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Abstract:

The performance and accuracy of the emotion detection system heavily rely on how well face image segmentation and
preprocessing are done. This paper proposes FIREMAP, a Facial Image Refinement and Emotion Mapping Architecture,
an integrated framework that overcomes the limitations of some of the conventional segmentation methods such as
Watershed and K-Means. FIREMAP unifies multi-stage denoising, adaptive illumination correction, and boundary-
preserving segmentation to extract fine facial features from input images under non-standard lighting conditions with
added noise. Experimental results are provided using ten different facial samples; FIREMAP outperforms all other key
metrics and yields the best performance: 96.72% sensitivity, 95.25% specificity, 93.45% Jaccard coefficient, Dice
coefficient of 95.83%, and 95.55% accuracy. It has outperformed conventional algorithms by a large margin. These
results confirm that FIREMAP outperforms FIRE in terms of robustness, structural consistency, and feature integrity
and allow for efficient preprocessing of facial images in real-world customer service environments for emotion
recognition applications.

Keywords: FIREMAP, Facial Segmentation, Emotion Detection, Image Preprocessing, Sensitivity, Specificity, Dice
Coefficient, Jaccard Index, Accuracy, Customer Service AL

— A
1. Introduction

Facial emotion recognition is, therefore, considered a cornerstone of next-generation customer-service
systems, in which artificial intelligence-driven agents analyze the customer's affective state to personalize
interactions and improve satisfaction [1]. In real-world deployments, such as help desk kiosks, call-center
monitoring, and virtual-assistant platforms, visual quality due to illumination and other environmental
factors often compromises the quality of captured facial images with strong variation, motion blur,
background clutter, and occlusion [2]. Deep-learning models, reliant on clear structural cues from facial
regions to infer subtle emotional expressions, have performance degraded by these artifacts [3].

Such degradations are overcome with the inclusion of image preprocessing and denoising frameworks
comprising bilateral filtering, CLAHE-based contrast equalization, and Retinex illumination correction
[4][5]. For example, an effective preprocessing pipeline was established within the previously developed
FIRASS, able to provide noise-free and contrast-enhanced facial images for subsequent analysis. Even after
such refinement, the most critical challenge certainly involves the accurate segmentation and mapping of
emotion-specific regions, such as eyes, brows, mouth, and nose, in order to isolate the most expressive
components of the face naturally [6]. Conventional segmentation networks such as U-Net, DeepLab v3+,
and Mask R-CNN have demonstrated excellent performance related to structure but are rather limited in
the light of fusion of such regions in an emotion-aware way and their contextual interpretation [7][8].

To overcome these deficiencies, this study proposes a two-stage segmentation and mapping framework,
namely FIREMAP, that bridges refined image preprocessing with emotion-region interpretation. FIREMAP
integrates landmark-guided alignment, multi-scale fusion segmentation, and CRF boundary refinement in
order to delineate fine facial structures. It further builds an EMM that adaptively weighs regions based on
emotional salience, thereby amplifying the downstream classifier's attention toward expression-rich areas.
By combining structural precision with contextual weighting, FIREMAP aims to provide a robust noise-
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resilient and illumination-invariant representation of facial expressions for customer service analytics in

real time.

The main contributions of this work are threefold:

1. Designing a unified segmentation and mapping architecture that allows for the integration of FIRASS-
enhanced inputs with multi-stage fusion strategies.

2. Development of emotion-sensible region-weighting model that gives precedence to highly expressive
facial components.

3. Extensive evaluation of FIREMAP using standard segmentation and emotion-recognition metrics
shows enhanced interpretability and robustness compared to state-of-the-art approaches [9][10].

2. Review of Existing Segmentation Methods

Recent advances in facial image segmentation have significantly improved the precision of emotion-driven
systems, yet challenges related to occlusion, illumination variation, and fine boundary preservation persist.
Researchers continue to refine both CNN- and transformer-based segmentation architectures to achieve
accurate partitioning of emotion-relevant facial regions such as the eyes, brows, and mouth.

Narayan et al. (2024) [11] developed the SegFace framework, a transformer-based face parsing model
designed to tackle long-tail classes in facial segmentation datasets. Unlike conventional convolutional
models that underperform for rare components such as glasses or earrings, SegFace uses class-balanced
attention fusion and transformer self-context modules to achieve an F1l-score of 88.96 % on the
CelebAMask-HQ dataset. This study demonstrated that context-aware self-attention can substantially
improve recognition of under-represented features critical for emotion interpretation.

Han et al. (2024) [12] proposed a self-attention and self-distillation-driven network for real-world face
parsing under occluded and low-illumination scenarios. Their dual-stream architecture fuses hierarchical
attention refinement with feature distillation; this allows the network to better preserve subtle emotion
regions even in cases when masks or other fashion accessories occlude the face. Indeed, this approach
outperformed previous U-Net derivatives by producing superior boundary consistency and being more
robust to shadows.

Yoon et al. (2023) [13] performed a morphological feature segmentation of facial skin imagery with the
intention of extracting small-scale texture features, including wrinkles, fine lines, and clusters of pores that
are often implicated in perceived emotional states. Their model combined positional encoding into a multi-
attention CNN, enhancing the boundary sensitivity of this network but ensuring that the transition between
the regions was smooth. This work was specifically oriented toward dermatological imagery, but it gave an
excellent example of attention-driven morphological segmentation for the enhancement of fine-structure
mapping in emotion analysis.

Zeng et al. developed, in 2025, an enhanced variant of DeepLabv3+, optimized for fine-grained semantic
understanding in face parsing. The network incorporates cross-axis attention with self-modulation
convolution layers that refine feature hierarchies between the encoder and decoder stages. Experimental
results showed more than 90% mloU on several benchmark datasets, outperforming the baseline DeepLab
and U-Net architectures, especially in boundary delineation and occlusion recovery.

In this direction, Han and Yoon (2024) [15] investigated real-world face parsing by synergizing self-
attention and self-distillation. Their approach enhances contextual feature representation through self-
attention while employing self-distillation to improve the robustness of face parsing, particularly for small
and thin facial components and regions affected by occlusion. The study addresses challenging real-world
conditions involving masks, glasses, caps, hands, and other forms of partial facial occlusion, demonstrating
the importance of contextual representation and knowledge transfer for reliable facial parsing.

Li et al. (2023) [16] proposed Mask-FPAN, a semi-supervised face-parsing framework designed for
challenging unconstrained facial images with occlusion and pose variations. The framework integrates de-
occlusion, facial landmarks, head-pose information, a 3D morphable face model, and a UV-GAN-based
component to improve the recovery and parsing of occluded facial regions. The method demonstrates the
potential of combining geometric facial priors with generative learning for improving face-parsing
performance under difficult real-world conditions.

Narayan et al. (2025) [17] introduced FaceXFormer, a unified Transformer-based framework for multiple
facial-analysis tasks, including face parsing. The architecture employs a unified Transformer encoder-
decoder together with task-specific learnable tokens and a parameter-efficient facial-analysis decoder. By
sharing representations across different facial-analysis tasks, the framework provides a unified solution
for facial understanding while maintaining computational efficiency. Its evaluation on face-parsing
benchmarks such as CelebAMask-HQ demonstrates the applicability of Transformer-based unified
architectures to detailed facial-region segmentation.
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Wang etal. (2024) [18] proposed a multi-task framework for face parsing and facial-expression recognition
with an emphasis on real-time processing. The method incorporates inter-task consistency learning
together with edge-perceiving and graph-based feature-processing components to improve facial-region
boundaries and semantic representation. By jointly learning face parsing and facial-expression recognition,
the framework exploits complementary information between the two tasks and achieves real-time
inference performance, making the approach relevant to applications requiring efficient facial analysis.
Although these methods have achieved noticeable improvements, most of the frameworks proposed so far
are structure-centric rather than emotion-aware; most of the current segmentation methods focus on pixel-
wise accuracy while completely ignoring the emotional salience of the segmented regions. Besides, the
existing methods do not involve robustness in noisy or occluded customer-service scenarios with dynamic
variations of facial cues. This paper proposes a FIREMAP that encompasses refinement, segmentation, and
emotion-specific weighting in an integrated architecture for precise region mapping with emotionally
expressive area emphasis, thus ensuring better recognition accuracy. Table 1 shows the comparison.

Table 1: Review of the existing methods

Author & | Method / Approach Dataset(s) Used Key Features / Limitations
Year Contributions
[Ref]
Narayan SegFace CelebAMask-HQ Handles long-tail High
etal. (Transformer- classes (glasses, hats); | computational
(2024) Based Face employs self-context cost; limited
[11] Parsing) transformer fusion; real-time
improved F1 = 88.96 performance
%
Han et al. Self-Attention & Real-world face Combines Requires large-
(2024) Self-Distillation parsing datasets hierarchical attention scale training;
[12] Face Parsing & distillation; robust | slight overfitting
Network to occlusion and in low-light
shadow
Yoon et Attention-Based Custom facial skin Integrates positional Focused on
al. (2023) Morphological dataset encoding & attention dermatological
[13] Segmentation for micro-level imagery, not
texture segmentation emotion
mapping
Zeng et FP-DeepLab CelebAMask-HQ, LaPa | Introduces cross-axis | Over-smoothing
al. (2025) (DeepLabv3+ attention & self- in low-contrast
[14] Variant) modulation areas; high
convolution; achieves | memory demand
>90 % mloU
Combines self- .
attention with self- Cha?lengmg
s . occlusions, small
distillation to improve .
Han and contextual facial
Self-Attention and . components, and
Yoon e Real-world face- representation and
Self-Distillation . complex real-
(2024) . parsing benchmarks robustness for .
Face Parsing . . world conditions
[15] small/thin facial .
can still affect
components and arsin
partially occluded p §
. performance.
regions.
Uses semi-supervised The integrated
learning with de- geometric and
occlusion, facial generative
Lietal. landmarks, head-pose components
(2023) Mask-FPAN FaceOccMask-HQ information, 3D increase model
CelebAMaskOcc-HQ .
[16] morphable face complexity;
modeling, and UV- unseen occlusion
GAN to improve face patterns remain
parsing under challenging.
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occlusion and pose
variations.
Employs a unified Multi-task
Transformer
. . Transformer
architecture with .
task-specific architecture
Narayan Multiple facial- introduces
: learnable tokens for L
etal. FaceXFormer analysis benchmarks, multiole facial- greater training
(2025) including CelebAMask- P and architectural
analysis tasks, .
[17] HQ . . complexity than
including face .
X . task-specific
parsing, providing .
; segmentation
shared representation
. networks.
learning across tasks.
Jointly performs face Joint
parsing and facial- optimization of
expression parsing and
Multi-task Face recognition using expression
Wang et Parsing and Facial inter-task consistency recognition
al. (2024) Expression CelebAMask-HQ, LaPa | learning, edge-aware | introduces task-
[18] Recognition processing, and interaction
Network graph-based feature complexity and
fusion, with emphasis | requires careful
on real-time facial multi-task
analysis. training.

2.1 Research Gap

While significant progress is achieved for both facial image segmentations and emotion recognition, there
are substantial deficiencies in the robustness and general applicability of existing methods to real-world
environments, such as customer service applications. Various current approaches include watershed, K-
Means clustering, Graph-cut, and U-Net-based deep learning segmentation models. These methods, while
improving region-level analysis, are still very sensitive to illumination, noise, and occlusion.

Traditional segmentation algorithms, like Watershed and K-Means, intrinsically rely on the features of pixel
intensity and gradient. Furthermore, with any change in lighting, these methods under- or over-segment
the regions of a face, hence losing the emotion-carrying details like subtle eye or lip movements. Inability
to adaptively tune their parameters leads to inconsistent performance across different datasets of faces
with varying environmental settings.

Though computationally efficient, filter-based methods and those based on edge detection usually fail due
to a trade-off between noise suppression and the preservation of edges. Filters such as the Median,
Bilateral, and Gabor filters work well in denoising but degrade fine boundaries, which play an important
role in the accurate segmentation of micro-expressions. Consequently, critical regions such as the brows or
mouth corners become blurred, directly influencing the performance of downstream emotion classifiers.
Whereas deep learning-based segmentation models, such as variants of FCN, SegNet, and U-Net, have
achieved superior localization accuracy, they need big datasets with manual annotations and substantial
computational resources. Furthermore, these methods generalize poorly across images containing unseen
noise patterns, low contrast, or motion-induced blur-common conditions in customer service interfaces
such as kiosks, video conferencing, and low-light camera settings. Most of these methods also consider the
preprocessing and segmentation stages as two different steps without establishing the relationship
between enhancing image quality and improving region extraction accuracy.

Another critical gap exists in terms of a unified preprocessing-segmentation framework. Most works
perform the enhancement and segmentation steps separately, with cumulative propagation of their errors
across stages. Very few architectures combine adaptive denoising, illumination correction, and multi-
region segmentation into one optimized pipeline. All too often, therefore, segmentations fail to maintain
consistency across different regions, with one region perhaps ideally segmented, such as the mouth, while
others remain ill-defined, like the eyes and nose.

Quantitative evaluation practices are also limited in the majority of existing literature. Most of the works
report either accuracy or the Dice coefficient alone without complete analysis in terms of sensitivity,
specificity, and overlap indices JC/DC for proper assessment of holistic performance across multiple facial
features.
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Therefore, there is a strong research gap in the design of a holistic, adaptive, and noise-robust facial
segmentation system to ensure coherent delineation of regions under different conditions. To address
these shortcomings, a unified pipeline scheme is introduced in this proposed FIREMAP system
incorporating multi-step denoising, adaptive enhancement of edges, normalization of illumination, and
feature-specific segmentation. Such a design addresses the gap between preprocessing and region-based
feature extraction for more reliable and accurate emotion interpretation in time-sensitive customer service
environments.

3.Proposed methodology
The proposed FIREMAP provides an advanced computational framework for improving the robustness,
accuracy, and interpretability of the facial emotion detection system in dynamic and real-world customer
service environments. It takes the enhanced outputs of FIRASS as input, which undergoes noise reduction,
illumination correction, and contrast normalization in order to provide the major artifact-free input facial
image I'(x,y). Preprocessing mainly feeds into the multi-stage segmentation-emotion mapping of the
expressive regions of the face - namely the eyes, eyebrows, nose, lip, and cheek contours - that are identified
and analyzed for the extraction of emotion-specific information.
Landmark-based face alignment is the first step in normalizing the geometry of the face across varied poses
and angles. In this regard, we shall estimate 68 keypoints, L = {(x_i, y_i)}, using a shape predictor and
perform an affine transformation A that aligns the input face I(x, y) to its canonical reference model. It gives
an aligned image [_a(x,y). These steps reduce the geometric variability and make it easier to segment the
regions consistently. Then, the aligned image is fed to a semantic segmentation module F_seg(I_a; 0),
implemented with either a deep convolutional architecture or a transformer-based one, to yield pixel-wise
class predictions by softmax probability mapping:

p_c(xy) =e*(S(xyc)) / Z ke (S(xyk)),
where S(x,y,c) denotes the feature score for class c.
This results in a set of binary region masks M_c(x,y), each representing a semantically distinct facial
component.
To enhance accuracy and boundary integrity, the system employs a hybrid loss function integrating cross-
entropy and Dice coefficient losses:

L=a[-(1/HW)Zlogp_y(xy)] +B[1- (2Zp_cy_c+¢&)/(Zp_c+ Xy_c+¢g)],
ensuring both pixel-level precision and region-level overlap consistency. Following segmentation, edge-
guided refinement preserves fine structural boundaries using gradient information derived from Sobel
operators:

E(xy) = V((Ix)"2 + (Ly)"2),
which guides boundary pixel corrections via:

M_c'(xy) = M_c(xy) + AE(x,y)[M_c(x,y) - M_c(x+8_%, y+5_y)].
The process provides crisp delineation and leads to minimum bleeding of pixels between adjacent facial
zones. The morphological operations of dilation and erosion remove the isolated noisy pixels and bridge
the segmentation gaps:

M_clean = (M_c'©B_r)®B_r,
where B_r is a structuring element with radius r.
For enhancing spatial coherence, FIREMAP includes a Conditional Random Field (CRF) for probabilistic
post-processing. The CRF energy function is minimized as:

E(y) = 2. U_i(y_i) + Z_{i<j} P_{ij}(y_i, y_j),
with pairwise potential:
P_{ij} = wly_i # y_j] exp(-(|Ip_i - pjl|* / 20_a®) - (||Li - Lj|* / 20_8%)),
where spatial and intensity features jointly enforce continuity and smooth boundaries.

After post-processing, FIREMAP extracts geometric and morphological descriptors including
area A_r=XM_r, perimeter P_r,
centroid (c_x, c_y)=(1/A_r)Z(x,y)M_r(x,y), and
circularity p_r=(4mA_r)/(P_r?) for each region.
Each region is assigned a confidence weight w_r=e”(-yo_r), where o_r represents the occlusion ratio
computed as o_r=(EZM_occ:M_r)/A_r.
The final Emotion Mapping Matrix (EMM) is constructed as a weighted aggregation of CNN-extracted
features:
F=Xrwrfr
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where f r = @(I_a®M_r;0) denotes the region-wise feature embedding.
The proposed pipeline allows FIREMAP to effectively integrate spatial refinement, illumination correction,
semantic segmentation, and emotion-weighted mapping into one uniform architecture. This allows for
precise feature location and stability of the estimation under different levels of noise, occlusions, and
lighting conditions. With this leap in preprocessing steps for emotion recognition segmentation pipelines,
the doors are now open for customer-facing applications such as automated kiosks, service robots, and
even call-center analytics.
3.1 Implementation
Segmentation using FIREMAP and its quantitative metrics prove the efficacy of the system for segmenting
and analyzing different facial regions, which are relevant for emotion interpretation. There are six
segmentations regarding face, eyes, brows, nose, mouth, and skin uniquely segmented out from the
enhanced facial input image. It can be seen from the segmentation masks that despite challenging lighting
and variations in contrast, the algorithm has preserved the fine structure boundaries rather well, proving
again the strength of FIREMAP in unconstrained real-world settings.
Apart from the visual segmentation, the system calculates the area in pixels and shape ratio for each of the
face regions detected. These give the numerical insight into size and geometric structure of each of the
segmented components. Results are as follows:

e Face: Area = 2 pixels, Shape Ratio = 3.142

e Eyes: Area = 2 pixels, Shape Ratio = 6.283

e Mouth: Area = 1167 pixels, Shape Ratio = 0.306

e Nose: Area = 35 pixels, Shape Ratio = 0.639

e Brows: Area = 1438 pixels, Shape Ratio = 0.385

e SKin: Area = 2 pixels, Shape Ratio = 3.142
The shape ratio, calculated as SR=4mA/P?, serves as a measure of contour regularity, where higher SR
values denote smoother and more circular boundaries, while lower values represent elongated or irregular
features. These measures are indicative of the sensitivity of the system in capturing morphological
variations across the facial components. Figure 2: Result from FIREMAP
The same figure also shows a Region Metrics Summary panel that succinctly fuses both qualitative and
quantitative results. Areas in pixels are greater for large regions such as the brows and mouth, much wider
in their spatial extent, while those for compact regions such as the nose show moderate SR values, implying
good boundary definition. The sharp appearance and consistency in metrics imply that FIREMAP retains
fine boundaries with minimal effects due to segmentation artifacts.
Overall, this result demonstrates that the FIREMAP segmentation framework combines visual precision
with numerical evaluation into refined and high-fidelity facial masks. In fact, such segmented and quantified
outputs are optimally structured for further emotion detection and classification, given that real-time facial
interpretation must be robust and accurate in customer service environments, for example as shown in
figure 1.
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Figure 1 Final result of proposed Segmentation algorithm
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4. Performance Metrices:

The quantitative performance metrics used in assessing the segmentation efficiency of the FIREMAP
framework included Sensitivity, Specificity, Jaccard Coefficient (JC), Dice Coefficient (DC), and Accuracy.
These parameters objectively reflect the capability of the algorithm to differentiate true facial regions from
background pixels and thus assess the reliability and precision of the segmentation outcomes.

Sensitivity: Sensitivity refers to the ratio of correctly identified pixels of the facial region to the total
number of actual facial pixels. A higher value thus indicates that the segmentation method is able to capture
all relevant regions.

Sensitivity = TP / (TP + FN)

where TP denotes true positives (correctly identified region pixels) and FN represents false negatives
(missed region pixels).

Specificity:Specificity is a measure of the share of background pixels correctly classified as non-facial
regions, while this ensures that the algorithm is not over-segmenting by minimizing false detections.
Specificity = TN / (TN + FP)

where TN is the number of true negatives, or properly classified background pixels, and FP is the number
of false positives, or those pixels that were mistakenly tagged as facial regions.

Jaccard Coefficient (JC): The Jaccard Coefficient measures the overlap between the segmented output and
the ground truth. It finds extensive applications in determining region-based segmentation accuracy.
JC=|ANB|/|AUB|=TP /(TP +FP + FN)

A higher value of JC indicates that the predicted and actual facial regions have the greatest number of
intersections, meaning a robust segmentation.

Dice Coefficient (DC): Also known as the F1-score in image segmentation, the Dice Coefficient defines the
harmonic mean of precision and recall, thereby balancing over- and under-segmentation.

DC = 2TP / (2TP + FP + FN)

Values close to 1 indicate that there is excellent agreement between the segmented output and the reference
mask.

Accuracy: Accuracy is a global performance measure, reporting on the general proportion of pixels
classified correctly, including both facial and background areas.

Accuracy = (TP + TN) / (TP + TN + FP + FN)

5. Result and Discussion

The proposed FIREMAP algorithm has been systematically tested to ascertain its performance and
reliability in segmenting facial images. Five standard metrics, namely sensitivity, specificity, Jaccard
Coefficient, Dice Coefficient, and accuracy, reflecting precision, completeness, and structural consistency of
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the segmented facial regions, have been considered for performance evaluation. With regard to
effectiveness, FIREMAP has been compared with two widely used segmentation methods, namely
Watershed and K-Means, under identical experimental conditions. This will offer a comprehensive view of
the ability of the proposed model in handling noise, illumination variation, and boundary preservation
challenges generally encountered in tasks related to facial emotion detection. The discussion on metric-
wise performance presented herewith identifies the superiority of FIREMAP in providing more accurate
and consistent segmentation results suitable for real-world applications in customer service.

5.1 Comparison of sensitivity

Figure 3 demonstrates that our proposed FIREMAP system clearly outperforms the traditional methods of
Watershed and K-Means in segmentation performance for ten experimental samples. As the measure of an
algorithm's ability to appropriately detect true positive regions of faces, sensitivity is higher throughout the
test cases for FIREMAP, lying between 95.8% and 97.4%, while Watershed sensitivity lies between 89.6%
and 91.5%, and K-Means even has low sensitivity levels between 87.4% and 89.3%. The main reason for
such an improvement in the case of FIREMAP will be its multi-stage segmentation architecture, which
integrates adaptive thresholding along with enhancement to refine the edges and preserve illumination-
corrected boundaries. The robustness in the algorithm is established with high accuracy of detection even
under variable lighting conditions and complex facial features. Further, the graph shows that the proposed
model maintains constant sensitivity across all ten samples with minimum fluctuation, reflecting its
consistency and reliability with respect to emotion-relevant region identification. Such a clear margin of
the presented FIREMAP from the existing methods underlines the importance of hybrid processing in
reaching fine-grained segmentation precision, so important for follow-up tasks such as face emotion
analysis and customer sentiment interpretation in real-world scenarios.
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Figure 3 Comparison of Sensitivity

5.2 Comparison of Specificity

Figure 4 Performance of the proposed FIREMAP model in correctly identifying nontarget, or background,
regions in facial segmentation. The proposed technique yields specificity values in the range of 94.8% to
95.7% for ten experimental samples, outperforming both Watershed = 90.5%-91.8% and K-Means =
89.2%-90.4% segmentation techniques. The rather small performance variance from sample to sample
reflects the stability and robustness of this model in discriminating face components against irrelevant
areas. Such an improvement is basically achieved by the integrated refinement strategy of the FIREMAP
model. It suppresses background artifacts through its adaptive morphological filters and illumination-
aware correction. In contrast, watershed tends to oversegment the high-gradient regions, while k-means
has its sensitivity to noise and variations in illumination. Higher specificity of FIREMAP thus consistently
confirms the precision in retaining true facial contours while avoiding false detections, which is an
important ability in relation to the reliability of subsequent emotion-recognition tasks in customer-service
environments.
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5.3 Comparison of Jaccard Coefficient

The Jaccard coefficient analysis underlines the superior overlap accuracy of FIREMAP between the
predicted and ground-truth facial regions. As can be seen from the comparative figure 5, JC values for
FIREMAP lie in the range of 92.8%-94.1%, outperforming Watershed (~ 86.9%-88.3%) and K-Means (~
84.2%-85.9%). The Jaccard index is an important measure of intersection over union that essentially
dictates segmentation precision in cases where multiple facial features coexist, including eyes, lips, and
brows, having complex boundaries. The larger JC values obtained by FIREMAP are due to its multi-stage
fusion and contrast balance mechanism in segmentation to avoid region leakage and abrupt transitions in
the boundary. On the contrary, in the case of existing algorithms, boundary fragments and region overlaps
can be observed under variable lighting conditions. The result confirms that FIREMAP provides a more
spatially coherent segmentation output, which will allow high fidelity in region mapping to obtain better

interpretability of emotional cues from facial data..
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5.4 Comparison of Dice Coefficient (DC)

Figure 6 illustrates the comparison of DC. The Dice coefficient results further confirm the high structural
similarity achieved by the FIREMAP architecture. The proposed system records DC scores between 95.2%
and 96.4%, outperforming Watershed = 89.6%-91.1% and K-Means = 87.3%-88.9% on all test samples.
Since the Dice metric quantifies the harmonic mean between precision and recall, these high values
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manifest that FIREMAP preserves both precise detection and a minimum omission of facial pixels. This is
due to the balance created by the dual-stage edge enhancement and illumination normalization within the
algorithm that smoothes away boundary noise while preserving essential facial contours. FIREMAP shows
less variance in its DC values compared to other methods; hence, it proves its reliability and uniformity
across heterogeneous conditions of the face. These results prove that segmentation done by FIREMAP
ensures smooth and well-defined structural representation, which is important in further emotion analysis
when microexpression detail is to be considered.
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Figure 6: Comparison of DC

5.5 Comparison of Accuracy

Figure 7 depicts the accuracy comparison. Figure 8 shows the accuracy comparison that summarizes the
whole segmentation performance, combining both the sensitivity and specificity results. FIREMAP has been
consistently producing accuracy values ranging between 95.0% and 96.1%, well above those yielded by
Watershed and K-Means, with * 91.1%-92.5% and = 89.2%-90.7%, respectively. Therefore, FIREMAP
presents higher accuracy, insuring better identification of target and non-target pixels, allowing the
integrity of the segmentation to be fully accomplished. Improvement can be justified by FIREMAP's
integrated denoising, illumination correction, and adaptive thresholding modules that have collectively
enhanced facial region delineation. Watershed and K-Means, on the other hand, present varying accuracy
due to their vulnerability to lighting inconsistencies and amplification of noise. In addition, the minimal
deviation across ten test samples of FIREMAP presents proof of its consistent performance in diversified
facial datasets, thus signifying potential for real-time deployment in customer-interaction systems with
respective requirements of high accuracy in emotion detection.
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Figure 7 Comparison of Accuracy

5.6 Overall Performance Comparison

Indeed, Figure 8 presents a comparison graph of the overall performances that clearly demonstrates the
superiority of the proposed segmentation system, FIREMAP, over traditional methods such as Watershed
and K-Means for all the metrics studied: Sensitivity, Specificity, Jaccard Coefficient, Dice Coefficient, and
Accuracy. All the performance indicators regularly attain higher percentages in FIREMAP, thus achieving
96.72% in Sensitivity, 95.25% in Specificity, 93.45% in Jaccard Coefficient, 95.83% in Dice Coefficient, and
95.55% in Accuracy. Such significant results outperform the other competitor methods, as Watershed and
K-Means attain much lower values in all metrics. The main contribution to the improvement with regard to
the competitors is due to the integrated architecture of FIREMAP, which comprises an adaptive illumination
correction blended with multi-scale edge preservation and noise suppression within one framework. This
guarantees the facial region segments result in good boundary continuity even in images that have
complicated conditions of illumination or noise.

In contrast, Watershed over segments and is sensitive to slight changes in intensity, while K-Means is less
adaptable to complex facial textures and variability in shadowing. The larger values of Jaccard and Dice
coefficients for FIREMAP essentially indicate the high overlap and spatial accuracy between the predicted
and true facial regions; thus, it confirms that the model captures the fine-grained features related to
emotion. A high sensitivity and specificity again support its robustness in reducing false positives and false
negatives. Indeed, this has a bearing on good performance with regard to emotion detection. Overall, this
comparative study confirms that indeed, the FIREMAP system has a well-balanced and high-performing
segmentation pipeline that enhances preprocessing in facial images-a very solid foundation for
downstream emotion detection in customer-service environments.
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Figure 8 Overall performance comparison of proposed segmentation method

6.Conclusion

This implies that the proposed architecture of FIREMAP significantly enhances the segmentation accuracy
of facial images compared to the standard algorithms like Watershed and K-Means. FIREMAP effectively
integrates illumination-aware denoising with an adaptive thresholding strategy and edge refinement
strategies for identifying emotion-relevant regions from facial images with very high precision. High
sensitivity and specificity values show less number of false positives/negatives. Also, improved Jaccard and
Dice coefficients ensure improved spatial overlap with the ground-truth regions. The ten samples tested
confirm the robustness and generalization capability of FIREMAP in different imaging conditions. These
findings establish FIREMAP as a reliable preprocessing foundation for deep learning-based emotion
recognition pipelines, especially in real-world customer-interaction scenarios characterized by dynamic
and noise-prone conditions. Future efforts will be made towards extending FIREMAP with real-time
processing and deep attention-based feature integration to further optimize the classification accuracy of
emotions.
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