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Abstract
The proposed method addresses the growing complexity of 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.  








Chapter 1: Introduction and Overview 
1.1 Overview	................................................................................................... 1
1.2 Problem Definition ................................................................................... 2 
1.3 Thesis Objectives ..................................................................................... 3 
1.4 Thesis Contribution .................................................................................. 4 
1.5 Thesis Organization................................................................................... 5 
 



Chapter 1 Introduction 
1.1 Overview
The primary goal of this research is to establish a data-driven system for predicting performance risks by monitoring team dynamics in IT environments.

Historically, the assessment of project health has been restricted to lagging indicators that only record what has already happened, such as budget variance and schedule delays and completed milestones. As noted by [Holzmann, V., 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.

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, A. M., 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.
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 will propose a transition from subjective logs to objective, image based behavioral states. By translating static workspace snapshots into actionable data, we seek to provide a diagnostic tool that identifies human-centric risks before they appear as technical failure or project overruns.


1.2 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 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 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 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.



Chapter 2 Background and Related Work 
[Gupta, A., et al., 2016] [1] introduced the DAiSEE dataset, the first large-scale multi-label dataset specifically designed for recognizing affective states like engagement, boredom, and confusion in unconstrained environments. They conducted baseline experiments using Inception-Net and VGG-16 architectures to classify these four levels of engagement. Their results demonstrated that while basic models could identify extremes like high engagement, they struggled with subtle levels of confusion and boredom. The strength of their work was the creation of a benchmark for the academic community. However, their initial accuracy was relatively low (around 58%), suggesting that more advanced feature-extraction is required for professional environments.

[Mollahosseini, A., et al. 2017] [2] developed the affectNet dataset to improve the classification of facial expressions and emotional valence in real-world scenarios. By training Deep Residual Neural Networks (ResNet) on over 440,000 manually annotated images, they achieved a test accuracy of 58% for categorical emotions, through performance exceeded 60% for primary expressions like “Happy” or “Surprise”. Their result showed that massive data scale is essential for reducing the noise of individual facial differences. The high diversity of the dataset was the good point of their method, but the model struggled with “arousal” detection, meaning it could tell if someone was sad, but not how intense that sadness was. For project management, this limitation makes it difficult to distinguish between mild annoyance and a high-risk burnout status.

[Kaur, M., et al., 2018] [3] utilized the DaiSee dataset to explore engagement recognition by focusing on facial features in unconstrained environments. They proposed a deep learning approach using “Focal Loss” to categorize engagement into four levels, reaching an accuracy of approximately 57%. Their research highlighted that “engagement” is not a single state but a spectrum of behaviors. A major strength of their method was the ability to handle variations in lighting and head poses common in office settings. However, the study faced issues with class imbalance within the dataset, leading to a model that was better at predicting “engagement” than “boredom”, which could lead to false positive in a project management context where detecting disengagement is the priority.

[Luo, Z., et al., 2022] [4] worked with the DAiSEE dataset to implement a spatial-Temporal attention mechanism for engagement detection. By focusing on specific regions of the face, such as the eyes and mouth, they managed to increase classification accuracy to 63.5%. This result proved that certain facial regions are more “honest” indicators of mental effort than others. The good point of their method was reduction in computational overhead by only analyzing key facial features. However, the research was limited to a single-person view, which presents a challenge when trying to generalize the results to a team-based IT office where multiple people interact simultaneously in a single frame.

[Almeida, J., and Rodrigues, F., 2021] [5] utilized the AffectNet dataset and Transfer Learning (using VGG16) to detect workplace stress among software developers using image-based classification. They utilized pre-trained models to identify signs of cognitive load through facial micro-expressions. Their results indicated that stress could be predicted with 72% accuracy during intense coding sessions. This high accuracy was major strength, showing that AI can indeed pick up on “hidden” developer stress that manual reporting misses. A significant weakness was the high sensitivity of the model; it occasionally flagged intense concentration as “stress”, which could lead to unnecessary managerial intervention if used without a secondary verification step.

[Terven, J., and Cordova-Esparza, D., 2023][6] conducted a technical evaluation of YOLOv8’s ability to provide spatial context for affective datasets like DAiSEE. They demonstrated that using YOLOv8 for human detection and posture cropping before emotion analysis leads to a mean Average Precision (mAP) of 53.9% on standard benchmarks, which is higher than previous YOLO iterations. The strength of this review was proving that YOLOV8 can affectively isolate team members in cluttered IT offices. However, a weakness noted was that the model’s accuracy in identifying subtle posture shifts dropped in low-light conditions, a gap your research aims to bridge by combining Posture with facial data.

[Vazquez, M., et al., 2023] [7] performed a comparative study using the DAiSEE dataset to evaluate how camera distance impact automated engagement scoring. Their results showed that CNN-based accuracy drops by approximately 15% (from 62% down to 47%) when the subject is beyond two meters. The strength of this work was providing realistic “Physical Constraints” for sensor placement in open-plan offices. The issue they faced was occlusion where a monitor or hand covers the face, which highlights why the method’s use of YOLO based body tracking is necessary to maintain data continuity when facial features are hidden.

[Behera, A., et al., 2021][8] utilized a combination of AffectNet and DAiSEE datasets to predict “Team Flow” states using a Multi Modal Affective Computing approach. They reached a strong F1 score of 78%, proving that visual cues from both datasets are highly correlated with productive team dynamics. Their method was praised for its real-time capability and low latency. However, a notable drawback was that the performance degraded when tested with lower-resolution frames, suggesting that for your framework to be practical, it must be robust against varied office camera qualities.

[Li, H., et al., 2021][9] utilized the AffectNet dataset to train a Deep Metric Learning model designed to recognize expressions despite facial occlusions. They achieved an accuracy of 64.2% proving that the model could “infer” emotions from partial facial data. This high level of precision was a major strength for real-world office use where employees often wear glasses or masks. However, the authors noted that the model’s “Black Box” nature made it difficult for users to understand which features triggered a stress alert, reinforcing your need for an Explainable AI (XAI) approach.

[Savva, A., et al., 2022][10] worked with the DAiSEE dataset to implement a Multitask Learning (MTL) framework that predicts engagement and frustration simultaneously. They reached an accuracy of 61.8%, showing that these two states are biologically linked. The good point of their method was the efficiency of training one model for two outcomes. However, the study highlighted that the model often confused “deep concertation” with “frustration”, a significant weakness that could lead to false alarms in a project management context without secondary posture verification. 
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