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[bookmark: _Toc226811655]Abstract
The proposed method addresses the growing complexity of Information Technology (IT) delivery and addresses the critical challenge of identifying performance risks within IT project teams through the analysis of team dynamics and behavioral states. 
Historically, Project management has relied on manual reporting systems which, as documented in the evolution of PMO standards, often suffers from subjectivity and time lags between an issue arising and its detection. To overcome these limitations, the proposed work utilizes Artificial Intelligence (AI) and Computer Vision techniques, specifically leveraging architectures like YOLOv8 for posture analysis and CNN-based affective computing for emotional state recognition. By training on standardized image datasets including DAiSEE and AffectNet, the framework aims to translate static workspace snapshots into objective data.
The expected results include a high-precision risk-scoring algorithm capable of detecting early warning signs of team burnout and disengagement. This proposed approach aims to provide a proactive, evidence-based tool for project managers to mitigate human-centric risks before they impact project milestones.  
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1. [bookmark: _Toc226811656]Chapter 1 Introduction 
1.1 [bookmark: _Toc226811657]Overview
The primary goal of this research is to establish a data-driven predictive framework for identifying performance risks through the real-time monitoring of team dynamics within Information Technology (IT) environments. This objective addresses a critical, unmet need in modern project management; the transition from subjective assessment to the objective quantification of human variables such as collaboration, cognitive focus, and physiological stress.

Historically, the assessment of project health has been restricted to lagging indicators, retrospective metrics that record failures after they have occurred, such as budget variance and schedule delays and completed milestones. As noted by Holzmann, et al., (2022), traditional project management lacks the tools to monitor the “Human Factor” in real-time, often resulting in undetected team exhaustion or friction until a milestone is missed [1].

The history of this issue is rooted in the mid of 20th century, when project management focused almost exclusively on the “Triple constraint” (time, cost, and scope). While PMO standards evolved throughout the 1990s and 2000s to include formal risk management, these processes remained tethered to manual reporting systems and periodic audits. These systems as argued by Felicetti, et al., (2024), are frequently influenced by reporting bias where team members or managers are filtering information to present a more favorable status to stakeholders [2]. This creates the “watermelon effect” which is a project that appears green (Healthy) on the outside, but it is red (Failing) on the inside.
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Figure1: The Triple Constraint: The Project Management Triangle of Scope, Time, and Cost
Figure2: Watermelon Effect
Beware of the Watermelon by: Nicholas Hartman

As IT projects grew in complexity and moved toward Agile methodologies, the need for “Leading indicators” that predicts future performance became critical. However current tools still fail to capture the exact behavioral shifts, such as decreased engagement or rising stress, that preceded a drop in productivity. This research benefits advancements in Artificial Neural Networks (ANN) to bridge this gap. As highlighted by Abiodun et al. (2018), the ability of ANNs to handle non-linear, high-dimensional data makes them uniquely suited for recognizing complex patterns in human behavior that traditional statistics miss [3].
Figure3: A typical neural network architecture 
by: Abiodun et al. (2018)











Furthermore, the application of predictive data mining as demonstrated by Abu Saa et al. (2019), allows for the identification of specific behavioral factors that are statistically linked to performance outcomes [4]. By building on the “ANN approach” successfully used by Adewale et al. (2018) for academic performance prediction, this study applies similar modeling to professional IT workspace to forecast project overruns before they occur [5].

This research proposes a fundamental transition from subjective logs to objective, image-based behavioral states. By utilizing Computer Vision to translate periodic workspace snapshots into actionable data, we provide a diagnostic tool that indicates human-centric risks in their infancy. Unlike high-resource video surveillance, the proposed framework focuses on a lightweight, privacy-conscious analysis of image frames using efficient models like Yolov8. The final outcome is an evidence-based risk scoring system that empowers project managers to intervene proactively, addressing team burnout and friction while there is still time to adjust workflows and protect project integrity.
1.2 [bookmark: _Toc226811658]  Problem Definition
Current IT project management suffers from a significant “Visibility Gap”, where managers must rely on subjective self-reporting to understand team well-being and progress. This often leads to the late detection of critical human-capital risks like exhaustion or team friction, which only become apparent after project milestones are missed. 

While modern offices environments are equipped with imaging capabilities, there is a lack of automated AI systems that can translate the individual image frames into actionable managerial data. 

This research addresses the need for an image-based diagnostic tool that provides objective, evidence-based feedback on team states, without the heavy computational requirements of traditional video- based analysis.

1.3 [bookmark: _Toc226811659]  Thesis Objectives
· To develop an automated pipeline for identifying team behavioral states and workplace interactions.

· To create an assessment module that quantifies team emotional states, specifically focusing on engagement and stress levels.

· To design a Risk Scoring Algorithm that correlates behavioral snapshots with project performance indicators to forecast potential bottlenecks.

· To evaluate the framework’s predictive accuracy and reliability using high resolution image datasets (such as AffectNet and extracted frames from DAiSEE), focusing on classification precision and inference speed.


1.4 [bookmark: _Toc226811660]  Thesis Contribution
This research offers a dual-layered contribution to the fields of applied AI and Project Management:

· Technical Contribution:
The design of a multi-stage analysis pipeline that categorizes team “States” (for example: Focus, stress, or collaboration) from environmental snapshots.

· Managerial Contribution:
Providing a blueprint for an “Evidence-Based PMO” that identifies human-centric risks through objective data, reducing reliance on biased self-reporting.

1.5 [bookmark: _Toc226811661]  Thesis Organization
The structure of this research is designed to provide a logical progression from theoretical concepts to technical implementation:

· Chapter 2: 
Discusses the theoretical background and relevant research areas.

· Chapter 3: 
Presents the proposed methodology “the technical architecture of the framework”.

· Chapter 4: 
Analyze the experimental results.

· Chapter 5: 
Concludes the study and suggests directions for future work.



2. [bookmark: _Toc226811662]Chapter 2 Background and Related Work 
2.1 [bookmark: _Toc226811663]Background
2.1.1 Introduction to Facial Expression Recognition (FER):

Facial Expression Recognition (FER) is a specialized branch of affective computing and computer vision that aims to bridge the gap between human emotion and machine perception. While early research focused on simple classifications like happiness or anger, modern applications have expanded toward identifying complex mental states such as frustration, burnout, and cognitive stress, states that are critical for mental health monitoring and workplace wellness [6,7].
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Figure4: Recognizing human facial expressions with machine learning – Thoughtworks

The primary hurdle in FER is that emotions are not just internal feelings; they are expressed through non-rigid, physical changes in the face that vary wildly between different people and cultures [8]. In a laboratory, this is easy to track. However, in “in-the-wild” settings like an active IT Project Management Office (PMO), factors such as dim lighting, face masks, or a person simply turning their head can confuse a standard model [9]. The evolution of the field can be seen through three major shifts: from manual feature-counting to deep learning, and finally to the current era of Attention and Transformer models that can understand the context of an entire face at once.


2.1.2 Machine Learning (ML) vs. Deep Learning:

To understand the architecture of this research, it is essential to distinguish between the various tiers of Artificial Intelligence (AI). While the terms are often used interchangeably, they present different levels of computational complexity and autonomy.
Machine Learning (ML): Machine Learning is a subset of AI that focuses on the use of data and algorithms to imitate the way humans learn, gradually improving its accuracy. In traditional ML, a human expert must perform “Feature Extraction”. For instance, to identify an emotion, a researcher must manually tell the system to look for the width of a mouth or the height of an eyebrow. The system then applies mathematical models (like Support Vector Machines or Random Forests) to classify that data.
Deep Learning (DL): Deep Learning is a specialized evolution of Machine learning based on Artificial Neural Networks with multiple layers. The fundamental difference lies in how data is processed. Deep Learning eliminates the need for manual feature extraction. the network automatically discovers the “features” it needs recognize an emotion directly from the raw pixels of an image.

[image: AI vs ML vs DL (AI vs Machine Learning vs Deep Learning | Edureka, 2020)]
Figure5: AI vs ML vs DL (AI vs Machine Learning vs Deep Learning
By: Prajwal Shrestha





2.1.3 Foundational Techniques: From Manual to Automatic:

The ERA of Handcrafted Features:
Before the rise of Deep Learning, researchers had to manually tell the computer what to look for. This was done through Geometric Methods, which tracked the distance between specific landmarks like the eyes or jawline [10]. To standardize this process, they used the Facial Action Coding system (FACS) to map muscle movements to specific “Action Units” (Aus) [11]. As illustrated in the below figure, an emotion isn’t just a label like “happiness”; it is a combination of atomic muscle actions, such as AU12 (Lip Corner Pull) for a smile.
[image: ]

Figure 6: Visualization of representative Facial Action Units (AUs) and their corresponding muscle movements from the Facial Action Coding System (FACS)

Alternatively, Appearance- Based Methods looked at the “texture” of the skin. Tools like Histogram of Oriented Gradients (HOG) and Local Binary Patterns (LBP) were used to identify the shadows and lines created by a smile or frown [12, 13]. While these methods were fast and easy to understand, they often failed in real-world offices because they couldn’t handle the “noise” of bad lighting or low-resolution webcams [14].
[image: Histograms Of Oriented Gradients (1) – Emotion Recognition]
 Figure 7: Histograms Of Oriented Gradients – by: Navneet Dalal et al. (2005)
The Deep Learning Revolution:
Everything changed with Convolutional Neural Networks (CNNs). Instead of a human programmer defining what a “smile” looks like, CNNs learn these patterns directly from massive amounts of image data. They work by using “Convolutional Layers” to spot small details like edges, which deeper layers then combine into complex features like a furrowed brow [15]. By using Activation Functions like ReLU to handle complex data and Pooling Layers to simplify the images, CNNs became the new standard for emotional AI [16].

[image: Fig. 9]

Figure 8: CNN-based pipeline for facial emotion recognition
By: revolutionizing facial emotion recognition: in-depth analysis of cutting-edge models, methodologies, and datasets

2.1.4 Modern Architectures for Real-World FER:

Residual Learning (ResNet)
As researchers tried to make these networks deeper to catch subtle emotions, they face a serious issue: the “vanishing gradient” problem, where the AI stops learning because the network is too deep. ResNet solved this by using skip connections, allowing information to “jump” over layers. This made it possible to train very powerful models like ResNet-50, which is now a foundational tool for extracting facial features in this research [17,18].
[image: ]
Figure 9: Residual Networks (ResNet) - Deep Learning – GeeksforGeeks

Efficiency and Edge Computing:

Because a PMO dashboard needs to run in real-time without a massive supercomputer, efficiency is vital. Models like EfficientNet use “compound scaling” to get the most out of limited hardware [19], while GhostNet uses “Ghost modules” to create high-quality feature maps more cheaply [20]. These innovations make it possible to monitor team wellness on standard office laptop without lagging. Figure 10: Ghostformer: A GhostNet-Based Two-Stage Transformer for Small Object Detection





Attention and Transformers:

The newest leap in FER is the move toward Attention Mechanisms and Vision Transformers (ViT). Instead of looking at every pixel with equal importance, Attention allows the AI to focus on the most telling parts of the face like the eyes, while ignoring distractions like a face mask or hand [21, 22]. Unlike traditional CNNs, Transformers evaluate the “global context”, meaning they can understand how a slight change in the forehead relates to a shift in the mouth, leading to much higher accuracy in difficult conditions [23, 24].Figure 11: Architecture of the base vision-transformer model
By: Sukhrob Bobojanov et al. (2023)






Graph-Based Insights and YOLOv8:

Finally, Graph-Based Methods treat the face as a web of connected points. By using detectors like YOLOv8 to pinpoint these landmarks, the system can create a spatial graph that is incredibly resistant to changes in head pose [25 ,26]. This is a core part of the proposed thesis work, as it allows for stable emotional tracking even when an employee is moving around or working at different angels.

Figure 12: Facial Landmark-Based Emotion Recognition via Directed Graph Neural Network - Quang Tran Ngoc et al., 2020
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2.2 Related Work
A common challenge in the field of computer vision is teaching a machine to “read” human emotions. While this has been studied for years, applying it to real-world tasks like monitoring workplace wellness or mental health remains difficult. In an average office, a system must deal with challenging light, different head angels, and the fact that every person has a unique facial structure. To tackle these problems, researchers have developed a variety of Deep Learning models that try to balance high accuracy with the speed needed to run on standard hardware.

This section evaluates the core techniques that form the backbone of modern Facial Expression Recognition (FER) systems. The studies are organized by the specific “AI architectures” hey use, such as Residual Networks, Transfer Learning, and Attention Mechanisms. For each study, the focus is on what the model does well and where it falls short. Special attention is given to the problems that remain unsolved, catching very subtle emotional shifts, maintaining accuracy over a continuous video stream and the “Black Box” problem where it is unclear why the AI mad3 a specific choice. By analyzing these technical milestones, it becomes clear where current technology ends and where the specific contributions of this thesis begin.

Mollahosseini et al. developed the “AffectNet” database to establish a foundational resource for evaluating emotional valence in unconstrained settings. By utilizing Deep learning and training “Deep Residual Neural Networks (ResNet)” on over 440,000 images, they achieved a test accuracy of 58%. The strength of this work is its demonstration that large-scale data diversity is vital for mitigating individual facial variations. However, a significant limitation is the model’s struggle with arousal intensity, which creates a gap in distinguishing between mild employee frustration and high-risk burnout, a distinction for PMO dashboards [27].

Almeida et al. utilized Deep Learning and Computer Vision via Transfer Learning (using a VGG16 backbone) to detect workplace stress within the affectNet dataset. By identifying micro-expressions associated with cognitive load in software developers. Their results indicated 72% prediction accuracy. the strength of this approach is its ability to quantify “invisible” stress that manual reporting misses. A noted limitation was the high sensitivity of the model; it occasionally flagged intense concentration as “stress”, which could lead to unnecessary managerial intervention without secondary verification [28].

Behera et al. implemented a “Multi-Modal Deep Learning” approach to predict “Team Flow” states by utilizing a combination of the AffectNet and DaiSee datasets. This framework proved that visual cues are highly correlated with productive team dynamics, reaching an F1 score of 78%. Their method’s strength was in its real-time capability and low latency. However, a limitation of performance degraded when tested with lower-resolution frames, suggesting that for a practical PMO framework, the system must be robust against varied office camera qualities [29].


Li et al. utilized Deep Learning to train a “Deep Metric Learning” Model on the AffectNet dataset, designed to recognize expressions despite facial occlusions. This approach achieved an accuracy of 64.2, proving that emotional states can be successfully “inferred” even when the lower face is hidden, the high precision under occlusion is a major strength for modern office settings where employees may wear masks or glasses. However, the researchers noted the model’s “Black Box” nature as a limitation, which emphasizes the importance of the Explainable AI (XAI) approach to ensure managerial trust [30].

Ryumina et al. conducted a large-scale Computer Vision study to develop a robust Deep Learning model based on the ResNet-50 architecture pre-trained on VGGFace2. Utilizing the AffectNet dataset for fine-tuning, they applied label smoothing techniques to manage the “in-the-wild” noise data, the reached a validation accuracy of 66.4%. The strength of this work is its high generalizability across different datasets. However, a limitation is its reliance on static image features, which does not capture temporal evolution of stress in a continuous video stream which lead us to the importance of using YOLOv8 posture analysis [31].

Mao et al. introduced POSTER++, a high efficiency framework utilizing a “Window-based Cross-Attention (W-SCAM)” mechanism to handle the AffectNet dataset, this technique achieved high performance with lower costs (8.4G FLOPs) and attained 67.49% accuracy for 7-classes tasks. The strength of this work is its multi-scale feature extraction, which handles various head poses. However, a limitation remains the “Class Imbalance” effect within the dataset, where performance dips on minority classes like “Disgust”, which lead us to the importance of providing more focused special context [32]. 

Wang, J. proposed the “Attention-Enhanced Multi-Layer Transformer (AEMT)”, a Deep Learning model to mitigate the effects of motion blur and occlusions in the AffectNet dataset, the model integrates a dual-branch CNN with an Attentional Selective Fusion (ASF) module to achieve 71.23% accuracy. The strength of this work is the Multi-Layer Transformer Encoder (MTE), which models long-range dependencies. However, a noted limitation is the heavy computational load, which requires a high GPU resources for real-time office deployment [33].

Heidari et al. presented a Machine Learning mechanism to diversify features in deep learning layers for “in-the-wild” recognition using the AffectNet dataset. The strength is that the proposed approach reduced feature redundancy, forcing the network to learn a broader range of emotional cues. While it achieved 60.02% accuracy. However, a limitation is the lower performance variance between high resolution and low-resolution datasets, highlighting the ongoing difficulty of applying diversity-driven learning noisy, real world IT settings [34].

Roy et al. proposed ResEmoteNet, a Deep Learning architecture utilizing Residual blocks and Squeeze-and-Excitation (SE) blocks on the affectNet-7 dataset. This technique allows the model to focus on informative facial features while suppressing background noise, reaching 72.39% accuracy. However, a noted limitation is its reliance on the quality of initial feature extraction; if the face is poorly localized, the Squeeze-and Excitation (SE) block may amplify noise [35]. 

Wang et al. optimized real-time Computer Vision by leveraging EfficientNet-B0 through Transfer Learning to optimize the balance between speed and precision. Achieving 65% accuracy on the AffectNet dataset. The strength of this study is its suitability for real-time monitoring on standard hardware. However, a limitation is the model’s high “Confusion Rate” between “Frustration” and “Neutral” states, which could lead to false alarms in a PMO environment [36].

Yousafzai et al. introduced a Multi-scale Simplicial Transformer combined with Graph Attention Networks (GAT) to process the AffectNet dataset. This Computer Vision framework employs YOLOV8 to generate spatial graphs of facial features, which are then processed by a Deep Learning transformer. Achieving 81.84% accuracy, the strength is the model’s extreme robustness against varying poses. However, a significant limitation is the high mathematical complexity, which increases the difficulty fine-tuning for real-time applications without specialized hardware [37]. 

Ahmad et al. proposed a Deep Learning framework based on Convolutional Neural Networks (CNN) to perform recognition on the AffectNet dataset in mobile and unconstrained environments. Utilizing the Computer Vision pre-processing like greyscale conversion and scaling, they achieved 60.00% accuracy. The strength of this work is its practical integration for live monitoring. A noted limitation was that the model was struggled to differentiate between subtle emotions like “Fear” and “Neutral” [38].

Zhou et al. introduced the Quaternion Wavelet Transformer (QWTR), which is a Deep Learning technique to handle extreme lighting variations in the AffectNet dataset, by using Quaternion mathematics in the Computer Vision pipeline, they reached 68.37% accuracy. The strength is mathematical robustness against shadows and artificial yellow lighting. The limitation is the implementation complexity; it is difficult to integrate into standard, non-specialized Python software stacks [39].  

Maghari et al.  developed a Deep Learning framework using Vision transformers (ViT) specifically for recognizing emotions under mask occlusions on a masked version of AffectNet dataset. This approach applied Machine Learning category restructuring into five broader classes to achieve 81% accuracy. The strength of this work is the self-attention mechanism, which captures context from the eyes and forehead. However, a major limitation is the high inference time (22ms per image), which requiring dedicated GPU resources for live PMO dashboard updates [40].

Sun et al. proposed an “Enhanced GhostNet with Transformer Encoder (EGT)” model to improve the robustness of emotion recognition. Within the domain of Deep Learning, this study integrated GhostNet’s efficient feature extraction with a Transformer Encoder to capture global context, alongside a dual-attention mechanism. The results demonstrated an accuracy of 85.7% on AffectNet Dataset. The strength of this model is its balance of high accuracy and computational efficiency, making it highly suitable for real-time monitoring. However, a limitation is that the model’s performance on very subtle or “micro” expressions still requires further refinement in high stakes mental health or high-pressure office settings [41].
[bookmark: _Toc226811665]

2.3 Related Work Comparison:
To show the background of the proposed framework, table 1 compares fifteen important studies that use the AffectNet dataset. This analysis shows how technology has moved from early models, like ResNet version by Mollahosseini et al. (2017), to today’s more advanced systems. Recent work, such as the transformers used by Yousafzai et al. (2025) and GhostNet by Sun et al. (2025), proves that combining modern techniques can reach accuracy levels over 80%. These results support the choice of YOLOv8 and Vision Transformers (ViT) for this research, as they provide the best balance of speed and accuracy for real time office dashboard.

Table1: Comparative Analysis of State-of-the-Art Facial Expression Recognition (FER) Models on the AffectNet Dataset.
	
	Authors
	Year
	Dataset
	Techniques
	Accuracy

	1
	Mollahosseini et al.
	2017
	AffectNet
	ResNet
	58.00%

	2
	Almeida et al.
	2021
	AffectNet
	Transfer Learning (VGG16)
	72.00%

	3
	Behera et al.
	2021
	AffectNet / DAiSEE
	Multi-Modal Deep Learning
	78.00% (F1)

	4
	Li et al.
	2021
	AffectNet
	Deep Metric Learning
	64.20%

	5
	Ryumina et al.
	2022
	AffectNet
	ResNet-50
	66.4%

	6
	Mao et al.
	2023
	AffectNet
	Window-based Attention (POSTER++)
	67.49%

	7
	Wang
	2024
	AffectNet
	(AEMT (Dual-branch CNN + Transformer)
	71.23%

	8
	Heidari et al.
	2024
	AffectNet
	Feature Diversification
	60.02%

	9
	Roy et al.
	2024
	AffectNet -7
	ResEmoteNet (Residual + SE blocks)
	72.39%

	10
	Wang et al.
	2024
	AffectNet
	Transfer Learning (EfficientNet-B0)
	65.00%

	11
	Yousafzai et al.
	2025
	AffectNet
	Simplicial Transformer + GAT
	81.84%

	12
	Ahmad et al.
	2025
	AffectNet
	CNN (Mobile Optimization)
	60.00%

	13
	Zhou et al.
	2025
	AffectNet
	Quaternion Wavelet Tranformer
	68.37%

	14
	Maghari et al.
	2026
	AffectNet (Maksed)
	Vision Transformer (ViT)
	81.00%

	15
	Sun et al.
	2025
	AffectNet
	Enhanced GhostNet (EGT)
	85.70%
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