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ABSTRACT

Structured-illumination reflectance imaging (SIRI) has shown promise for non-destructive poultry meat quality
assessment by enhancing subtle reflectance, texture, and surface-geometry information associated with myopathic
defects such as woody breast. However, conventional SIRI demodulation approaches require the acquisition of
at least three phase-shifted images at each spatial frequency to recover the direct component (DC), amplitude
component (AC), and phase-related information. This multi-frame requirement increases imaging time and
limits real-time implementation. In this study, a deep learning-based single-shot SIRI demodulation framework
was developed to recover demodulated SIRI outputs from only one raw phase-shifted image. A shared-encoder
dual-decoder network was designed to simultaneously reconstruct AC, DC, and two-frequency phase-difference
(∆ϕ) images. The model was trained using conventionally demodulated images as ground-truth targets, with
compound reconstruction losses for AC and DC and a wrapped angular loss for ∆ϕ. Experiments were conducted
using the public SIRI PoultryWB dataset, which contains 168 broiler breast fillets, including 72 normal and 96
woody-breast-affected samples. The proposed model achieved SSIM (structural similarity index measure) values
of 0.974, 0.988, and 0.941 for AC, DC, and ∆ϕ, respectively. For woody breast classification, reconstructed
AC+∆ϕ features achieved 90.21% accuracy using a random forest classifier, close to the 91.32% obtained using
traditional three-phase demodulation. The proposed method reduced the required input from three images to
one image and achieved 6.7 ms/frame inference latency, demonstrating its potential for faster SIRI-based poultry
quality inspection.

Keywords: Structured-illumination, single-shot demodulation, deep learning, poultry quality assessment,
woody breast, non-destructive inspection

1. INTRODUCTION

Broiler meat represents one of the most important animal protein sources in the United States (U.S.) and forms a
major part of the agricultural economy. In 2025, the U.S. produced 9.40 billion broilers in 2025, corresponding to
62.2 billion pounds of live weight and a production value of approximately $44.6 billion [1]. The high productivity
of the modern broiler industry has been achieved through long-term genetic selection for rapid growth, improved
feed efficiency, and increased breast meat yield. However, these production gains have also been associated
with the prevalence of breast musclular myopathies, particularly white striping and woody breast (WB), which
negatively affect meat quality, consumer acceptance, and product value [2–4].

WB is one of the most important quality defects affecting modern broiler breast fillets. WB-affected fillets
are typically characterized by abnormal hardness, rigid texture, pale surface regions, and irregular shape profiles.
These physical and structural changes reduce product quality and may lead to downgrading, rejection, or diver-
sion of the affected meat to lower-value processed products [2,4,5]. Although the exact biological mechanisms of
WB remain to be fully understood, the condition is widely linked to growth-related changes in modern broilers
[3, 5]. Current WB assessment in poultry processing plants still relies largely on manual hand palpation and
visual inspection by trained personnel. Although these approaches are widely used, they are subjective, labor-
intensive, contact-based, and prone to operator variability. Manual evaluation is also difficult to standardize
for high-speed processing lines, where rapid and consistent inspection is required. Therefore, there is a strong
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need for non-destructive sensing methods that can provide objective information related to surface appearance,
reflectance behavior, texture, and shape-related changes in broiler breast fillets [5–7].

SIRI is an emerging optical imaging technique that projects sinusoidal illumination patterns onto a sample
surface and captures the reflected pattern-modulated signal. Through the demodulation of acquired images,
SIR can provide three independent sets of outputs, including a DC, which corresponds to uniform information,
an AC, which contains structured-illumination-specific contrast, and a phase map that encodes the surface
geometry of samples. Compared with conventional uniform illumination imaging, SIRI can enhance subtle
surface and subsurface features, improve image contrast, and provide depth-related information by varying the
spatial frequency of the projected sinusoidal patterns [8–10]. These characteristics make the imaging technique
attractive for food quality inspection tasks where defects are weakly visible, spatially heterogeneous, or not
readily captured using conventional uniform illumination-based imaging.

Recent studies have demonstrated the potential of SIRI for poultry meat quality assessment. Olaniyi et
al. investigated SIRI combined with deep learning for the assessment of white striping in broiler breast meat
and showed that AC image-based features can improve defect detection compared with conventional visual
assessment [11]. Cai and Lu further demonstrated that SIRI coupled with surface profilometry was effective for
WB assessment in broiler breast fillets, where phase-related information provided more useful cues than intensity
images for distinguishing normal and WB-affected samples [6]. These studies highlight the importance of sample
texture and geometry-related information captured by AC and phase images of SIRI, respectively, for broiler
breast myopathy assessment.

Despite these applications, conventional SIRI demodulation typically requires the acquisition and use of at
least three phase-shifted images at each spatial frequency to recover DC, AC, and phase-related information.
This multi-frame acquisition requirement increases imaging time, adds synchronization demands between the
projector and camera, and thus limits the practical implementation of SIRI for real-time or high-throughput
poultry inspection. Reducing the number of required phase-shifted images while preserving diagnostically useful
demodulated information is hence an important step toward online SIRI-based poultry quality assessment.

Deep learning has recently shown strong potential for single-shot structured-light reconstruction and phase
recovery. In structured-light profilometry, neural networks have been used to estimate phase or three-dimensional
(3D) information from a single fringe image, reducing the need for multiple phase-shifted acquisitions [12–14].
However, limited work has been conducted on the single-shot demodulation specifically for SIRI-based food
quality inspection, where the goal is not only to reconstruct visually similar demodulated images but also to
preserve information useful for downstream defect classification.

Therefore, the overall objective of this study was to develop a deep learning-based single-shot SIRI de-
modulation framework for poultry quality assessment, specifically by recovering AC, DC, and two-frequency
phase-difference (∆ϕ) images from only one phase-shifted SIRI image. A shared-encoder dual-decoder network
was designed to reconstruct intensity-related demodulated components (AC and DC) and phase-difference infor-
mation simultaneously. The reconstructed outputs were compared with conventional three-phase demodulation
using quantitative image-quality metrics, and their usefulness was further evaluated through WB classifica-
tion. By reducing the required number of input images from three to one while preserving useful reflectance and
phase-related information, the proposed framework is expected to advance SIRI toward faster and more practical
poultry quality inspection.

2. MATERIALS AND METHODS

2.1 Dataset

A publicly available image dataset, i.e., SIRI PoultryWB dataset [7], was used in this work for developing
and evaluating the proposed single-shot demodulation framework for woody breast assessment of broiler meat.
The dataset was originally collected using a custom-assembled SIRI system operated inside an enclosed imaging
chamber. The imaging platform consisted mainly of a broadband quartz tungsten halogen light source, a digital
micromirror device-based projector for sinusoidal pattern projection, a monochromatic camera, and a computer
for system control and image acquisition. Three phase-shifted sinusoidal illumination patterns at each spatial
frequency were projected onto broiler breast fillets for sample imaging, and the reflected pattern images were
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Figure 1. Representative SIRI image samples and ground-truth demodulated targets from the SIRI PoultryWB dataset.
(a) Raw phase-shifted pattern images from normal and woody-breast-affected broiler breast fillets acquired at three phase
shifts. (b) Corresponding demodulated target images, including AC, DC, and phase-difference image, used as supervised
learning targets for the proposed single-shot demodulation model.

captured by the camera with a resolution of 2048 × 2048 pixels. A detailed description of the imaging system
and acquisition settings is given elsewhere [7].

The dataset contains raw phase-shifted pattern images of 168 broiler breast fillets collected from a commercial
poultry processing plant. The samples were labeled by trained personnel based on manual tactile palpation and
visual inspection. Among the 168 samples, 72 fillets were labeled as normal, WB-free samples, and 96 fillets were
labeled as defective, WB-affected samples. The defective class included 39 moderate and 57 severe WB samples,
which were combined into one defective class for binary classification. For each sample, 24 pattern images
were acquired from three phase-shifted sinusoidal illumination patterns at eight spatial frequencies (0.015, 0.022,
0.030, 0.040, 0.055, 0.070, 0.090, and 0.150 cycles/mm). Therefore, the complete raw image set contains 4032
phase-shifted pattern images, which were stored in 16-bit grayscale TIFF format.

The dataset is organized into two main image groups: raw phase-shifted pattern images and demodulated
images. The raw pattern images contain the three phase-shifted images at each spatial frequency, while the
demodulated image folder includes DC, AC, and phase-difference images. For this study, the raw phase-shifted
pattern images were used for single-shot input preparation, while the corresponding conventionally demodulated

Please verify that (1) all pages are present, (2) all figures are correct, (3) all fonts and special characters are correct, and (4) all text and figures fit within the red
margin lines shown on this review document. Complete formatting information is available at http://SPIE.org/manuscripts

Return to the Manage Active Submissions page at http://spie.org/submissions/tasks.aspx and approve or disapprove this submission. Your manuscript will not
be published without this approval. Please contact authorhelp@spie.org with any questions or concerns.

14028 - 18 V. 1 (p.3 of 14) / Color: No / Format: Letter / Date: 5/15/2026 2:17:17 PM

SPIE USE: ____ DB Check, ____ Prod Check, Notes:



AC, DC, and phase-difference images were used as supervised learning targets. Representative raw pattern
images from normal and woody-breast-affected fillets, together with corresponding demodulated targets, are
shown in Figure 1.

2.2 Image preprocessing and input-target preparation

The raw phase-shifted SIRI pattern images and the corresponding demodulated images were used to prepare
paired input-target data for supervised learning. Each phase-shifted image was treated as an independent
single-shot input during model development, while the corresponding conventionally demodulated outputs served
as targets. The corresponding conventionally demodulated AC, DC, and two-frequency phase-difference (∆ϕ)
images were used as the target outputs. The use of one raw pattern image as input follows the objective of
reducing the conventional three-phase SIRI acquisition requirement to a single-shot demodulation setting.

All input and target images were resized to 512 × 512 pixels to reduce computational cost while preserving
the main spatial structure and fringe-related information needed for demodulation. The image intensities were
normalized before model training to improve numerical stability and reduce scale variation among samples. A
Gaussian filter was then applied to suppress high-frequency noise and smooth local intensity fluctuations in the
images. The same preprocessing settings were applied consistently to the input raw pattern images and the
corresponding target images. The dataset was divided at the sample level into training and testing subsets using
a 65%/35% split. As shown in Figure 2, the training set contained 46 normal and 62 defective samples, while
the testing set contained 26 normal and 34 defective samples.

Figure 2. Sample-level training and testing distribution for woody breast classification. The SIRI PoultryWB dataset was
divided using a 65%/35% training-testing split while preserving the normal and defective class groups. The training subset
contained 46 normal and 62 defective samples, while the testing subset contained 26 normal and 34 defective samples.

In the proposed framework, the learning task was formulated as a mapping from a single raw phase-shifted
SIRI image to multiple demodulated outputs:

Ŷ = Fθ(X), (1)

where X denotes the selected single phase-shifted image, Fθ represents the proposed deep learning model
with trainable parameters θ, and Ŷ denotes the predicted demodulated outputs. The target output was defined
as follows:

Y = {AC,DC,∆ϕ}, (2)

where AC represents the AC, DC represents the DC, and ∆ϕ represents the two-frequency phase-difference
image. The objective of the model was to learn this single-shot mapping while preserving both intensity-related
reflectance information and phase-related geometric information useful for WB assessment.
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2.3 Conventional three-phase demodulation

Conventional SIRI demodulation was used to generate the ground-truth target images for supervised model
training. For each spatial frequency, the SIRI PoultryWB dataset provides three raw phase-shifted pattern
images acquired with phase offsets of 0, 2π/3, and 4π/3 [7]. Before demodulation, the raw pattern images were
filtered using a low-pass Gaussian filter with a 3× 3 kernel to suppress image noise.

Let I1, I2, and I3 denote the three filtered phase-shifted reflectance pattern images at the same spatial
frequency. The demodulation operations were performed on a pixel-by-pixel basis, with DC, AC, and phase
(wrapped) images at a spatial frequency f retrieved as follows:

IDC =
1

3
(I1 + I2 + I3). (3)

IAC =

√
2

3

√
(I1 − I2)2 + (I1 − I3)2 + (I2 − I3)2. (4)

φf = atan2
[√

3(I1 − I3), 2I2 − I1 − I3

]
, (5)

where φf denotes the wrapped phase. The DC and AC images characterize intensity-related optical infor-
mation from the sample, whereas the phase image contains surface-geometry-related information useful for WB
assessment [6, 8].

The arctangent operation in Eq. (5) produces phase values wrapped within the interval −π to π, resulting in
2π discontinuities in the phase map. Therefore, phase unwrapping was required to recover a continuous absolute
phase map. The relationship between the absolute phase Φf and the wrapped phase φf can be written as:

Φf = φf + 2πk, (6)

where k is an integer fringe order. In this study, the two-frequency phase-unwrapping method was used to
recover the absolute phase [15, 16]. The spatial frequencies of 0.030 cycles/mm and 0.150 cycles/mm were used
as the low and high spatial frequencies, respectively. The fringe order k for the high-frequency wrapped phase
was determined using:

k = Round

(
(fh/fl)Φl − φh

2π

)
, (7)

where fh and fl denote the high and low spatial frequencies, respectively; φh is the wrapped phase at the
high spatial frequency; and Φl is the absolute phase estimated from the low spatial frequency. After obtaining
the fringe order k, the high-frequency absolute phase Φh was recovered using Eq. (6).

Finally, the phase-difference image was obtained by subtracting an estimated reference phase map from the
recovered high-frequency absolute phase:

∆ϕ = Φh − Φref , (8)

where Φref denotes the estimated reference phase map. The resulting phase-difference image represents
surface-profile-related information of the sample. A median filter with a 5× 5 kernel was applied to the phase-
difference image to reduce noise before subsequent model training and evaluation. In this work, the conventionally
demodulated AC, DC, and ∆ϕ images were used as ground-truth targets for training the proposed single-shot
demodulation model.
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2.4 Proposed single-shot SIRI demodulation framework

The proposed framework was designed to reduce the conventional SIRI demodulation requirement from three
phase-shifted pattern images to one raw phase-shifted image. Instead of using all three phase-shifted images
for closed-form demodulation, the proposed model learns a direct mapping from a single raw pattern image to
the corresponding demodulated outputs. This approach aims to preserve the intensity-related and phase-related
information needed for WB assessment while reducing the image acquisition burden.

As shown in Figure 3, the framework consists of three main stages: input preparation, single-shot demodu-
lation, and downstream woody breast classification. In the input preparation stage, one raw phase-shifted SIRI
image is selected from each sample and preprocessed. In the demodulation stage, the proposed deep learning
model predicts the corresponding AC, DC, and ∆ϕ images. In the final stage, the predicted demodulated outputs
are used to prepare feature sets for normal versus WB-affected sample classification.

The single-shot demodulation task was formulated as a multi-output image-to-image regression problem.
Given a single raw phase-shifted SIRI image X, the model predicts three demodulated outputs:

{ÂC, D̂C, ∆̂ϕ} = Fθ(X), (9)

where Fθ represents the proposed neural network with trainable parameters θ, and ÂC, D̂C, and ∆̂ϕ denote
the predicted amplitude component, direct component, and two-frequency phase-difference image, respectively.
The corresponding ground-truth targets were obtained from conventional three-phase demodulation and two-
frequency phase unwrapping, as described in Eqs. (3)–(8). The use of AC, DC, and ∆ϕ as output targets was

End-to-End Framework for Single-Shot SIRI Demodulation and Woody Breast Classification
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Figure 3. End-to-end framework of the proposed single-shot SIRI demodulation and WB classification method. A single
phase-shifted pattern image is used as input to a shared-feature encoder and dual-decoder network to recover AC, DC, and
∆ϕ. During training, the predicted outputs are compared with conventional demodulation targets for loss computation
and network optimization. During inference, the recovered outputs are used for downstream sample classification.

motivated by their complementary information. The DC image represents uniform reflectance information, the
AC image emphasizes structured-illumination contrast related to local texture and subsurface scattering, and
the phase-difference image provides geometry-related information associated with surface deformation. Together,
these outputs provide a richer representation for WB assessment than a single image component alone.
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2.5 Network architecture

A shared-encoder dual-decoder network was developed for single-shot SIRI demodulation. The shared encoder
was used to extract multiscale hierarchical features from the input structured-illumination image. Since the
input image contains both global sample shape information and local fringe-modulated intensity patterns, the
encoder was designed to preserve spatial information across multiple feature scales.

The decoder part of the network contained two branches. The first decoder branch was used for intensity
reconstruction and produced the AC and DC images. The second decoder branch was used for phase-related
prediction and produced the two-frequency phase-difference image ∆ϕ. This dual-decoder design allowed the
network to learn both intensity-related and phase-related representations from a shared feature space while
allowing each output type to be reconstructed through a task-specific decoding pathway.

Skip connections were included between the encoder and decoder layers to recover spatial details that may
be lost during downsampling. Attention modules were also incorporated into the skip pathways to emphasize
useful fringe and sample-related features while suppressing less informative background regions [17]. This design
was intended to improve reconstruction of fine spatial patterns in AC images and preserve geometry-related
structures in the predicted ∆ϕ images.

Figure 4 shows the proposed shared-encoder dual-decoder architecture, including the input raw SIRI image,
encoder blocks, attention-guided skip connections, the AC/DC decoder branch, and the ∆ϕ decoder branch.
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Figure 4. Proposed shared-encoder dual-decoder network for single-shot SIRI demodulation. The shared encoder extracts
multiscale features from one phase-shifted raw SIRI image. The intensity decoder reconstructs AC and DC images, while
the phase decoder predicts the two-frequency phase-difference image ∆ϕ. Attention-guided skip connections are used to
preserve fine spatial and fringe-related information.

2.6 Loss functions and training strategy

The proposed single-shot demodulation network was trained in a supervised manner using the conventionally
demodulated AC, DC, and ∆ϕ images as ground-truth targets. Since the three output branches represent
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different physical information, separate loss terms were defined for intensity reconstruction and phase-difference
prediction.

For the AC and DC outputs, a compound reconstruction loss was used by combining mean absolute error
(MAE) and structural similarity index measure (SSIM). The MAE term encourages pixel-level intensity accuracy,
while the SSIM term helps preserve local structural similarity and spatial contrast between the predicted and
ground-truth demodulated images. The AC reconstruction loss was defined as:

LAC = MAE(ÂC,AC) +
[
1− SSIM(ÂC,AC)

]
, (10)

where ÂC and AC denote the predicted and ground-truth amplitude component images, respectively.

Similarly, the DC reconstruction loss was defined as:

LDC = MAE(D̂C,DC) +
[
1− SSIM(D̂C,DC)

]
, (11)

where D̂C and DC denote the predicted and ground-truth direct component images, respectively.

For the phase-difference output, a wrapped angular loss was used to account for the periodic nature of phase
values. Direct subtraction of phase values can be problematic because phase is wrapped within a limited angular
range. Therefore, the angular error was calculated using sine and cosine terms as:

e∆ϕ = atan2
[
sin(∆̂ϕ−∆ϕ), cos(∆̂ϕ−∆ϕ)

]
, (12)

where ∆̂ϕ and ∆ϕ denote the predicted and ground-truth phase-difference images, respectively. The phase-
difference loss was then calculated as the mean absolute wrapped angular error:

L∆ϕ =
1

N

N∑
i=1

|e∆ϕ,i| , (13)

where N is the total number of pixels in the image.

The total training loss was defined as a weighted sum of the three loss terms:

Ltotal = λ1LAC + λ2LDC + λ3L∆ϕ, (14)

where λ1, λ2, and λ3 are weighting coefficients for the AC, DC, and phase-difference losses, respectively. In
this study, the loss weights were empirically set to λ1 = 0.5, λ2 = 0.5, and λ3 = 0.2.

The network was implemented using PyTorch and trained using the Adam optimizer. The learning rate was
set to 1×10−4, the batch size was set to 8, and the model was trained for 150 epochs. Within the training subset
(65% of the total dataset at the sample level), five-fold cross-validation was used during model development to
monitor training stability and reduce sensitivity to a single validation partition.
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2.7 Performance evaluation

The reconstructed SIRI outputs were evaluated in two stages. First, the quality of the predicted AC, DC, and
∆ϕ images was assessed by comparing them with the corresponding conventionally demodulated ground-truth
images. Second, the usefulness of the reconstructed outputs was evaluated through downstreamWB classification
based supervised modeling.

For reconstruction evaluation, three image-quality metrics were used, including MAE, SSIM, and peak signal-
to-noise ratio (PSNR). MAE was used to measure the average pixel-wise difference between the predicted and
ground-truth images:

MAE =
1

N

N∑
i=1

∣∣∣Ŷi − Yi

∣∣∣ , (15)

where Ŷi and Yi denote the predicted and ground-truth pixel values at pixel location i, respectively, and N is
the total number of pixels. SSIM was used to evaluate structural similarity by considering luminance, contrast,
and structural consistency between the predicted and ground-truth outputs. PSNR was calculated as:

PSNR = 10 log10

(
MAX2

Y

MSE

)
, (16)

where MAXY is the maximum possible pixel intensity value after normalization and MSE is the mean
squared error between the predicted and ground-truth images. In addition to the three image quality metrics,
the processing efficiency of the proposed single-shot framework was computed to assess its potential for online
implementation, in comparison with traditional three-phase demodulation.

For downstream sample classification, the reconstructed demodulated outputs were used as feature inputs to
distinguish normal fillets from WB-affected fillets. Different feature sets were evaluated, including AC, DC, ∆ϕ,
and the combined AC+∆ϕ representation. The AC component was used to represent structured-illumination
reflectance contrast, the DC component was used to represent uniform reflectance information, and ∆ϕ was
used to represent phase-related surface geometry information. The AC+∆ϕ feature set was included to evaluate
whether reflectance contrast and phase-related geometry provide complementary information for WB classifica-
tion. Classification performance was evaluated using precision, recall, and accuracy, calculated as follows:

Precision =
TP

TP + FP
, (17)

Recall =
TP

TP + FN
, (18)

Accuracy =
TP + TN

TP + TN + FP + FN
, (19)

where TP , TN , FP , and FN denote true positives, true negatives, false positives, and false negatives,
respectively, and WB-affected and normal samples are treated as the positive and negative classes, respectively.

The main comparison was performed between the proposed single-shot demodulation outputs and the tra-
ditional three-phase demodulation baseline. For this comparison, the same classifier and evaluation protocol
were applied to both sets of features. This allowed the classification performance gap between the single-shot
reconstructed outputs and the conventional demodulated outputs to be evaluated directly. Multiple classifiers
were compared using the selected feature representations to examine the robustness of the reconstructed SIRI
features for WB classification. The evaluated classifiers included random forest (RF), support vector machine
(SVM), k-nearest neighbor (KNN), logistic regression (LR), and convolutional neural network (CNN).
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3. RESULTS AND DISCUSSION

3.1 Training performance

The proposed single-shot SIRI demodulation network was trained for 150 epochs. The total training time was
approximately 3.5 h. As shown in Figure 5, the training and validation losses decreased steadily for AC, DC,
and two-frequency phase-difference (∆ϕ) reconstruction. The validation loss curves followed the training loss
curves closely, indicating stable convergence and limited overfitting.

Among the three output branches, the DC reconstruction branch showed the lowest final loss. This is
reasonable because the DC image represents the average reflectance response and is less affected by fringe
modulation and phase discontinuity. In contrast, the ∆ϕ branch showed a relatively higher final loss because
phase-difference prediction is more challenging and requires the model to preserve geometry-related information
from only one raw phase-shifted pattern image.

Figure 5. Training and validation loss curves for AC, DC, and two-frequency phase-difference (∆ϕ) reconstruction over
150 epochs. The three curves show stable convergence for AC reconstruction, DC reconstruction, and phase-difference
prediction.

3.2 Reconstruction performance

The reconstructed AC, DC, and ∆ϕ images were compared with the corresponding outputs generated by con-
ventional three-phase demodulation. Representative reconstruction results are shown in Figure 6. Visually, the
predicted AC and DC images showed strong agreement with the conventional demodulation outputs. The pre-
dicted ∆ϕ image also preserved the main sample shape and surface-related structure, although phase-difference
reconstruction was more challenging than intensity reconstruction.

Table 1 summarizes the quantitative reconstruction performance. The DC output achieved the best recon-
struction quality, with the lowest MAE of 0.018, highest SSIM of 0.988, and PSNR of 33.4 dB. The AC output
also showed high reconstruction quality, with an MAE of 0.021, SSIM of 0.974, and PSNR of 31.8 dB. The ∆ϕ
output had a higher MAE of 0.067 and lower PSNR of 29.2 dB compared with AC and DC, but still achieved
an SSIM of 0.941. This indicates that the proposed model preserved the main structural information in the
phase-difference image.

Table 1. Quantitative reconstruction performance of the proposed single-shot SIRI demodulation model.

Output MAE SSIM PSNR (dB)
AC 0.021 0.974 31.8
DC 0.018 0.988 33.4
∆ϕ 0.067 0.941 29.2

These results suggest that a single raw phase-shifted SIRI image contains sufficient information for recover-
ing useful demodulated representations. The higher reconstruction performance of DC can be attributed to its
smoother intensity distribution, while AC reconstruction requires preserving fringe-related contrast and local tex-
tural variations. The relatively lower performance of ∆ϕ is expected because phase-difference images are related
to surface geometry and are normally derived from multiple phase-shifted images and two spatial frequencies.
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Figure 6. Representative reconstruction results from the proposed single-shot SIRI demodulation model. Predicted AC,
DC, and ∆ϕ images are compared with the corresponding conventional three-phase demodulation outputs.

3.3 Sample classification using reconstructed SIRI outputs

To evaluate whether the reconstructed SIRI outputs preserved diagnostically useful information, sample clas-
sification was performed using AC, DC, ∆ϕ, and AC+∆ϕ feature sets. The classification performance of the
proposed single-shot outputs was compared with the traditional three-phase demodulation baseline using the
same RF classifier. The results are summarized in Table 2.

Table 2. Woody breast classification performance using reconstructed SIRI features and traditional three-phase demodu-
lation features.

Feature set
Proposed single-shot model Traditional demodulation

PRE (%) Recall (%) Accuracy (%) PRE (%) Recall (%) Accuracy (%)
AC 84.71 85.02 83.96 85.88 86.14 85.54
DC 81.43 82.05 80.74 83.57 84.12 83.21
∆ϕ 87.16 87.84 86.91 88.76 89.03 88.42
AC+∆ϕ 90.28 90.94 90.21 91.68 92.03 91.32

Among the individual feature sets, ∆ϕ achieved better classification performance than AC and DC, reaching
86.91% accuracy using the proposed single-shot outputs. This suggests that phase-related surface geometry
information is important for distinguishing normal and WB-affected fillets. DC produced the lowest classification
accuracy, indicating that uniform reflectance information alone was less discriminative for this task.

The combined AC+∆ϕ feature set achieved the best performance for both the proposed single-shot model
and the traditional demodulation baseline. Using reconstructed single-shot outputs, AC+∆ϕ achieved 90.28%
precision, 90.94% recall, and 90.21% accuracy. The traditional demodulation baseline achieved 91.68% precision,
92.03% recall, and 91.32% accuracy using the same feature combination. The accuracy difference between
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the proposed model and the traditional baseline was only 1.11 percentage points, indicating that the single-
shot demodulation model preserved most of the classification-relevant information while reducing the image
requirement from three phase-shifted images to one.

3.4 Comparison of different classifiers

The AC+∆ϕ feature set was further evaluated using different classifiers. As shown in Figure 7, the CNN
achieved the best overall performance, with 92.18% precision, 92.46% recall, and 92.31% accuracy. RF also
performed strongly, reaching 90.28% precision, 90.94% recall, and 90.21% accuracy. SVM and LR showed
moderate classification performance, while KNN achieved the lowest accuracy of 86.74%. The lower KNN
performance suggests that the reconstructed feature space may not be optimally separated using simple distance-
based decision rules.

Overall, the classifier comparison indicates that the reconstructed AC+∆ϕ representation contains useful
information for WB classification. The strong performance of CNN suggests that learning spatial patterns
directly from the reconstructed SIRI outputs may provide additional discriminative power beyond conventional
handcrafted or shallow machine-learning features.
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Figure 7. Comparison of different classifiers using the reconstructed AC+∆ϕ feature set. Precision, recall, and accuracy
are reported for random forest (RF), support vector machine (SVM), k-nearest neighbor (KNN), logistic regression (LR),
and convolutional neural network (CNN) classifiers.

3.5 Acquisition and processing efficiency

Traditional three-phase demodulation requires three phase-shifted images at each spatial frequency, whereas the
proposed method requires only one raw phase-shifted image as input. This reduces the number of required
input frames by approximately 66.7%. Table 3 compares the input-frame requirement and processing time be-
tween conventional three-phase demodulation and the proposed single-shot demodulation model. The traditional
method requires three phase-shifted input images and an exposure-plus-processing time of more than 1500 ms
(based on the camera exposure of 500 ms for image acquisition in [6]). In contrast, the proposed method re-
quires one input image, with 500 ms exposure time and 6.7 ms model inference time. This indicates that the
proposed framework can substantially reduce imaging time while maintaining comparable demodulation quality
and sample classification performance.

The reduction from three frames to one frame represents an important step toward future online poultry
inspection because high-throughput processing environments require rapid and synchronized image acquisition.
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Table 3. Comparison of acquisition and processing efficiency between traditional demodulation and the proposed single-
shot model.
Method Required input frames Exposure + processing time (ms)
Traditional three-phase demodulation 3 phase-shifted images 1500+
Proposed single-shot demodulation 1 phase-shifted image 500 + 6.7

Although the current dataset was acquired from stationary samples, these results suggest that proposed single-
shot demodulation could help move SIRI-based poultry quality assessment closer to real-time implementation.
Future work should evaluate the approach using larger datasets, additional myopathic conditions, and imaging
configurations designed for moving samples.

4. CONCLUSION

This study developed a deep learning-based single-shot SIRI demodulation framework for poultry woody breast
assessment. Instead of relying on the conventional three-phase demodulation process, the proposed method used
only one raw phase-shifted SIRI image to recover AC, DC, and two-frequency phase-difference (∆ϕ) image. A
shared-encoder dual-decoder network was designed to learn both intensity-related and phase-related demodula-
tion outputs from a single structured-illumination image. The proposed model achieved strong agreement with
conventional three-phase demodulation. Among the reconstructed outputs, DC showed the highest reconstruction
quality, while AC and ∆ϕ also preserved useful structural and reflectance-related information. Quantitatively,
the model achieved SSIM values of 0.974, 0.988, and 0.941 for AC, DC, and ∆ϕ, respectively. These results
indicate that a single phase-shifted raw SIRI image contains sufficient information to recover useful demodu-
lated representations for poultry quality assessment. In the further downstream WB classification, among the
tested feature sets, AC+∆ϕ achieved the best classification performance, confirming that the reflectance contrast
and phase-related surface geometry provide complementary information for identifying WB-affected fillets. Us-
ing the reconstructed AC+∆ϕ features, the proposed single-shot model achieved 90.21% classification accuracy
with a random forest classifier, which was close to the 91.32% accuracy obtained using traditional three-phase
demodulation features. The proposed method reduced the required number of input images from three phase-
shifted images to one phase-shifted image; under the current implementation, it achieved an inference time of
6.7 ms/frame for image demodulation. Future work will focus on expanding the dataset, evaluating additional
poultry defects, improving phase-difference reconstruction, and testing the proposed framework under online
imaging conditions for moving samples.
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