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Abstract—Psychological assessment often relies on subjective
observation and self-reporting, which can be unreliable when
patients are unable to articulate their emotional state due to
trauma or alexithymia. This paper presents TraceMind, a mul-
timodal AI system that assists clinicians by analyzing emotional
states from patient video recordings. The system combines two
independent streams: a visual stream using a ResNet-50 model
fine-tuned on RAF-DB for facial expression recognition, and an
auditory stream using a 1D Semi-CNN trained on a composite
dataset combining RAVDESS, IEMOCAP, TESS, CREMA-D,
and SAVEE. Both streams are synchronized into 3-second tem-
poral windows and combined using a Weighted Average Fusion
strategy (α = 0.6) to produce a final emotion classification. Our
experiments show that fusing both modalities improves detection
accuracy for harder emotions like Fear and Anger compared
to either stream alone. The system outputs a structured clinical
PDF report with a temporal emotion profile of the session.

Index Terms—Multimodal Emotion Recognition, ResNet-50,
1D Semi-CNN, Affective Computing, Psychological Assessment.

I. INTRODUCTION

Emotion recognition is a practical need in clinical psychol-

ogy and forensic investigation. Clinicians working with trauma

patients, PTSD cases, or forensic subjects regularly face a core

problem: patients either cannot accurately describe what they

feel, or they deliberately conceal it. Standard tools like the

Beck Depression Inventory depend on self-reporting, which

breaks down exactly when it is needed most.

Two specific failure modes motivated this work. First, pa-

tients with PTSD or severe anxiety often exhibit alexithymia—

the inability to identify and verbalize their own emotional

state—making self-reported data unreliable [1]. Second, in

forensic settings, subjects frequently engage in affective sup-

pression, maintaining a neutral expression to avoid revealing

distress [2]. Neither failure mode is detectable by observation

alone, and studies report inter-observer agreement rates among

trained clinicians as low as 60–70% [3].

Ekman’s Facial Action Coding System established that

while people can voluntarily control their facial expressions to

some extent, vocal prosody—pitch, rhythm, tone, and timbre—

is much harder to suppress consciously [4]. This creates a

meaningful signal in the gap between what a subject’s face

shows and what their voice reveals. Prior work on datasets

like IEMOCAP and CREMA-D confirms that acoustic fea-

tures alone yield 65–75% accuracy for emotion detection, but

combining them with visual features pushes that to 85%+ [5].

Existing systems largely address only one of these channels.

Tools like OpenFace and DeepFace rely entirely on facial

landmarks and fail under occlusion, poor lighting, or deliberate

masking—all common in clinical and forensic environments

[6]. They also produce raw probability scores rather than

clinically interpretable reports, which limits their practical

value to a practicing psychologist.

TraceMind was built to address these gaps. It combines

a fine-tuned ResNet-50 visual model with a 1D Semi-CNN

audio model, fusing their outputs per 3-second window across

the full session and generating a structured PDF report that a

clinician can actually use.

II. RELATED WORK

A. Facial Expression Analysis

Facial Expression Recognition (FER) has been studied

extensively in affective computing. Most systems are grounded

in Ekman’s Facial Action Coding System (FACS) [1], which

maps facial muscle movements to discrete emotional states.

Early methods used handcrafted geometric features and land-

mark detection [3], which worked well in controlled lab

settings but degraded significantly with real-world variation

in lighting and head pose.

Deep learning shifted the field toward CNNs, which learn

directly from pixel data without manual feature engineer-

ing [5]. Modern CNN-based FER systems achieve strong

benchmark numbers, but remain brittle to occlusion and pose

variation [6]. More importantly for clinical use, purely visual
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systems cannot detect emotions that a subject is actively

suppressing—they only see the face, not the voice.

B. Speech and Audio Emotion Recognition

Speech Emotion Recognition (SER) extracts emotion from

the acoustic properties of speech rather than its content.

The key features are prosodic: pitch (fundamental frequency),

energy, speech rate, and timbre, typically captured through

Mel-Frequency Cepstral Coefficients (MFCCs) [4]. Models

range from SVMs on handcrafted features to RNNs and CNNs

operating directly on MFCC sequences [5].

Text-based emotion analysis has also been explored using

NLP and transformer models like BERT [7]. However, text

analysis alone misses tonal information entirely. The phrase

“I’m fine” can signal either contentment or distress depending

completely on how it is said—a distinction that text cannot

resolve but audio can [5].

C. Multimodal Fusion and Remaining Gaps

Multimodal Emotion Recognition (MER) combines multi-

ple channels to improve robustness, particularly in cases where

one channel is unreliable. Empirical results consistently show

that fusing visual and audio features outperforms either alone,

especially in noisy or real-world conditions [5], [6].

Despite this, several practical gaps remain. Most commer-

cial systems are still unimodal and cannot detect affective

incongruence—the clinically significant case where a sub-

ject’s face and voice send contradictory emotional signals [8].

Systems that do output multimodal results typically return

raw probability vectors that are difficult for a non-technical

clinician to interpret, with no temporal structure showing

how emotion changed across a session [8]. Many proposed

systems are also computationally heavy or require specialized

hardware, making them unsuitable for routine clinical use [6].

TraceMind was designed specifically around these three

gaps: detecting affective incongruence through fusion, gener-

ating interpretable clinical reports, and remaining lightweight

enough to run on standard hardware.

III. METHODOLOGY

The TraceMind pipeline has three stages: independent fea-

ture extraction from the visual and audio streams, temporal

segmentation into 3-second windows, and decision-level fu-

sion.

A. Visual Modality: Facial Expression Recognition

The visual stream processes each video frame to extract

a facial emotion probability vector. Face detection uses a

Haar Cascade Classifier for speed. Detected face regions

are cropped, converted from BGR to RGB, and resized to

224 × 224 pixels before being passed to the classification

model.

We use ResNet-50 [9], trained in two stages. Initial training

combined FER-2013 [10] (35,887 grayscale images) with CK+

[11] (593 video sequences from 123 subjects) to establish

a general feature base and calibrate Action Unit detection.

The model was then fine-tuned on RAF-DB [12] (29,672

real-world facial images) to handle the lighting variation and

head pose shifts typical in clinical recordings. The final model

classifies each detected face into seven categories: Angry,

Disgust, Fear, Happy, Neutral, Sad, and Surprise.

B. Audio Modality: Speech Emotion Recognition

The audio stream analyzes the paralinguistic properties of

speech. Audio is extracted from the video, denoised using

spectral gating, and segmented into 3-second chunks aligned

with the visual windows. For each chunk, 40 MFCC features

are extracted at a sample rate of 22,050 Hz.

A custom 1D Semi-Convolutional Neural Network pro-

cesses the MFCC sequences. The model was trained on a

composite corpus we refer to as the Level 4 Corpus, containing

over 20,000 samples from five sources: RAVDESS [13],

IEMOCAP [14], TESS [15], CREMA-D [16], and SAVEE

[17]. These were combined to address two structural weak-

nesses common in individual SER datasets: limited sample

count and gender imbalance. TESS provides predominantly

female-speaker samples and SAVEE provides male-speaker

samples, helping to distribute the training set more evenly

across both.

C. Text Modality: Transcript Emotion Analysis

Audio from the session is transcribed using Google Speech

Recognition and passed to a pretrained transformer model

for emotion classification. We use a RoBERTa-based model

fine-tuned on emotion corpora [7], deployed as a zero-shot

classifier without additional fine-tuning on our data. The model

returns a probability distribution over the same seven emotion

classes. Because the full transcript is processed as a single

unit rather than per window, the text modality contributes a

global session-level signal rather than a frame-level one. This

is a known limitation discussed in Section V.

D. Multimodal Fusion

All three streams produce a 7-class probability vector.

Visual and audio vectors are combined per 3-second window

using a weighted average at the decision level:

Pfinal = αPv + (1− α)Pa (1)

where Pv is the visual probability vector, Pa is the au-

dio probability vector, and α = 0.6. The visual stream

is weighted slightly higher because facial expressions carry

stronger valence information in controlled conditions, while

the audio stream acts as a corrective signal in cases of affective

incongruence. The text modality applies an additional dynamic

weight adjustment: if the transcript-level emotion contradicts

the visual output, the visual weight is reduced to 0.15 and the

audio and text weights are increased accordingly.

The dominant emotion for each window is the class with the

highest fused probability. The full sequence of window-level

labels is aggregated into a session-level report with a temporal

emotion timeline.
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IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Datasets and Setup

1) Visual Datasets: The visual model was trained in two

stages. Initial training used FER-2013 (35,887 grayscale im-

ages) and CK+ (593 video sequences from 123 subjects)

to establish a general feature base and refine Action Unit

detection. The model was then fine-tuned on RAF-DB (29,672

real-world facial images) to improve performance under the

lighting and pose conditions typical in clinical recordings.
2) Audio Datasets: The audio model was trained on a com-

posite corpus we refer to as the Level 4 Corpus. RAVDESS,

IEMOCAP, and CREMA-D contribute diverse emotional in-

tensities and naturalistic speech patterns. TESS and SAVEE

were specifically included to correct the gender imbalance

present in most individual SER datasets.

B. Visual Model Performance

After initial training on FER-2013 and CK+, the ResNet-

50 baseline accuracy was approximately 65%. Fine-tuning on

RAF-DB improved this to 79%, with the most significant

gains in Fear and Surprise, which had been consistently

confused at the baseline stage.

Fig. 1. Training and validation accuracy/loss for ResNet-50 (fine-tuned on
RAF-DB).

Fig. 2. Confusion matrix for the visual model evaluated on RAF-DB test set.

Table I shows the per-class performance. Happy achieves

the highest F1-score (0.90), reflecting its large support in the

dataset (1185 samples). Disgust is the weakest class (F1: 0.44),

which we attribute to its visual similarity to Angry and Fear—

a known challenge in FER literature that is partially corrected

by the audio stream during fusion.

TABLE I
PERFORMANCE METRICS: VISUAL MODALITY (RESNET-50)

Class Precision Recall F1-Score Support

Anger 0.67 0.69 0.68 162
Disgust 0.57 0.36 0.44 160
Fear 0.59 0.49 0.53 74
Happy 0.91 0.90 0.90 1185
Neutral 0.74 0.74 0.74 680
Sad 0.70 0.81 0.75 478
Surprise 0.76 0.77 0.76 329

Accuracy 0.79 3068
Macro Avg 0.70 0.68 0.69 3068
Weighted Avg 0.79 0.79 0.78 3068

C. Audio Model Performance

The 1D Semi-CNN achieved 80% overall accuracy on 
the held-out test set. Class weighting during training helped 
address the imbalance in Fear and Disgust samples. Fear in 
particular performs well at the audio level—precision 0.94, F1-

score 0.90—which is noteworthy given how poorly it performs 
in the visual stream (F1: 0.53). This asymmetry directly 
motivates the fusion approach: Fear is better detected through 
voice than face.

Fig. 3. Training and validation accuracy/loss for the 1D Semi-CNN.
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Fig. 4. Confusion matrix for the audio model on the Level 4 Corpus test set.

TABLE II
PERFORMANCE METRICS: AUDIO MODALITY (1D SEMI-CNN)

Class Precision Recall F1-Score Support

Angry 0.86 0.83 0.84 391
Disgust 0.71 0.77 0.74 366
Fear 0.94 0.86 0.90 128
Happy 0.79 0.80 0.80 385
Neutral 0.84 0.79 0.81 348
Sad 0.75 0.76 0.76 364
Surprise 0.92 0.99 0.95 101

Accuracy 0.80 2083
Macro Avg 0.83 0.83 0.83 2083
Weighted Avg 0.81 0.80 0.80 2083

D. Multimodal Fusion Analysis

The weighted average fusion (α = 0.6) was evaluated

qualitatively on video samples not used during training. The

most informative test cases were those involving affective

incongruence—where the face and voice disagreed.

In one representative case, a subject maintained a neutral

facial expression throughout while their vocal tone indicated

anger. The visual-only model classified the segment as Neutral

(correct face read, wrong emotional conclusion). The fused

model correctly returned Angry, demonstrating that the audio

stream successfully overrode an incomplete visual signal.

This behavior is consistent with the per-class accuracy gap

between modalities: Fear and Disgust are weakly detected

visually but strongly detected by audio. The fusion weights

were chosen to allow the audio stream enough influence to

correct these cases without overriding the face when both

channels agree.

E. System Interface and Clinical Deployment

TraceMind is deployed as a full-stack mobile application

with a Flutter frontend and a Flask REST API backend hosted

on Hugging Face Spaces. The interface is designed specifically

Fig. 5. Patient list screen showing
TraceMind IDs and diagnosed condi-
tions.

Fig. 6. Patient detail screen showing
session history with dominant emo-
tion and confidence per session.

for psychologists, not technical users—every screen reflects

a clinical workflow rather than a developer tool. Figure 5

shows the patient management screen, where each patient is

assigned a unique TraceMind ID (e.g., TM-2025-12-0001)

alongside their diagnosed condition. This structured record

system allows a clinician to track emotional profiles across

multiple sessions over time.

Figure 6 shows the per-patient session history. Each com-

pleted analysis is recorded with a date, dominant emotion,

and confidence score, allowing a clinician to observe how a

patient’s emotional state changes across sessions—a longitu-

dinal view not available in single-point assessment tools.

The core clinical output is the session report, shown in Fig-

ures 7 and 8. The report has three components: an Executive

Summary with the dominant emotion and a plain-language

description, an Emotional Distribution bar chart showing the

percentage breakdown across all seven emotion categories, and

a Temporal Analysis table showing the per-window emotion

and confidence score at 3-second intervals. This temporal

breakdown is the primary differentiator from existing tools—it

shows not just what the patient felt overall, but when during

the session each emotional state occurred.

The dashboard (Figure 9) provides the clinician with a

session-level overview: total patient count and reports ready,

followed by a recent activity log showing all completed

analyses with their dominant emotion and confidence. This

gives a practicing psychologist an at-a-glance view of their

caseload without navigating into individual patient records.
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Fig. 7. Clinical report: Executive
Summary and Emotional Distribu-
tion showing 57.9% Neutral domi-
nant state.

Fig. 8. Clinical report: Temporal
Analysis showing per-window emo-
tion labels and confidence scores at
3-second intervals.

Fig. 9. Dashboard showing total patients, reports ready, and recent analysis
activity with per-session dominant emotion.

V. CONCLUSION

TraceMind demonstrates that combining facial and audio

emotion signals gives meaningfully better results than either

alone, particularly for the emotion categories most relevant to

clinical use—Fear and Anger. The visual ResNet-50 reached

79% accuracy after progressive fine-tuning on RAF-DB, and

the audio 1D Semi-CNN reached 80% on the Level 4 Corpus.

More importantly, the fusion step corrected cases that either

model alone got wrong, including instances where a patient

masked their facial expression while their vocal prosody

remained revealing.

The clinical PDF output addresses a gap we observed in ex-

isting tools: most produce raw scores that are not interpretable

without technical background. The temporal report generated

by TraceMind gives a psychologist a readable session-level

summary with per-window emotion labels.

There are clear limitations. The current text modality is not

time-aligned to video windows—the full transcript is analyzed

as a single unit. Incorporating word-level timestamps from

a speech recognizer would allow text emotion to be fused

per segment rather than globally. Real-time operation is also

not yet supported; the current pipeline processes recordings

offline. Both are targets for the next development phase.
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