of the project are a software set components that together establish the hand gesture control system, a labelled dataset, and experimental evidence evaluating the system’s performance. These deliverables presented in Table 3.1.
[bookmark: _Toc239682235]3.1.1 Deliverables
[image: ]
[bookmark: _Toc239681600]Table 1: Project deliverables.
[bookmark: _Toc239682236]3.1.2 Sequence of Activities
The sequence of activities is outlined below. These activities were structured so that each development stage could be validated before incorporating the next stage
But uncertainty of software and physical robot compatibility moved the phase of physical robot implementation tests earlier.


3.1.1.1 Literature review and gap identification 
Current vision-based gesture recognition systems for robotics were reviewed to identify sensing approaches, feature representations, and mostly used classifier types, as well as the areas getting the most research attention. This review emphasized the gap addressed by the project: the field is dominated by deep learning approaches that are mostly evaluated in simulation or on workstation-class hardware [53].

3.1.1.2 Platform Preparation
The Raspberry Pi 5 was configured with an operating system and Python version compatible with the required computer vision libraries. The camera module was then installed and tested, and a fixed.

3.1.1.3 Perception pipeline construction
The camera feed was incorporated with an off-the-shelf hand landmark estimator [54]. A normalisation stage was then developed to transform the raw landmark coordinates into features that were not affected by the hand’s position within the frame or its distance from the camera.

3.1.1.4 Dataset collection
Labelled samples were recorded for each gesture class using the collection tool with the camera capture, on the target hardware, under the conditions in which the system was intended to operate.

3.1.1.5 Classifier training and offline evaluation
A Random Forest was trained on the collected features and evaluated by cross-validation and confusion matrix analysis, with particular attention to confusion between the visually similar hand gestures.

3.1.1.6 Temporal filtering
 A smoothing and gating stage was introduced between hand gesture classification and command dispatch. This stage used a rolling average of recent frame probabilities, a confidence threshold below which no gesture class was selected, and a hold requirement that had to be met before a command was issued.

3.1.1.7 Safety bridge development using a simulated robot
The command whitelist, rate limiter, and heartbeat dead-man mechanism were developed and tested. This allowed the safety logic to be evaluated thoroughly without placing the physical robot at risk.

3.1.1.8 Robot integration
Network configuration, authentication, time synchronisation, e-stop verification and lease acquisition were implemented using the manufacturer's software development kit [55]. Integration began with read-only connection tests before progressing to motion commands.
3.1.1.9 Trials
The system was tested outdoor on the robot and each hand gesture command tested individually under supervision.
3.1.1.10 Deployment improvement
Auto-start functionality works with the automatically connected wi-fi network and enabling the system to operate as deployed payload rather than relying on an active development session.


[bookmark: _Toc239682237]3.2 Risks & Limitations
[bookmark: _Toc239682238]3.2.1 Risks
The main risks to the project’s success were related to access, technical challenges, and physical constraints. These risks were identified early and addressed through a combination of preventive measures and contingency plans, as summarised in Table 3.2 and discussed below.
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[bookmark: _Toc239681601]Table 2: Risk register and mitigations.
The first risk had the most significant impact on the project’s architecture. Access to a Spot robot of this class is intermittent, so designing a system that could not be tested without the Spot robot would have made progress entirely dependent on its availability. Recognition and actuation were therefore separated through a network interface, primarily for safety. This decision also indicated both components to be tested independently: the recognition system could be evaluated on the bench using a simulated backend, while the robot-facing code could be tested with keyboard-generated commands and without a camera. In this scenario, safety considerations and practical development needs supported the same architectural approach.
The physical risk differs fundamentally from the others. The robot is a self-powered mobile machine of massive bulk [56], meaning that a control error is not simply a software defect but a potential cause of physical harm. The project used the system design itself to mitigate this risk rather than depending just on safe operating procedures. This reasoning led to the deterministic command layer described in Chapter 4.
[bookmark: _Toc239682239]3.2.2 Limitations
· Single hand gestures. The system identifies hand shapes from individual frames without tracking movement. Dynamic and two-handed gestures are excluded to ensure compatibility with the target hardware.
· Non-interruptible movement. Once a fixed-distance movement begins, it cannot be stopped. If the operator moves outside the camera’s view, the system cannot detect a halt gesture. While the heartbeat can identify a recogniser failure, it cannot determine whether the operator is no longer visible. This safety limitation is discussed.
· Fixed camera position. The operator must remain within the camera’s field of view. A wider-angle lens can increase coverage, but it also reduces the number of pixels occupied by the hand, which may make landmark prediction less reliable.
· Deployment sensitivity. Changes in camera placement or lighting conditions may reduce accuracy because they differ from the conditions represented in the training data. Indoor and outdoor trained data differ the experiment. This concern motivates the held-out validation experiment described in Chapter 3.5.2.
· Single operator. The training and evaluation data were collected from only one person. As a result, the system’s ability to generalise across different hand shapes and sizes has not yet been tested, as discussed in Chapter 3.4.3.
· Unused sensor acceleration. The camera’s neural processing unit is not used because adapting the landmark pipeline to run on it was beyond the scope of this project. This is left for future work.

[bookmark: _Toc239682240]3.3 Ethical Issues
Before any experiments started, the study was reviewed in compliance with the university's research ethical framework. Physical safety, data protection, and institutional and reputational risk were found to be the three areas of ethical concern.
[bookmark: _Toc239682241]3.3.1 Physical Safety
The project’s main ethical concern is the risk of physical harm from the robot operating near people. Three safety measures were used.
First, a human-controlled emergency stop overrode all software commands during every movement trial. Second, the robot operated within an exclusion zone on level, open ground without bystanders. Its movements were limited to short distances, reducing the impact of incorrect classifications.
Third, a deterministic safety layer prevented the probabilistic classifier from directly controlling the robot. It accepted only approved commands, rate-limited movement, and stopped the robot if perception failed. This follows established human-robot interaction guidance that safety-critical behaviour should rely on bounded, verifiable mechanisms rather than learned components [57].
Only the researcher was exposed to the robot’s movements, with all trials supervised by the responsible technical staff.
[bookmark: _Toc239682242]3.3.2 Data Protection
The project uses a camera, which raises data protection considerations under the UK General Data Protection Regulation and the Data Protection Act 2018 [58].
The first concerns the information that is retained. The training dataset contains no images. The collection tool stores only the numerical feature vector generated during normalisation, consisting of hand-landmark coordinates expressed relative to the wrist and scaled, together with a class label. Raw camera frames are processed in memory and then discarded. The stored vectors represent only the relative geometry of the hand landmarks. They cannot identify an individual or be used to reconstruct a facial image or scene. As a result, the retained dataset does not keep personal data under the relevant law.
The second distinction concerns who appears in front of the camera. All training and evaluation data were recorded by the researcher, who was also the data subject. No data were collected from third parties, and recordings took place in a controlled lab area to ensure that nobody appear in the frame except the researcher. If the project had been extended to include multiple operators, as discussed in Chapter 3.4.3, informed consent and a formal data keeping schedule would have been necessary. This is therefore identified as a constraint on any future extension of the project rather than a procedure applied in the present study.
The robot’s credentials are stored in a permissioned environment file located outside the source and excluded from version control. This prevents authentication details for university equipment from being exposed through the project repository.

[bookmark: _Toc239682243]3.3.3 Institutional and Reputational Considerations
The robot is a valuable piece of university equipment and can be recognisable by the public. Any damage to robot, or recorded footage of uncontrolled behaviour, could have both financial and reputational consequences. For this reason, a careful trial protocol was followed, connection checks were completed before each trial, and higher-speed or longer-range movement commands were not pursued.
One design choice required direct ethical consideration. The bridge gains control of the robot by taking control rather than requesting it, which means bridge can override an operator using the controller tablet. But as long as any commands been sent to robot from the tablet then controller tablet takes the lease and control. The alternative was considered more dangerous because the system could fail to gain control without warning and, as a result, fail to respond even to the halt gesture. Control can be regained in the same way using the handheld controller, while the physical emergency stop remains fully operational. 

[bookmark: _Toc239682244]3.4 Validity, Reliability & Generalisability
[bookmark: _Toc239682245]3.4.1 Validity
The research question investigates whether a classical machine learning classifier deployed on an edge device, together with an explicit safety layer between perception and actuation, can provide a capable method of controlling a quadruped robot through hand gestures. Validity therefore depends on whether the selected measurements genuinely assess the viability of the complete system rather than simply evaluating the classifier in isolation.
Classification accuracy alone provides only a limited and relatively weak proxy for ability. A classifier may perform well on a held-out dataset while the integrated system remains infeasible. Accuracy does not reveal how errors occur over time, how quickly the system responds, or how the system behaves when the classifier produces an incorrect prediction with high confidence. The evaluation considers four separate properties, each addressing a different aspect of the overall claim:
· Performance on a separately recorded session to test generalisation. 
· Comparison between classifiers to justify the chosen classical method. 
· The effect of temporal filtering on unintended commands. 
· End-to-end latency to assess whether control feels sufficiently responsive 
There are two known challenges to validity. First, the initial accuracy was based on a random split of one recording session. It is reported only as a training diagnostic, while experiments provide the main performance evidence.
Second, camera capture and robot actuation delays are not included in software log time. As a result, the stated latency represents a lower constraint on the operator's actual delay.
[bookmark: _Toc239682246]3.4.2 Reliability
Reliability was addressed by defining a repeatable procedure. Exact library versions, the operating system release, and the Python version are recorded in version control. This is important because some libraries introduced breaking changes between minor releases.
Training is deterministic when using a fixed random seed, and all training and evaluation scripts are version-controlled. A scripted data collection tool with fixed key bindings also reduces labelling inconsistencies.
Two sources of variation remain. Camera mounting angle, distance, and lighting cannot be reproduced exactly, so these conditions are documented in Chapter 4 and assessed through single-session and cross-session comparisons. Differences in operators’ hand size and movement affect generalisability rather than procedural reliability.
Robot trials followed a fixed safety protocol, including connection testing, emergency stop verification, establishing an exclusion zone, and keeping the emergency stop ready. This ensured consistent trial conditions.
[bookmark: _Toc239682247]3.4.3 Generalisability
The results generalise in some parts but not in others, so it is important to distinguish clearly between them.
The architectural contribution is the most generalisable aspect of this work. The finding that a landmark-based feature representation combined with a classical classifier can operate within the computational limits of a single-board computer is not specific to this robot. The same is true of placing a whitelist and heartbeat safety layer between a probabilistic recogniser and a robot control interface. Because the two components communicate through command names sent over a local socket, the recogniser could control a different platform simply by replacing the backend. Similarly, the safety layer could be used with a different recognition system. This approach is therefore relevant to other applications in which an uncertain perception system must control a physical actuator.
The recognition performance results are much less generalisable on the other hand. They reflect the conditions of a single operator, camera, mounting setup and lighting environment, with the single-operator dataset representing the clearest limitation of the experimental findings. The gesture vocabulary is also specific to this study. The classes were chosen because they are geometrically distinct when processed by the selected landmark estimator, and a vocabulary developed using different criteria might not be separated as reliably. The latency results are applicable only to hardware with comparable capabilities running the same processing pipeline and could differ considerably on other devices. For this reason, the reported figures are accompanied by the relevant hardware and software versions.
The system should therefore be understood as a demonstration that the approach is feasible on this class of hardware, rather than as evidence of general-purpose gesture-recognition performance. This distinction is maintained on purpose throughout Chapters 5 and 6.
[bookmark: _Toc239682248]3.5 Data Evaluation Methods
[bookmark: _Toc239682249]3.5.1 Data Collection
The project collects three types of data: training, evaluation, and instrumentation data.
Training data consist of labelled, normalised hand-landmark vectors extracted from individual frames. Each vector is centred on the wrist and scaled using an intra-hand distance, making it independent of hand position and camera distance. Samples are captured on the target device using the same pipeline as the live system, avoiding distribution shift caused by different collection methods [59].
Several hundred samples per class were collected, producing a dataset of a few thousand samples. Class counts were monitored to correct imbalances during collection. If data were insufficient, additional sessions were recorded or the vocabulary was reduced. One unreliable gesture was removed because of inconsistent landmark geometry.
Evaluation data were collected in a separate session on a different day, after remounting the camera and changing the lighting. This reduced correlations that a random split might preserve. Ground-truth labels were recorded using the same keypress method as the training data.
Instrumentation data include log time, processing times, classifier probabilities, filter states, and commands accepted or rejected by the bridge. These were logged during operation and later extracted for analysis.
[bookmark: _Toc239682250]3.5.2 Data Evaluation 
Four experiments were designed, specified in Table 3.3.
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[bookmark: _Toc239681602]Table 3: Summary of the evaluation experiments.

Results are presented as confusion matrices with per-class metrics tabulated alongside; the classifier comparison as a table with a grouped bar chart of macro-F1 against inference time; the ablation as four configurations against three measures; and latency as a per-stage table with a cumulative distribution plot. The hold requirement contributes a deterministic component to total latency, reported separately so the cost of the safety mechanism is visible rather than concealed within the total. No result from a single recording session is presented as a general performance claim.

[bookmark: _Toc239682251]3.6 Development Methodology
[bookmark: _Toc239682252]3.6.1 Software Development Methodology
The project followed Feature-Driven Development. It was chosen for two reasons. It works at single-developer scale, because its unit of planning is the feature rather than the team iteration, so it retains an explicit feature list and short build cycles without the coordination machinery that a larger methodology assumes. And the system decomposes cleanly into features: each gesture-to-command mapping and each safety mechanism is a discrete unit with observable behaviour, so the feature list was a genuine planning artefact rather than a formality.
The cycle for each feature was: implement against the simulated robot backend, verify in isolation, integrate, and where the feature touched robot motion, verify again on the physical robot at the next available session. Two-stage verification was necessary because robot access was intermittent, so features had to be bench-complete before a session rather than developed during one. The methodology was adapted in one respect: several features depended on questions only measurement could settle, such as which gestures separate reliably and what confidence threshold is appropriate, and those measurements were treated as part of the feature's design step.
[bookmark: _Toc239682253]3.6.2 Subsidiary Methodology: CRISP-DM
The recognition component followed CRISP-DM, because Feature-Driven Development governs software construction and says nothing about deciding what data to collect, discovering that a class is not separable, or evaluating a model against a criterion set in advance. Its phases map directly onto the project: business understanding is the requirement for a small gesture vocabulary recognised within a bounded time on payload hardware; data understanding and preparation are landmark extraction, normalisation and the separability analysis that led to one gesture being dropped; modelling is classifier selection; deployment is the systemd-managed auto-start. The iterative structure was used rather than merely cited, since dropping a gesture class after collection is a return from evaluation to data understanding.
[bookmark: _Toc239682254]3.7 Resources
[bookmark: _Toc239682255]3.7.1 Hardware Resources
The system runs on hardware that is neither a normal networked PC nor a workstation, and that constraint is central to the project's argument. Table 3.4 lists what was used.
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[bookmark: _Toc239681603]Table 4: Hardware Resources.
No graphics accelerator or workstation is in the runtime path, so all inference and latency figures are measured on the single-board computer. The compute platform is carried on the robot rather than communicating from a base station, so the system does not depend on a wireless link remaining available.
[bookmark: _Toc239682256]3.7.2 Software Resources
The software environment is pinned to the versions in Table 5 and recorded in a requirements file in the project repository.
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[bookmark: _Toc239681604]Table 5: Software resources and pinned versions.

The pinning is not incidental. The landmark estimator removed the interface this project uses in a later minor release, and a major version change in the numerical array library breaks the camera stack's image encoding. An environment resolved to current versions would not run the code as written, which makes the version list part of the reproducibility claim. All libraries came from their standard public package repositories; the robot SDK is distributed by the manufacturer. No licence-restricted software was required.
[bookmark: _Toc239682257]3.7.3 Information Resources
No external dataset was used. All training and evaluation data were recorded by the author on the deployment hardware using the collection utility described in Section 3.5.1. This was deliberate: public gesture datasets are captured with different cameras and under different conditions, and the evaluation in Chapter 6 shows the classifier to be sensitive to precisely those factors, so a larger but mismatched corpus would give a less honest estimate than a smaller matched one.
[bookmark: _Toc239682258]3.7.4 Human Resources
The project required no survey respondents and no user testing panel, and no ethical approval for human participation was therefore sought. All gesture data were recorded by the author performing the gestures himself, and the consequences of this for generalisability are considered in Section 3.4.3. One colleague contributed outside the author's own work, manufacturing the payload enclosure using 3D printing facilities not otherwise available to the project.
























[bookmark: _Toc239682259]



















CHAPTER 4: EXPERIMENT DESIGN
[bookmark: _Toc239682260]4.1 Introduction
This chapter explains the system's design and, more crucially, why it was chosen over alternative designs. The distinction is important since a performance figure does not show the project's most important choice. It is a boundary, the point in the pipeline where a probabilistic estimate becomes a command instead of an estimate.
[bookmark: _Toc239682261]4.2 Requirements
Requirements were captured early and revised couple times, after the first period of work with the hardware established what was achievable on the target robot.
The functional requirements are given in SMART terms where a measurable criterion applies, and they are expressed here in MoSCoW form.
[bookmark: _Toc239682262]4.2.1 Functional Requirements
[image: ]
[bookmark: _Toc239681605]Table 6: Functions list.


Rather than being neglected, FR11 and FR12 are noted as out of scope, and they both mentioned as future work.
[bookmark: _Toc239682263]4.2.2 Non-Functional Requirements
[image: ]
[bookmark: _Toc239681606]Table 7: Non-functions list.
The requirements that guided the architecture were NFR2 and NFR3. Since they are not the same claim, they are expressed separately: NFR2 deals with what happens when anything breaks, while NFR3 deals with the situation when nothing breaks but the classifier is just incorrect.
[bookmark: _Toc239682264]4.3 System Architecture

[image: ]
[bookmark: _Toc239681584]Figure 3: System architecture [60].
[bookmark: _Toc239682265]4.3.1 The Trust Boundary
The field of computer vision is probabilistic. No matter how good the distribution over classes that the classifier provides, it can be confidently incorrect. In contrast, robot control needs to be limited: if a command is provided, the motion that results must be predictable, and if there is no command, there must be no motion. Because every component that both estimates and actuates inherits the uncertainty of the estimate into the actuation, these two features cannot be reconciled inside a single component.
Establishing an explicit boundary between them is the design response. The recognition process is not connected to the robot, does not have access to the SDK, and is limited to sending a single name to a local UDP socket as a command.
The bridge process holds the SDK session and treats every arriving name as an untrusted input, subject to rules that do not depend on how confident the classifier was. Uncertainty is allowed to exist, but it cannot cross.
In safety-related systems, this is a common pattern: a simple, verifiable component monitors a complex one whose accuracy cannot be determined through inspection. The application of the pattern to an edge-deployed gesture interface, where the temptation is to take the classifier output as the command and dispatch immediately, is what makes this contribution rather than the pattern itself.
[bookmark: _Toc239682266]4.3.2 Why UDP
There are three reasons why UDP was chosen over function call, shared queue, and TCP. First, it enforces process separation. Since the two parts are distinct operating-system processes, the bridge, which still holds the lease and can issue a stop, is unaffected by crashes, memory failures, or blocking calls in the recogniser. A function call inside one process would give no such guarantee. Second, a dropped datagram is replaced in tens of milliseconds since commands are re-sent on each frame while the gesture is held, making UDP lossy by design harmless in this application. Even worse, a stale queued command delivered late is more hazardous than a dropped one. TCP's retransmission and ordering assurances would increase latency to fix an issue the application does not have. Third, a non-blocking send maintains the perception loop's frame rate by preventing the recogniser from stalling while waiting for the bridge. 
The UDP socket is limited to the loopback interface. 
[bookmark: _Toc239682267]4.3.3 What crosses the boundary
Only a command name crosses not a class index, not a probability, not a landmark vector. This constraint is stricter than it first appears. The urge to add a rule like "execute immediately if confidence exceeds 0.95" is architecturally unavailable, and the bridge cannot be designed in a way that modifies its behaviour with confidence because it receives no confidence value. Before anything is sent, the recognition side makes the final decision regarding whether a gesture is certain enough. The bridge decides only whether a named command is permissible right now.
[bookmark: _Toc239682268]4.4 Hand Gesture Vocabulary Design
The hand gesture selection was guided by three prioritised factors. The accuracy to which landmarks could be identified with reliability, the accuracy with which gestures could be distinguished from one another, and the accuracy to which each gesture matched its mapped command mnemonically.
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[bookmark: _Toc239681607]Table 8: Hand Gesture Vocabulary.

Also, the actions that be chosen for this use case can be changeable. Changing the actions based on the use cases is feasible based on the Spot robot action-range possibility.
The hand gesture dataset remains after the best training approach but actions for each hand gesture modified based on the use case. For example, walking distances are changeable according to environment such as lab and outdoor.
[bookmark: _Toc239682269]4.4.1 Selection by what the camera reads reliably
An early candidate hand gesture set included a thumbs-up gesture, which is the most natural mnemonic available for an affirmative command. It was removed. The reason is that the thumb's landmark positions proved less reliable than those of the extended fingers, particularly under rotation of the hand about the wrist, and a gesture that is intuitive but intermittently misread is worse than one that is optional but consistent. Finger-count gestures were used in its place because the extended-finger configuration produces large, better recognisable displacements in the normalised landmark space.
This choice extends to a design approach that is worth mentioning. In a vision-driven interface, the vocabulary should be chosen based on what the sensing pipeline consistently reads rather than what a designer believes to be natural in theory. An intuitive gesture is not intuitive in usage if it fails once out of 20. Intuition is a feature of the entire interaction.
[bookmark: _Toc239682270]4.4.2 Assignment of hand gestures to commands	
Assignments were selected based on two criteria within the dependable set. Because the open palm is the most geometrically distinct gesture in the set maximum separation for the most safety critical command and because it is the standard halt signal in most of environment and crowd control, it was mapped to STOP. A consistent family was produced by mapping the first, third, and 40 finger counts to the three translational movements. The two posture commands were mapped to peace and fist.
The main remaining risk in the language is that one strafe command could be used in place of another because the three finger-count gestures are geometrically adjacent. Because all three result in a brief, similar-magnitude motion, it is a bounded danger, which is measured in the confusion matrix presented.
[bookmark: _Toc239682271]4.4.3 The unmapped class	
Only six of the seven classes that the model recognises are mapped to commands. The purpose of NONE is to provide the classifier with a location to store hand shapes that are not instructions, such as a hand at rest, a hand moving between gestures, or a hand doing an unrelated action (e.g., scratching head). A classifier trained on six gestures would not have a representation for "not a gesture" in the lack of such a class. Instead, it would have to assign each observed hand to one of the six, turning each unintentional hand movement into a potential command.

In other words, the unmapped class serves as a safety feature rather than a spare slot. The same reasoning applies to bridge-defined commands not yet linked to a gesture. Several longer motions performed by the bridge remain unmapped for this reason; being inaccessible through the gesture vocabulary, they cannot be triggered by misclassification, though they can still be tested via the keyboard sender.
[bookmark: _Toc239682272]
4.5 Feature Representation
For every hand that is identified, MediaPipe delivers 21 landmarks with x, y, and z coordinates that are stated in relation to the image frame. When these coordinates are used directly, they capture the hand's location inside the image as well as its size, neither of which reveals the motion being made. Hand gestures would be linked to the locations in the frame where they were captured by a classifier trained on raw coordinates.
Figure 4 shows below that translating to the wrist removes position dependence; dividing by the wrist to middle finger base distance removes scale dependence. The resulting 63-element vector encodes finger configuration alone.

[image: ]
[bookmark: _Toc239681585]Figure 4: Landmark normalisation [60].

[bookmark: _Toc239682273]4.5.1 Normalisation
There are two transformations used. To eliminate dependence on the hand's location inside the frame, each landmark is first translated so that the wrist landmark is at the origin. To eliminate dependence on apparent hand size and therefore distance from the camera, the obtained coordinates are then divided by the distance from the wrist to the base of the middle finger. What remains is a description of the finger’s relative arrangement, which is exactly the amount that sets one hand gesture apart from another.
The middle finger base was selected as the scale reference because, in contrast to a fingertip, its distance from the wrist remains constant as the fingers curl or stretch. The normalisation would be linked to the object being measured by a scale reference that changes with the gesture.
Twenty-one landmarks in 3D yields a 63-element feature vector. Because the z coordinate contains real information regarding finger curl that cannot be recovered from x and y alone, it is kept despite its known uncertainty, which is covered below.
[bookmark: _Toc239682274]4.5.2 The z-axis question
When MediaPipe uses a single camera to measure depth, the resulting z values are significantly less accurate than the in-plane coordinates. According to a study on gesture-based drone control, the accuracy of landmarks decreases from 86.7% to 41.5% when depth estimation is used. Therefore, keeping ztw was seen as a risk rather than a mistake.
The justification is that characteristics of varying quality are a good fit for the tree-based classifier described in Section 4.6. Instead of adding noise proportionate to the size of an unreliable feature, as would happen in a distance-based technique, a decision tree chooses the characteristics that distinguish the classes and simply does not split on those that do not. Identifies retraining on the 42-element x–y subset as an experiment worth doing to address the empirical question of how much z truly adds. 
Discusses the z uncertainty, which contributes to the explanation of the discrepancy between training-set and live confidence levels.
[bookmark: _Toc239682275]4.6 Classifier selection
The task using a more structured and smaller features than raw images, for these reason Random Forest is the very suitable model for this project. Also, Random Forest models can tolerate noisy features and needs less training data and tuning than neural networks. Random Forest also claims faster training and feature importance analysis which is make this task quicker also Random Forest is selected for this task because its suited to real-time hand-gesture classification and easier for experimental.
[bookmark: _Toc239682276]4.6.1 Justification	
· This problem does not really need representation learning. The normalisation step already captures the meaningful geometric features, so much of a neural network’s strength is lost when it is given a precomputed 63-element geometric descriptor instead of raw input.
· Low training cost. The model trains in seconds on the Pi, making it quick and easy to retrain after a camera remount. Because it can be retrained directly on the device, it avoids the added overhead of workstation-based training and reduces the train and deploy mismatch.
· Low inference cost on the target device. The Pi already runs MediaPipe on the CPU, so using a lightweight classifier preserves available compute resources. As a result, the pipeline’s frame rate is primarily constrained by landmark extraction rather than classification.
· Interpretability. Feature importances can be examined directly, making it easier to identify which landmarks contributed to a misclassification. In a safety-critical system, the ability to explain and understand failures is a significant advantage.
· Confidence signal. The ensemble’s vote proportions provide a useful confidence measure at no additional cost. Although not calibrated probabilities, they are sufficient for the temporal filter in Section 4.7, which relies only on a smoothed confidence threshold.
[bookmark: _Toc239682277]4.6.2 What is given up
A convolutional or recurrent architecture may generalize better across operators and lighting situations and support dynamic gesture recognition. However, the argument is not that a classical classifier is superior, but that it is sufficient for a static, single-operator hand gesture vocabulary on constrained hardware. This is experimentally compared with alternative approaches using the same feature set.

[bookmark: _Toc239682278]4.7 Temporal Filtering
Temporal filtering. Per-frame predictions can vary, and acting on each one could trigger unintended commands. Temporal filtering converts these predictions into a decision based on sustained operator intent. 
As it shown below Figure 5, per-frame probabilities are averaged over seven frames, gated at 0.6, and required to hold for 15 frames before a command is dispatched. Isolated dropouts are absorbed rather than acted upon.
[image: ]
[bookmark: _Toc239681586]Figure 5: Temporal filtering [60].
[bookmark: _Toc239682279]4.7.1 Three mechanisms in series
A seven-frame probability average reduces isolated errors, as shown in Figure 5 A 0.6 confidence threshold outputs UNSURE and prevents commands when predictions are uncertain, making silence safer for robot control. Finally, a 15-frame hold ensures stable, intentional gestures and avoids false commands during transitions.

[bookmark: _Toc239682280]4.7.2 Parameter selection and its trade-off    
The parameters were experimentally selected to balance responsiveness and stability. Longer holds and higher confidence thresholds reduce false commands but increase delays and missed gestures. Conservative values were chosen because repeating a gesture is safer than incorrectly moving a heavy robot. The ablation study validates these settings by measuring false-command rates and response latency.
[bookmark: _Toc239682281]4.7.3 Repeated dispatch while held
After a command is sent, the recogniser continues transmitting it on each frame while the gesture is held. This repeated signal acts as a heartbeat, allowing the bridge to confirm that the operator is still issuing the command and that the recogniser remains active. The bridge’s rate limit prevents these repeated signals from causing repeated robot movements.
[bookmark: _Toc239682282]4.8 The Safety Bridge
The bridge is the deterministic part of the system. It receives command names, checks them against three independent gates, and sends approved commands through the Boston Dynamics SDK. Its behaviour depends only on the command received and its timing, not on how the command was generated.
As it shown below Figure 6 each gate is independent, and none can be influenced from the recognition side.
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[bookmark: _Toc239681587]Figure 6: Command handling in the safety bridge [60].
[bookmark: _Toc239682283]4.8.1 Whitelist
An incoming command is executed only if it is included in a predefined list of allowed commands. All other inputs are ignored. Since the UDP socket can receive any text, this check prevents invalid, outdated, or incomplete commands from reaching the SDK. It also provides a clear list of all permitted robot actions, which is essential for assessing the system’s safety.
[bookmark: _Toc239682284]4.8.2. Rate limiting
There must be a minimum of two seconds between instructions that are issued. Its main purpose is from Section 4.7.3; the rate restriction stops a held gesture from generating continuous motion since a held gesture generates continuous traffic. Additionally, it limits the speed at which the robot may be instructed to adjust its behaviour, avoiding a conflicting trajectory order from being produced by quickly switching between two gestures.
STOP is exempt. A rate limit that could delay a halt would be a safety mechanism that occasionally prevents the safest available action, which inverts its purpose. Every gate in the bridge was examined for this failure mode, and the exemption is the general principle that a STOP command must never be subject to a restriction intended to moderate movement.
[bookmark: _Toc239682285]4.8.3 Heartbeat dead-man
A timer starts when a movement command is sent. If no further datagram arrives, the bridge automatically stops the robot, protecting against recogniser, camera, or process failure. This relies on repeated datagrams and the bridge running independently.
However, the mechanism only detects lost communication. It cannot detect an operator leaving the camera’s view while the recogniser remains active, motivating the proposed pan-tilt tracking system.
[bookmark: _Toc239682286]4.8.4 Lease management
The bridge uses take() to transfer the robot lease from its current holder, typically the manufacturer’s tablet. Although this removes control without consent, acquire() may fail if the tablet retains a stale lease, making the system appear operational but unresponsive. Therefore, take() was selected, while the tablet retains overriding safety authority.
[bookmark: _Toc239682287]4.8.5 Design for testability
The bridge supports interchangeable RealSpot and FakeSpot backends while using the same parsing, whitelisting, rate-limiting, dead-man, and dispatch processes. New commands require consistent updates to the whitelist, movement set, both backends, and dispatch table. Missing an update may cause silent failure, particularly if the dead-man mechanism is not activated. FakeSpot exposes such defects safely without risking the physical robot, providing strong justification for the architecture.

[bookmark: _Toc239682288]4.9 Deployment design
The system was designed to operate independently on the robot rather than rely on a laptop-controlled demonstration. This requirement influenced several design decisions that would otherwise have been different. The laptop is used only for development and is not required during operation.

[image: ]
[bookmark: _Toc239681588]Figure 7:  Deployment [60].
A systemd service starts the system at power-on after confirming the robot’s network is ready. Both processes run in a persistent terminal session, enabling SSH monitoring without interruption and simplifying fault diagnosis.
A permanent Ethernet profile preserves the static address after reboot, while an overlay network provides stable remote access across wireless networks.
The laptop is only required for development. During operation, the robot independently runs all perception, decision-making, and safety components, unlike workstation-based approaches.
[bookmark: _Toc239682289]4.10 Summary
The design centres on one key decision: creating a clear boundary between probabilistic perception and deterministic actuation, with only command names allowed to pass between them.

Most other design choices follow from this principle. Separate processes and UDP communication make the boundary practical rather than conceptual. The temporal filter ensures that uncertainty is resolved by the perception process before a command is sent. The whitelist, rate limit, and dead-man mechanism allow the actuation process to treat incoming commands as untrusted. The two backends make the interface testable by allowing one backend to replace the other. Finally, on-board deployment is possible because the selected classifier is efficient enough to train and run on the same device that maintains this boundary.
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CHAPTER 5: IMPLEMENTATION
[bookmark: _Toc239682291]5.1 System Overview
This chapter explains how the design presented in Chapter 4 was implemented, deployed, and configured to operate autonomously on the robot. The completed system forms a single pipeline that takes a camera frame as input and produces a motion command executed by the robot. Every stage runs locally on a Raspberry Pi 5 mounted on the robot, so no laptop, workstation, or network connection is needed once the system is powered on.
The following sections describe each stage of the pipeline in sequence: the physical payload and its connections (Section 5.2), the software environment required by the pipeline (Section 5.3), the dataset and the classifier trained using it (Sections 5.4 and 5.5), the temporal filter that transforms frame-level predictions into stable commands (Section 5.6), the safety bridge that separates perception from actuation (Section 5.7), the robot control interface (Section 5.8), and finally, the configuration that enables the entire system to start automatically at boot (Section 5.9).
[image: ]
[bookmark: _Toc239681589]Figure 8: End-to-end pipeline showing each stage’s process and transport [60].
[bookmark: _Toc239682292]5.2 Payload Integration
The Raspberry Pi 5 is mounted on the robot as a payload and powered independently from the robot’s own supply. The Sony IMX500 camera is connected to the Pi via a CSI ribbon cable and positioned to face forwards, ensuring that an operator standing in front of the robot remains within the camera’s field of view. Pi is powered by separate battery pack carried in the harness.
The Pi communicates with the robot via Ethernet. As the robot does not provide a DHCP server on this interface, the Pi is assigned the static address 10.0.0.10/24, while the robot is accessed at 10.0.0.3. To avoid configuring the address manually after every boot, it is saved as a permanent Network Manager connection profile. This ensures that the interface is configured correctly whenever the Ethernet cable is connected. A separate Wi-Fi connection is used only for development access to the Pi and is not involved in the operation of the deployed system.
[image: ]
[bookmark: _Toc239681590]Figure 9: Raspberry Pi 5 payload and camera mounted on the robot.
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[bookmark: _Toc239681591]Figure 10: Payload wiring and network connections.
[bookmark: _Toc239682293]5.3 Software Environment
The software environment was not selected freely. Instead, it was dictated by a chain of dependencies that restricted the choice of operating system version. Explaining these constraints is important because it clarifies why the versions listed in Table 5.1 are pinned rather than allowed to resolve automatically.
The landmark extraction stage relies on the MediaPipe Hands solutions interface [54]. This interface was removed from MediaPipe releases after version 0.10.14, so the pipeline is fixed to that release. MediaPipe 0.10.14 is available only for Python 3.11, which excludes operating system releases that provide a newer Python interpreter by default. The camera is controlled through picamera2, which depends on a JPEG encoding library that is incompatible with NumPy 2.x. NumPy is therefore pinned to version 1.26.4. Similarly, because OpenCV 5 introduces NumPy 2 as a transitive dependency, OpenCV is fixed at version 4.11.0.86.
An initial attempt to deploy the system on a newer Debian release failed because the distribution included Python 3.13, for which no compatible MediaPipe wheel was available. Rather than building MediaPipe from source or maintaining a separate Python interpreter, the device was reflashed with Raspberry Pi OS Bookworm, which provides Python 3.11.2 natively. This represented a deliberate trade-off between a one-time setup cost and the continuing risk of maintaining a more fragile configuration.
The project runs within a virtual environment configured to access system site packages. This is necessary because picamera2 is distributed as a system package rather than through the Python Package Index and for that reason cannot be installed directly within a fully isolated virtual environment.
[image: ]
[bookmark: _Toc239681608]Table 9: Pinned software versions for specific reason.

[bookmark: _Toc239682294]5.4 Dataset Construction
As no public dataset matched the Chapter 4 gesture vocabulary, a dedicated dataset was collected using the deployed camera and outdoor conditions. The capture tool continuously recorded labelled hand landmarks while the operator varied each gesture naturally.
The dataset contains 6,568 samples across seven classes: FIST, OPEN_PALM, POINTING, PEACE, THREE_FINGERS, FOUR_FINGERS and NONE. THUMBS_UP was removed because its landmarks were unreliable. Consistent finger combinations were used to reduce confusion between counting gestures.
Each sample contains 21 landmarks represented by x, y and z coordinates. Re-centring around the wrist and scaling by hand size produces a 63-element feature vector independent of hand position and camera distance. The same normalisation is used during collection and inference.

[image: ]
[bookmark: _Toc239681592]Figure 11: Data collection tool in use.
[image: ]
[bookmark: _Toc239681593]Figure 12: Sample distribution across the seven gesture classes.

[bookmark: _Toc239682295]5.5 Classifier Training
The classifier is a 200-tree Random Forest trained on normalised features using scikit-learn. Its low computational cost enables training on the Pi within seconds. A separate script trains and evaluates the model before saving it to disk. The recogniser loads the model at start-up, allowing retraining and deployment through a simple restart.
[bookmark: _Toc239682296]5.6 Temporal Filtering
A frame-based classifier can produce errors or detect transitional hand shapes. To improve stability, the recogniser averages probabilities over seven frames, applies a 0.6 confidence threshold, and requires the leading class to remain stable for 15 frames before sending a command. The NONE class represents non-command gestures, preventing them from being forced into command categories. Chapter 6 evaluates these filtering stages.
[bookmark: _Toc239682297]5.7 The Safety Bridge
The recogniser does not communicate directly with the robot. When it identifies that a command has been issued, it sends the command name as a short UDP datagram to a separate process running on the same device. This process is solely responsible for determining whether the command should be executed. This separation is the project’s central implementation decision. Recognition is probabilistic and can produce errors, whereas robot control must remain bounded and predictable. The bridge therefore acts as the point at which uncertainty is prevented from reaching the robot. The bridge applies four constraints. First, a whitelist specifies which command names are valid, ensuring that corrupted or unexpected datagrams are discarded rather than interpreted. Second, the rate limit enforces a minimum 2s interval between accepted commands, preventing movement instructions from collecting faster than the robot can process them. Third, a heartbeat mechanism requires the recogniser to provide regular signals confirming that it is active. If these signals stop while the robot is moving, the bridge automatically halts the robot. Finally, every movement command has an explicit timeout, preventing an incomplete command from leaving the robot in an indefinite state. 
The bridge provides two interchangeable backends through a shared interface. One controls the physical robot, while the other records the commands it receives and behaves as though they were completed successfully. The simulated backend made it possible to develop and test the entire recognition and filtering process without access to the robot. Similarly, a simple keyboard-controlled sender allowed the robot-control process to be tested without using the camera. As a result, both parts of the system could be tested independently, substantially reducing the amount of development work that required the robot to be powered on and available. 
Adding a new command requires four separate components to be updated consistently: the whitelist, the set of movement commands, the corresponding method in both backends, and the dispatch table that maps command names to methods. If any one of these updates is skipped, the resulting failure may not be immediately apparent. For example, a command may be accepted but produce no action, or it may function correctly with the simulated backend but fail with the physical robot. This is documented as an implementation characteristic because it represents a maintenance risk rather than a defect, and it is examined further in Chapter 7.
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[bookmark: _Toc239681594]Figure 13: Command path from recogniser to robot [60].

[bookmark: _Toc239682298]5.8 Robot Control Interface
The bridge communicates with the robot via the manufacturer’s Python SDK using gRPC. Establishing control involves a fixed sequence: authenticating with the robot, synchronising the clocks, confirming that the emergency stop system is not engaged, and acquiring the motion lease.
The lease ensures that only one client can command the robot at a time. Rather than waiting for the lease to be released, the bridge takes it by force. 
As a result, starting the system takes control away from the handheld tablet without warning. This approach was chosen deliberately, with full awareness of its possibilities. The alternative would have required manual coordination before each run, while the physical emergency stop remains authoritative regardless of which client holds the lease. The tablet can also reclaim the lease forcibly at any time.
Movement commands are sent as SE2 trajectory goals defined in the odometry frame rather than the body frame. Because the odometry frame remains fixed relative to the world, a goal expressed within it represents a destination rather than a displacement. Consequently, the robot does not accumulate drift across a sequence of commands in the same way it would when following repeated body-relative instructions.
[bookmark: _Toc239682299]5.9 Deployment
The system runs without user involvement under normal operating conditions. At boot, a systemd service waits until the robot responds to a network ping, then launches the bridge and recogniser as separate processes within a terminal multiplexer session. This ping check is essential because the processes start in a fixed sequence and the robot takes longer to boot than the Pi. Without it, the bridge would attempt to authenticate before the robot became reachable.
Running both processes in a persistent session allows a operator to connect to the Pi remotely, attach to the active session to monitor live output, and detach without interrupting the system. This is the standard way to observe the system during testing. Because the processes are managed by a service, they must not also be started manually. Doing so causes a port conflict, as the service is already using the port on which the bridge listens. The service should therefore be restarted instead of launching another instance, after making changes to the source code.


[bookmark: _Toc239682300]CHAPTER 6: EVALUATION OF RESULTS
[bookmark: _Toc239682301]6.1 Introduction 
This chapter evaluates classifier accuracy, generalisation, and hardware suitability. Section 6.2 tests held-out training-session data, Section 6.3 uses separately recorded data to assess deployment mismatch, and Section 6.4 compares algorithms by accuracy, training cost, and size. Both tests are needed because random splits contain similar samples and may overestimate real-world performance.
[bookmark: _Toc239682302]6.2 Within-Session Classification Performance
The classifier was first evaluated on held-out samples drawn from the same recording session as the training data. The outdoor corpus of 6,568 samples was divided by stratified random split into 5,254 training samples and 1,314 test samples, preserving class proportions in both partitions. The Random Forest was trained with 200 trees on the training partition only and evaluated on the test partition.
Overall accuracy was 98.93%.
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[bookmark: _Toc239681595]Figure 14: Overall accuracy per-class performance.

Performance is continually strong, with every class scoring above 0.97 across all three metrics. The finger-count classes, PEACE, THREE_FINGERS, and FOUR_FINGERS, perform well despite differing by only one extended finger.
NONE is the weakest-performing class, with an F1 score of 0.971. This result is expected because NONE does not represent a single hand configuration. Instead, it serves as a catch-all category for non-command shapes and therefore shows much greater internal variation than the six command classes.
[image: ]
[bookmark: _Toc239681596]Figure 15: Confusion matrix for within-session.
[bookmark: _Toc239682303]6.3 Cross-Session Generalisation
To assess performance under conditions not represented in the training data, the trained model was evaluated using a corpus recorded indoors during a separate session with the same Raspberry Pi 5 and IMX500 camera. The two corpora shared no samples, and an exact match check confirmed that there were no duplicate feature vectors between them.
The earlier session was recorded before the gesture vocabulary had been finalised. It included THUMBS_UP, which was subsequently removed from the vocabulary, but did not include THREE_FINGERS or FOUR_FINGERS. The 1,240 THUMBS_UP samples were therefore excluded because the deployed model had no corresponding class and could not have classified them correctly under any circumstances. The evaluation was conducted on the remaining 7,542 samples from the five classes common to both vocabularies.
Overall accuracy across these five classes was 77.67%, representing a decrease of %21.3 compared with the within-session result.
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[bookmark: _Toc239681597]Figure 16: Cross-session per-class performance.
The purpose of this evaluation was not to compare indoor and outdoor performance. The training corpus was recorded as a continuous session, so consecutive samples are separated by only milliseconds and are nearly identical. A random split of that data places near-duplicate samples in both the training and test partitions, which means the resulting accuracy measures the model's ability to recognise frames it has effectively already seen. Testing against a corpus recorded on a different day removes this correlation. The change of environment is what makes the two sets independent; it is not itself the variable being measured.
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[bookmark: _Toc239681598]Figure 17: Confusion matrix for cross session.
It shows that two distinct failure modes. NONE errors are spread across all command classes, indicating poor class separability and potentially causing unintended commands. In contrast, 466 of 590 misclassified OPEN_PALM samples are assigned to NONE, resulting only in missed commands.

[bookmark: _Toc239682304]6.4 Classifier Comparison
Random Forest was selected over alternative algorithms during the design stage because of its training speed and interpretability. This section evaluates that decision experimentally by comparing five classifiers using identical features under both evaluation conditions. All models were trained and timed on the deployment hardware.
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[bookmark: _Toc239681599]Figure 18: Classifier Comparison.
Random Forest was retained because it is the most resilient to changes in acquisition conditions, achieving %6.4 advantage across sessions. Its larger size and higher inference cost have little overall impact because the pipeline’s processing time is dominated by landmark extraction and a one-second hold threshold.





















[bookmark: _Toc239682305]CHAPTER 7: CONCLUSION AND RECOMMENDATIONS
This project set out to control a Boston Dynamics Spot using hand gestures, with all computation carried on the robot and a deliberate boundary between what the camera perceives and what the robot may do. The system was built, deployed and evaluated.
The literature reviewed in Chapter 2 showed a field dominated by deep learning, frequently evaluated in simulation or on workstation hardware and rarely with an explicit safety boundary between recognition and actuation. That shaped two decisions: a classical classifier rather than a neural network, and perception separated from control architecturally.
Chapters 4 and 5 implemented this. Media Pipe extracts 21 landmarks, normalised on the wrist to give 63 scale-invariant features. A 200-tree Random Forest classifies seven gestures. Probabilities are averaged over a sliding seven-frame window, gated at 0.6 confidence, and held for 15 frames before a command issues. The recogniser sends only a command name over loopback UDP and holds no reference to the robot. A separate bridge whitelists the command, rate-limits it, and dispatches it to the Boston Dynamics SDK, with a heartbeat dead-man that stops the robot if the recogniser fails mid-movement. A systemd unit starts everything at boot, requiring no laptop and no network at runtime.
Chapter 6 evaluated it. Within-session accuracy was 98.93%, with no confusion between the three finger-count gestures that differ by a single digit. With no changes to the hardware or features, cross-session accuracy versus an independently recorded corpus was 77.67%, a decrease of %21.3. On the deployment hardware, five classifiers were within 1 percentage point of one another within a session and 14 points apart between sessions.

Four of the five objectives set in Chapter 1 were met: the pipeline runs on embedded hardware, a classifier was trained and evaluated under two conditions, the safety layer operates independently, and an outdoor experiment confirmed all six commands executing on the robot. The evaluation objective was met in part. Latency, the temporal filtering contribution, and live command success rate were not measured, as robot access ended before that experiment could be run.
Three benefits follow. First, gesture control of a commercial quadruped does not require workstation-class computation. The system runs from a payload the robot carries, useful wherever an operator cannot hold a tablet. Second, the architectural pattern generalises: a bounded deterministic layer between a probabilistic model and a physical actuator applies to any system where machine learning influences motion, and here its value was demonstrated rather than assumed. Third, the finding that five classifiers are indistinguishable within-session but 14 points apart across sessions suggests that accuracies reported from single-session data may not indicate deployed performance, or support model selection at all.
Loose ends remain. The final vocabulary comes after the corpus that is available for cross-session testing. So, two classes are validated within-session only. All data was recorded by one operator. The 0.6 threshold was chosen experientially, and the classifier's confidence scores were never calibrated. The depth coordinates were retained untested.
Suggestions for further work
Multi operator evaluation requires no change to the system. Normalisation removes position and scale but not hand shape; until a cross-subject corpus exists, every figure here describes one person's hands. Training data expansion can be most valuable extension because of variety of hand size, types, shapes.
Domain robust data collection addresses the %21.3 drop more directly than any change of classifier. The comparison suggests that there is more headroom in the data than in model selection.

Confidence calibration and threshold selection. Random Forest scores are vote proportions, not calibrated probabilities. A calibration analysis would establish the accuracy of predictions passing the 0.6 gate and allow the threshold to be selected on evidence rather than observation. Given that the gate is the system's primary defence against the failure mode identified in Chapter 6, placing it on a measured basis is a priority.
Interruptible movement is the most significant remaining safety limitation. Trajectory commands cannot be cancelled, and during a long movement the operator falls outside the camera's view, making the stop gesture unreachable. This would be resolved by breaking down movements into parts that need ongoing recognition.
Further extensions include a pan-tilt camera mount to widen the operator's usable arc, use of the IMX500's idle on-sensor accelerator.





















[bookmark: _Toc239682306]CHAPTER 8: REFLECTION
Time management and development consumed far more of the project than planned, and Evaluation was squeezed into the last week. The problem was not scheduling but misjudging the critical path. Building the system produced visible progress each session; writing produced nothing I could run, so it kept slipping. Latency measurement, the filtering ablation and a quantified command trial each needed hours of robot time. 
Sequencing. I collected data, built the system, then designed the evaluation. That order was backwards. An earlier July dataset was ideal for cross-session validation, but it was recorded before the gesture vocabulary was finalised, so only five of seven classes could be tested against it. Deciding how the system would be evaluated before collecting data would have closed that gap. The same applies to the evaluation itself: I quoted 98.93% for most of the project without examining what it measured. Testing against an independent session showed 77.67%. Understanding the limits of a random split earlier would have changed what I claimed throughout.
How I work. I learn by building, which served development well and writing badly. I act immediately on tasks and defer open-ended ones “add the rate limit” got done, “collect more reliable data” The fix is to convert ambiguous tasks into specific ones before they can be avoided.
What I would change. Freeze interfaces early: the gesture vocabulary changed after collection began, and the command mapping was altered late and had to be reverted, so code and report agreed. Keep datasets immutable: while capturing figure screenshots, the collection tool silently appended 265 samples to the training corpus, which I caught only by checking class counts against an earlier figure. Writing each session to a new file would have made that impossible. Check physical assumptions first: hours went to a camera ribbon fitted backwards, which produced no error at all, but camera ribbon been cut once also the Pi and SD card been damaged once. It also added extra time for implementation.
Not every decision was a mistake. Reflashing to Bookworm rather than porting to a newer Python was the right call under time pressure. So was refusing take() initially on safety grounds, then adopting it deliberately once I understood the lease model. Both were judgements I would make again.

Completing this project was demanding, with the development of hardware and software compatibility, especially with an industrial quadruped robot, the Boston Dynamics Spot.
My background and interest in this field have given me the confidence to design and execute this work. Also, the purpose of the Spot robot has in this project given me motivation to complete the task, which is search and rescue operations. I am excited about the ability of the Spot robot and the potential for further projects, as they align with my future career aspirations in robotics.
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C.1 collect_pi.py
Records normalised landmark vectors to gesture_data.csv. Requires an attached display; keypresses are received by the camera window, not the terminal.


import warnings
warnings.filterwarnings("ignore", category=UserWarning)
 
import cv2
import csv
import os
import numpy as np
from picamera2 import Picamera2
import mediapipe.python.solutions.hands as mp_hands
import mediapipe.python.solutions.drawing_utils as mp_draw
 
LABELS = {
    ord('1'): "FIST",
    ord('2'): "OPEN_PALM",
    ord('3'): "POINTING",
    ord('4'): "THREE_FINGERS",
    ord('5'): "PEACE",
    ord('6'): "FOUR_FINGERS",
    ord('0'): "NONE",
}
 
CSV_FILE = "gesture_data.csv"
 
hands = mp_hands.Hands(max_num_hands=1, model_complexity=0,
    min_detection_confidence=0.6, min_tracking_confidence=0.5)
 
def normalize(lm):
    pts = np.array([[p.x, p.y, p.z] for p in lm])
    pts = pts - pts[0]
    scale = np.linalg.norm(pts[9])
    pts = pts / (scale + 1e-6)
    return pts.flatten()
 
if not os.path.exists(CSV_FILE):
    with open(CSV_FILE, "w", newline="") as f:
        w = csv.writer(f)
        w.writerow([f"f{i}" for i in range(63)] + ["label"])
 
picam2 = Picamera2()
picam2.configure(picam2.create_preview_configuration(
    main={"format": "RGB888", "size": (640, 480)}))
picam2.start()
 
recording_label = None
counts = {}
 
print("Keys: 1=FIST 2=OPEN_PALM 3=POINTING 4=THREE_FINGERS 5=PEACE 6=FOUR_FINGERS 0=NONE")
print("s = stop recording, q = quit")
 
while True:
    frame = picam2.capture_array()          # RGB
    results = hands.process(cv2.cvtColor(frame, cv2.COLOR_BGR2RGB))
    display = frame.copy()
 
    key = cv2.waitKey(1) & 0xFF
    if key == ord('q'):
        break
    if key == ord('s'):
        recording_label = None
    if key in LABELS:
        recording_label = LABELS[key]
 
    if results.multi_hand_landmarks:
        h = results.multi_hand_landmarks[0]
        mp_draw.draw_landmarks(display, h, mp_hands.HAND_CONNECTIONS)
        if recording_label is not None:
            feat = normalize(h.landmark)
            with open(CSV_FILE, "a", newline="") as f:
                csv.writer(f).writerow(list(feat) + [recording_label])
            counts[recording_label] = counts.get(recording_label, 0) + 1
 
    status = "NOT RECORDING (press 1-5 or 0)"
    color = (0, 0, 255)
    if recording_label:
        n = counts.get(recording_label, 0)
        status = f"RECORDING {recording_label}: {n} samples (s=stop)"
        color = (0, 255, 0)
    cv2.putText(display, status, (10, 30),
        cv2.FONT_HERSHEY_SIMPLEX, 0.7, color, 2)
 
    cv2.imshow("Data Collection (Pi)", display)
 
picam2.stop()
cv2.destroyAllWindows()
print("Saved counts:", counts)


C.2 train.py
80/20 split, 200-tree RandomForest, fixed seed. Produces gesture_model.joblib.

import pandas as pd
import joblib
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report, confusion_matrix
 
# --- load data ---
df = pd.read_csv("gesture_data.csv")
X = df.drop(columns=["label"]).values
y = df["label"].values
print(f"Loaded {len(df)} samples, {X.shape[1]} features, classes: {sorted(set(y))}")
 
# --- split: 80% train, 20% held-out test ---
Xtr, Xte, ytr, yte = train_test_split(
    X, y, test_size=0.2, stratify=y, random_state=42)
 
# --- train ---
model = RandomForestClassifier(n_estimators=200, random_state=42)
model.fit(Xtr, ytr)
 
# --- evaluate on the held-out test set ---
pred = model.predict(Xte)
print("\n=== Classification report (test set) ===")
print(classification_report(yte, pred))
 
print("=== Confusion matrix (rows=true, cols=predicted) ===")
labels = sorted(set(y))
cm = confusion_matrix(yte, pred, labels=labels)
print("labels:", labels)
print(cm)
 
# --- save the model ---
joblib.dump(model, "gesture_model.joblib")
print("\nModel saved to gesture_model.joblib")

C.3 predict_headless.py

The deployed recogniser. Runs headless under systemd. Sends a command name to the bridge, never a robot instruction and emits a heartbeat on every frame.

import warnings
warnings.filterwarnings("ignore", category=UserWarning)
 
import cv2
import numpy as np
import joblib
import time
import socket
import json
 
sock = socket.socket(socket.AF_INET, socket.SOCK_DGRAM)
BRIDGE_ADDR = ("127.0.0.1", 5005)
from collections import deque
from picamera2 import Picamera2
import mediapipe.python.solutions.hands as mp_hands
 
model = joblib.load("gesture_model.joblib")
 
hands = mp_hands.Hands(max_num_hands=1, model_complexity=0,
    min_detection_confidence=0.6, min_tracking_confidence=0.5)
 
def normalize(lm):
    pts = np.array([[p.x, p.y, p.z] for p in lm])
    pts = pts - pts[0]
    scale = np.linalg.norm(pts[9])
    pts = pts / (scale + 1e-6)
    return pts.flatten()
 
COMMANDS = {
    "FIST":          "SIT",
    "PEACE":         "STAND",
    "OPEN_PALM":     "STOP",
    "POINTING":      "FORWARD_50CM",
    "THREE_FINGERS": "STRAFE_LEFT",
    "FOUR_FINGERS":  "STRAFE_RIGHT",
}
# NONE is trained but deliberately unmapped: an unmapped class gives the
# classifier somewhere to place hand shapes that are not commands.
 
CONF_THRESHOLD = 0.6
HOLD_FRAMES = 15
prob_window = deque(maxlen=7)
last_gesture = None
stable_count = 0
fired = None
last_status = 0.0
 
picam2 = Picamera2()
picam2.configure(picam2.create_preview_configuration(
    main={"format": "RGB888", "size": (640, 480)}))
picam2.start()
 
print("Headless gesture recognition running. Ctrl+C to quit.")
 
try:
    while True:
        frame = picam2.capture_array()
        sock.sendto(json.dumps({"cmd": "HEARTBEAT", "t": time.time()}).encode(), BRIDGE_ADDR)
        results = hands.process(cv2.cvtColor(frame, cv2.COLOR_BGR2RGB))
 
        gesture = "no hand"
        conf = 0.0
        if results.multi_hand_landmarks:
            h = results.multi_hand_landmarks[0]
            feat = normalize(h.landmark).reshape(1, -1)
            probs = model.predict_proba(feat)[0]
            prob_window.append(probs)
            avg = np.mean(prob_window, axis=0)
            i = int(np.argmax(avg))
            conf = float(avg[i])
            gesture = model.classes_[i] if conf >= CONF_THRESHOLD else "UNSURE"
        else:
            prob_window.clear()
 
        if gesture == last_gesture:
            stable_count += 1
        else:
            stable_count = 0
            last_gesture = gesture
            fired = None
 
        if stable_count == HOLD_FRAMES and gesture in COMMANDS and fired != gesture:
            cmd = COMMANDS[gesture]
            msg = json.dumps({"cmd": cmd, "conf": round(conf, 3), "t": time.time()})
            sock.sendto(msg.encode(), BRIDGE_ADDR)
            print(f"SENT: {cmd} (conf={conf:.2f})")
            fired = gesture
 
        # status line every 2 s so you can see it thinking
        if time.time() - last_status > 2.0:
            print(f"  [{time.strftime('%H:%M:%S')}] seeing: {gesture} ({conf:.2f})")
            last_status = time.time()
 
except KeyboardInterrupt:
    pass
 
picam2.stop()
print("Stopped.")

C.4 spot_bridge.py
The safety layer. Command whitelist, rate limiting, heartbeat dead-man, and the FakeSpot / RealSpot backends behind a common interface.
spot_bridge.py - command bridge with safety layer.
 
Receives gesture command events over UDP from predict_headless.py,
applies safety checks, and forwards accepted commands to a robot backend.
 
Backends:
  FakeSpot  - prints actions (default, safe for testing)
  RealSpot  - commands the real robot via the Boston Dynamics SDK
 
To use the real robot:
  export SPOT_BACKEND=real
  export SPOT_IP=10.0.0.3
  export SPOT_USER=admin
  export SPOT_PASSWORD=<password>
  python spot_bridge.py
"""
 
import os
import math
import socket
import json
import time
 
# ---------- Safety configuration ----------
WHITELIST = {"STOP", "SIT", "STAND", "WALK_10M", "TURN_180", "FORWARD_5M", "FORWARD_50CM", "HALF_TURN", "STRAFE_LEFT", "STRAFE_RIGHT", "TURN_90_LEFT"}
MOVE_COMMANDS = {"WALK_10M", "TURN_180", "FORWARD_5M","FORWARD_50CM", "HALF_TURN", "STRAFE_LEFT", "STRAFE_RIGHT", "TURN_90_LEFT"}
MIN_CMD_GAP = 2.0          # seconds between accepted commands (STOP exempt)
HEARTBEAT_TIMEOUT = 2.0    # no heartbeat this long -> auto-STOP
LISTEN_ADDR = ("127.0.0.1", 5005)
 
 
# ---------- Robot backends ----------
class FakeSpot:
    """Stands in for the real robot. Same interface as RealSpot."""
 
    def stop(self):       print(">>> SPOT: STOP (halt all motion)")
    def sit(self):        print(">>> SPOT: SIT")
    def stand(self):      print(">>> SPOT: STAND")
    def walk_10m(self):   print(">>> SPOT: WALK FORWARD 10 m")
    def forward_5m(self): print(">>> SPOT: WALK FORWARD 5 m")
    def forward_50cm(self): print(">>> SPOT: WALK FORWARD 0.5 m")
    def turn_180(self):   print(">>> SPOT: TURN 180 degrees")
    def close(self):      pass
    def half_turn(self): print(">>> SPOT: WALK 5 m THEN TURN 180")
    def strafe_left(self):  print(">>> SPOT: STEP LEFT 0.5 m")
    def strafe_right(self): print(">>> SPOT: STEP RIGHT 0.5 m")
    def turn_90_left(self): print(">>> SPOT: TURN LEFT 90 degrees")
class RealSpot:
    """Commands the real robot via the Boston Dynamics SDK."""
 
    def __init__(self, hostname, username, password):
        import bosdyn.client
        from bosdyn.client.lease import LeaseClient, LeaseKeepAlive
        from bosdyn.client.robot_command import RobotCommandClient
        from bosdyn.client.robot_state import RobotStateClient
 
        sdk = bosdyn.client.create_standard_sdk("PiGestureController")
        self.robot = sdk.create_robot(hostname)
        self.robot.authenticate(username, password)
        self.robot.time_sync.wait_for_sync()
 
        if self.robot.is_estopped():
            raise RuntimeError(
                "Spot is E-Stopped. Clear the E-Stop before commanding motors."
            )
 
        self.command_client = self.robot.ensure_client(
            RobotCommandClient.default_service_name)
        self.state_client = self.robot.ensure_client(
            RobotStateClient.default_service_name)
        self.lease_client = self.robot.ensure_client(
            LeaseClient.default_service_name)
 
        # take() forcibly claims the lease from the tablet.
        # For polite behaviour instead, delete the take() line and set
        # must_acquire=True below - the bridge will then fail if the
        # tablet holds control, rather than seizing it.
        self.lease_client.take()
        self.lease_keepalive = LeaseKeepAlive(
            self.lease_client, must_acquire=False, return_at_exit=True)
 
        print("RealSpot: connected, time synced, lease acquired")
 
    def power_on(self):
        self.robot.power_on(timeout_sec=20)
        if not self.robot.is_powered_on():
            raise RuntimeError("Spot failed to power on.")
 
    def stand(self):
        from bosdyn.client.robot_command import blocking_stand
        self.power_on()
        blocking_stand(self.command_client, timeout_sec=10)
 
    def sit(self):
        from bosdyn.client.robot_command import RobotCommandBuilder
        self.command_client.robot_command(
            RobotCommandBuilder.synchro_sit_command())
 
    def stop(self):
        from bosdyn.client.robot_command import RobotCommandBuilder
        self.command_client.robot_command(
            RobotCommandBuilder.stop_command())
 
    def _move(self, dx=0.0, dy=0.0, dyaw=0.0, timeout_sec=30):
        """Move relative to the robot's current pose.
        dx/dy in metres (x = forward, y = left), dyaw in radians."""
        from bosdyn.client.robot_command import RobotCommandBuilder
        from bosdyn.client.frame_helpers import (
            ODOM_FRAME_NAME, BODY_FRAME_NAME, get_se2_a_tform_b)
        from bosdyn.client import math_helpers
 
        state = self.state_client.get_robot_state()
        transforms = state.kinematic_state.transforms_snapshot
        body_in_odom = get_se2_a_tform_b(
            transforms, ODOM_FRAME_NAME, BODY_FRAME_NAME)
        goal = body_in_odom * math_helpers.SE2Pose(x=dx, y=dy, angle=dyaw)
 
        cmd = RobotCommandBuilder.synchro_se2_trajectory_point_command(
            goal_x=goal.x, goal_y=goal.y, goal_heading=goal.angle,
            frame_name=ODOM_FRAME_NAME)
        self.command_client.robot_command(
            cmd, end_time_secs=time.time() + timeout_sec)
 
    def walk_10m(self):   self._move(dx=10.0, timeout_sec=30)
    def forward_5m(self): self._move(dx=5.0, timeout_sec=25)
    def forward_50cm(self):    self._move(dx=0.5, timeout_sec=8)
    def turn_180(self):   self._move(dyaw=math.pi, timeout_sec=15)
    def strafe_left(self):  self._move(dy=0.5, timeout_sec=12)
    def strafe_right(self): self._move(dy=-0.5, timeout_sec=12)
    def turn_90_left(self): self._move(dyaw=math.radians(90), timeout_sec=12)
    def half_turn(self):
        import threading
        def sequence():
            self._move(dx=5.0, timeout_sec=25)
            time.sleep(14)
            self._move(dyaw=math.pi, timeout_sec=12)
        threading.Thread(target=sequence, daemon=True).start()
    def close(self):
        self.lease_keepalive.shutdown()
 
 
# ---------- Backend selection ----------
if os.environ.get("SPOT_BACKEND") == "real":
    robot = RealSpot(
        os.environ["SPOT_IP"],
        os.environ["SPOT_USER"],
        os.environ["SPOT_PASSWORD"],
    )
    print("Backend: RealSpot")
else:
    robot = FakeSpot()
    print("Backend: FakeSpot (set SPOT_BACKEND=real to command the robot)")
 
ACTIONS = {
    "STOP": robot.stop,
    "SIT": robot.sit,
    "STAND": robot.stand,
    "WALK_10M": robot.walk_10m,
    "TURN_180": robot.turn_180,
    "FORWARD_5M": robot.forward_5m,
    "FORWARD_50CM": robot.forward_50cm,
    "HALF_TURN": robot.half_turn,
    "STRAFE_LEFT": robot.strafe_left,
    "STRAFE_RIGHT": robot.strafe_right,
    "TURN_90_LEFT": robot.turn_90_left,
}
 
 
# ---------- Bridge loop ----------
sock = socket.socket(socket.AF_INET, socket.SOCK_DGRAM)
sock.bind(LISTEN_ADDR)
sock.settimeout(0.5)
 
last_cmd_time = 0.0
last_heartbeat = time.time()
moving = False
 
print(f"Bridge listening on {LISTEN_ADDR}")
 
try:
    while True:
        # dead-man check: recogniser silent while robot moving -> STOP
        if time.time() - last_heartbeat > HEARTBEAT_TIMEOUT and moving:
            print("!! heartbeat lost -> auto STOP")
            robot.stop()
            moving = False
 
        try:
            data, _ = sock.recvfrom(1024)
        except socket.timeout:
            continue
 
        try:
            msg = json.loads(data.decode())
        except json.JSONDecodeError:
            continue                      # garbage in -> ignore
 
        if msg.get("cmd") == "HEARTBEAT":
            last_heartbeat = time.time()
            continue
 
        cmd = msg.get("cmd")
        now = time.time()
 
        if cmd not in WHITELIST:
            print(f"?? rejected unknown command: {cmd!r}")
            continue
 
        # STOP always executes immediately; others are rate-limited
        if cmd != "STOP" and now - last_cmd_time < MIN_CMD_GAP:
            print(f"-- rate-limited: {cmd}")
            continue
 
        print(f"[{time.strftime('%H:%M:%S')}] accepted: {cmd} "
              f"(conf {msg.get('conf')})")
        try:
            ACTIONS[cmd]()
        except Exception as e:
            print(f"!! command failed: {type(e).__name__}: {e}")
        last_cmd_time = now
        moving = cmd in MOVE_COMMANDS
 
except KeyboardInterrupt:
    print("\nBridge stopping - sending STOP")
    try:
        robot.stop()
    except Exception:
        pass
    robot.close()

C.5 spot_connect_test.py
Acquires no lease and issues no commands. Safe to run at any time, including during a motors-off dry run.

spot_connect_test.py - safe, step-by-step Spot connection check.
 
Acquires NO lease and sends NO commands. Reads state only, so it is safe
to run at any time, including during a motors-off dry run.
 
Usage:
    python spot_connect_test.py <ROBOT_IP> <USERNAME> <PASSWORD>
 
Example:
    python spot_connect_test.py 10.0.0.3 admin <password>
"""
 
import sys
import bosdyn.client
from bosdyn.client.estop import EstopClient
from bosdyn.client.robot_state import RobotStateClient
 
if len(sys.argv) != 4:
    print(__doc__)
    sys.exit(1)
 
HOSTNAME, USERNAME, PASSWORD = sys.argv[1], sys.argv[2], sys.argv[3]
 
print("1. Creating SDK object...")
sdk = bosdyn.client.create_standard_sdk('GestureDryRun')
 
print("2. Creating robot object at", HOSTNAME)
robot = sdk.create_robot(HOSTNAME)
 
print("3. Authenticating...")
robot.authenticate(USERNAME, PASSWORD)
print("   OK")
 
print("4. Time sync...")
robot.time_sync.wait_for_sync()
print("   OK")
 
print("5. Robot ID:")
print("  ", robot.get_id())
 
print("6. E-stop status:")
estop_client = robot.ensure_client(EstopClient.default_service_name)
print("  ", estop_client.get_status())
 
print("7. Is estopped?", robot.is_estopped())
 
print("8. Power state:")
state_client = robot.ensure_client(RobotStateClient.default_service_name)
print("  ", state_client.get_robot_state().power_state)
 
print("\nConnection test complete - no lease acquired, nothing commanded.")
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