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 A B S T R A C T

Near-infrared (NIR) spectroscopy is a widely used technology in the horticulture industry for non-destructive 
fruit grading. Partial Least Squares (PLS) regression is the dominant method for producing fruit quality 
predictions from measured spectra. Alternative deep learning methods have shown promise, but often require 
large amounts of labelled data to train. This study proposes a semi-supervised method based on Barlow Twins 
to include unlabelled data in the training process. We adopt the Barlow Twins method by using repeated 
measurements on the same fruit from different devices as different ‘‘views’’ to encode into the same latent 
space and combine the encoder network with a regression head for prediction. Our approach demonstrates 
improved performance over PLS with up to 17% lower RMSE, especially when the labelled data is limited. 
The Barlow loss function also improves calibration transfer results.
1. Introduction

Partial Least Squares Regression (PLSR) is a popular and widely 
adopted method in NIR spectroscopy. While deep learning approaches, 
particularly convolutional neural networks [1–4] have shown promise, 
much of the research focuses on architectures and training method-
ologies for image-based data. In recent years, self-supervised learning 
methods (SSL) have enabled learning from unlabelled data, but these 
are underexplored for NIR data. Fortunately, standard deep learning 
frameworks such as PyTorch [5] and TensorFlow [6] allow for simple 
specification of network architectures suitable for NIR data and custom 
loss functions, including weighted combinations of losses, that are 
applied in SSL methods. This paper investigates the application of 
the Barlow Twins SSL approach to NIR data. This approach applies a 
nonstandard loss function that consists of a weighted combination of 
terms based on the diagonal and off-diagonal components of the cross-
correlation matrix between two embedded views of the same sample. 
By further combining the Barlow Twins loss with a regression mean 
square error (MSE) loss, we can train models that benefit from the 
information contained in both labelled data (spectra with reference 
values) and unlabelled data (spectra without reference measurements) 
within a semi-supervised framework.

∗ Corresponding author at: New Zealand Institute for Bioeconomy Science Limited, Auckland, New Zealand.
E-mail address: mark.wohlers@plantandfood.co.nz (M. Wohlers).

2. Background

2.1. NIR spectroscopy

Near-Infrared spectroscopy provides a nondestructive method to 
predict the chemical makeup of samples based on the absorbances of 
different wavelengths in the near-infrared range. It has been applied to 
many industries, including horticulture, for the prediction of fruit qual-
ity measures associated with consumer responses such as dry matter 
content (DMC) and soluble solids content (SSC).

2.2. Partial least squares

Partial least squares regression has been widely applied in the NIR 
spectroscopy space. Despite a large number of competing methods, 
including convolutional networks, PLS remains the dominant method 
for NIR regression and classification tasks [7]. Due to its popularity 
and robustness, PLS is often used as a baseline method for comparisons 
of alternative modelling techniques.

Developed in 1975 by Herman Wold and later modified by Svante 
Wold and Harald Martens [8], PLS regression addresses the problem 
of multicollinearity, which is present in NIR data, where responses 
at different wavelengths are highly correlated. It does this by finding 
linear combinations of the input variables (wavelengths) to form latent 
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Fig. 1. Barlow Twins loss measures the cross-correlation of embeddings from two related inputs and penalises for how different it is from the identity matrix.
variables. These latent variables are fitted sequentially to maximise the 
covariance of the latent variable to the target variables (Y), subject to 
the constraint that the weight vectors have unit norm and successive la-
tent variables are orthogonal. After each latent variable is determined, 
the X (wavelength) and Y (target) matrices are deflated before finding 
the next component.

2.3. Self-supervised learning

Self-supervised learning is a form of unsupervised learning that 
derives discriminatory features from unlabelled data [9]. Examples in-
clude reconstructing images from mixed-up jigsaw pieces, which helps 
learn spatial features [9]. There has been little work on self-supervised 
learning applied to NIR spectroscopy. Zhang et al. [10] pretrained a 
dual-branch autoencoder on unlabelled VIS (450–780 nm range) and 
NIR (783–1500 nm) datasets of mango fruit. The trained encoder was 
then used to encode smaller labelled datasets for regression tasks. They 
found that their method achieved results within 99% of the best results 
using only 10% of the labelled data.

2.4. Barlow Twins

Barlow Twins [11] is a self-supervised learning method originally 
applied to image data. The method involves generating pairs of aug-
mented views of a given image, which are then fed into an encoder. 
This encoder is trained so that the values of any given latent variable in 
the encoder’s output are highly correlated between the two augmented 
pairs, while the values of different latent variables have low correlation. 
The loss function 𝐵𝑇  is calculated from the cross-correlation matrix of 
the two latent samples. To minimise the loss, the off-diagonal elements 
should tend to 0, and the diagonal elements to 1, approximating the 
identity matrix (Fig.  1). The method has the advantage of providing 
latent variables that avoid redundancy and are invariant to the distor-
tions used in the augmentation, while preventing collaps to constant 
outputs.

The Barlow Twins loss function is defined as a weighted sum of the 
invariance and redundancy reduction terms. The 𝜆 parameter controls 
this weighting : 
𝐵𝑇 ≜

∑
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The cross-correlation matrix elements 𝐶𝑖𝑗 are calculated as: 
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In the current study, we treat spectra from different devices mea-
suring the same fruit as different views of the same object, similar to 
capturing the object with two different cameras.
2 
2.5. Semi-supervised learning

Semi-supervised learning is similar to self-supervised learning in 
that it derives information from unlabelled data [12]. The distinction 
is that it does this in combination with a (often smaller) labelled 
dataset. In a deep learning setting, unlabelled data could be used to 
train an encoder with a Barlow loss function, while a regression head 
is trained on the labelled set with a mean squared error (MSE) loss 
function. Several recent publications have examined the potential of 
applying semi-supervised learning to NIR spectroscopy [13,14]. Said 
et al. [13] looked at semi-supervised learning for predicting milk fat 
content. Their method used autoencoders (AE) trained on unlabelled 
data, while training a regression head connected to the encoder on 
a smaller subset of labelled data. The autoencoder and regression 
head were trained simultaneously, with the average of the autoencoder 
reconstruction MSE and the regression MSE as the loss function. They 
found improved results compared to the same deep learning regression 
model trained on the labelled data only, including a reduction in root 
mean square error (RMSE) from 0.287 to 0.221 with only 35% of the 
labelled and 65% unlabelled data. Mishra and Woltering [14] did not 
incorporate unlabelled data into their method and instead focused on 
robust regression by down-weighting outliers.

3. Proposed framework

3.1. Barlow Twins for spectral data

We propose using the Barlow Twins loss to train an encoder model 
combined with a regression head that uses MSE loss. To adapt the Bar-
low method to NIR spectra, suitable augmentation methods are needed. 
Recently, Dhaini et al. [15] examined contrastive learning for hyper-
spectral image classification using various augmentation techniques, 
including spectral shift, spectral flipping, and scattering using Hapke’s 
model [16]. Spectra could also be augmented by adding random mul-
tivariate normal samples as in [17]. Alternatively, when samples are 
measured by multiple devices, pairs of measurements of the same 
sample by different devices can be used as different views (see Fig.  2).

3.2. Links to PLS

A PLS regression model can be approximated using this framework 
by employing an appropriately configured neural network. The encoder 
network should consist of a single linear dense layer with the number of 
neurons equal to the number of latent variables, and with a unit norm 
constraint on the weights. To train a PLS-type regression type model, 
no augmentation is used; that is, the pairs of spectra are identical. The 
Barlow loss is then based on the correlation matrix, rather than the 
cross-correlation matrix. The diagonal elements will always be one. 
Therefore, minimising the Barlow loss will require the off-diagonal 
elements to tend to zero, similar to orthogonal PLS latent variables. 
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Fig. 2. Barlow Twins model for Spectral data. X represents unlabelled pairs of spectra from devices A and B, XL spectra from a separate labelled dataset, with 
labels YL (dry matter content or soluble solids content). The Barlow loss reduces redundancy and enforces invariance, the regression loss ensures that the network 
can predict Y, and the consistency loss ensures that predictions from spectra measured on the same fruit are similar. The regression head (pink) benefits indirectly 
from unlabelled data through the shared encoder (blue), which learns robust device invariant spectral representations from all paired measurements (including 
unlabelled data via the Barlow loss) while being constrained to produce accurate predictions on the labelled subset (via the MSE loss). During training, all three 
losses contribute to updating the encoder weights, with the weighted combination determining each loss’s relative influence.
The other loss function, to be combined with the Barlow loss in a PLS-
equivalent neural network approach, should maximise the covariance 
between the encoder outputs and the target variable. This approach 
is less straightforward and requires a custom loss function. For each 
latent variable, this is calculated as a partial covariance with the target 
variable, accounting for the previous latent variables.

4. Methods

4.1. Datasets

Our experiments employ a NIR dataset comprising kiwifruit across 
two sites in New Zealand (Te Puke and Kerikeri) and three seasons, 
with the last season being in 2019 season. Individual fruit were often 
measured by multiple devices. Only fruit with measurements from two 
or more devices were included in the study, resulting in a total of 4316 
fruit and 10,869 scans over the 402 to 1137 nm range with a spectral 
resolution of 3 nm. All devices were of the same model, the F-750 
Produce Quality Meter produced by Felix Instruments [18]. Reflectance 
values were measured with a xenon tungsten lamp. The measured range 
was trimmed to 222 wavelengths spanning 402–1065 nm and includes 
part of the visible (VIS, 402–780 nm) as well as the near-infrared 
(NIR, 780–1065 nm) regions. While wavelength selection methods are 
widely used in chemometrics to improve model performance [19], the 
wide range of wavelengths allows the proposed method to be assessed 
without specific feature engineering. Each fruit had its respective sol-
uble solids content (SSC) and dry matter content (DMC) measured 
destructively. SSC was measured from a juice sample by a digital 
refractometer, expressed in ◦Brix. DMC represents the weight of a fruit 
tissue sample after drying as a percentage of its initial fresh weight. 
Summary statistics of these measures for the training and test sets are 
provided in Table  1. The first two years were used for the training tasks, 
with the remaining year used as a test set. No validation data was used 
for hyperparameter tuning. Five NIR spectrometers were used to collect 
3 
Table 1
Summary statistics for dry matter (DMC) and soluble solids content (SSC) in 
training and testing sets.
 Set N DMC SSC

 Mean SD Min Max Mean SD Min Max 
 Training 2924 16.48 2.14 9.01 23.6 8.37 3.19 3.70 19.4 
 Testing 1392 17.48 2.48 10.30 24.2 7.69 3.12 3.75 19.7 

Table 2
Number of fruit scanned per device in the training dataset. Diagonal elements 
indicate the total number of fruit measured by the respective device. Off-
diagonal elements show the number of fruit measured by pairs of devices.
 Device KK1 KK2 TP1 TP2 TP3  
 KK1 1397 397 1089 90 90  
 KK2 397 881 90 574 573  
 TP1 1089 90 1985 986 986  
 TP2 90 574 986 1616 1615 
 TP3 90 573 986 1615 1616 

the data, TP1, TP2, TP3 for the Te Puke site, and KK1, KK2 for the 
Kerikeri site.

The training set, comprising of 2924 fruit (7495 total scans), had 
some overlaps among the various devices. Table  2 shows the number 
of fruit scanned for each device (diagonal counts) as well as pairs of 
scans from different devices measured on the same fruit (offdiagonal). 
There was some mixing of the devices in the training set, but not in the 
2019 data, where devices were restricted to a certain site (Table  3).

4.2. Model architecture

The model architecture used in these experiments was based on 
previous work on the same dataset. The encoder model consisted of 
an initial convolutional layer with bias set to zero and the weights 
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Table 3
Number of fruit scanned per device in the 2019 test dataset. The diagonal 
elements indicate the total number of fruit measured by the respective device. 
Off-diagonal elements show the number of fruit measured by pairs of devices.
 Device KK1 KK2 TP1 TP2 TP3 
 KK1 797 797 0 0 0  
 KK2 797 798 0 0 0  
 TP1 0 0 592 592 591 
 TP2 0 0 592 594 593 
 TP3 0 0 591 593 593 

set to the Savitzky–Golay second derivative, with a window size of 
13 and second-order polynomial. This layer was frozen so that it was 
equivalent to applying the respective Savitzky–Golay preprocessing. 
Following this, a convolutional layer with 50 filters of size 13 and 
a linear activation function was used as in [20]. The encoder was 
completed by flattening the convolutional layer and connecting a single 
linear dense layer of size 16. A regression head was then added to 
the model, which included a single linear neuron. The justification 
for the simple architecture was to enable a fair comparison between 
the Barlow method and PLSR, while avoiding confounding results with 
model complexity.

4.2.1. PLSR model
The PLSR regression was fit using scikit learn [21] and used Savitzky–

Golay second derivative, with a window size of 13, and a second-order 
polynomial. All models used 16 latent variables to provide a direct 
comparison with the neural network encoder’s architecture. This choice 
was validated using 10-fold cross validation (CV) PLSR models across 
different training set sizes. For SSC prediction, 16 components min-
imised the CV RMSE for moderate training sizes (N = 250 fruit, 648 
scans; N = 500 fruit, 1297 scans), with 17 optimal at N = 1000 fruit 
(2122 scans). For DMC prediction, cross validation selected 20 and 21 
latent variables at N = 100 and N = 250, respectively, but evaluating on 
the test set showed optimal numbers of latent variables to be 12 and 13, 
with 16 latent variables giving similar performance. The small training 
datasets (50 fruit, 150 scans) had a slightly lower optimal (13 latent 
variables) for the SSC and DMC prediction. The consistent use of 16 
latent variables across experiments ensures that architectural changes 
to the models did not affect the Barlow Twins loss’s performance.

4.3. Training procedure

All analyses were conducted in Google Colab notebooks with a T4 
GPU and high RAM backend. Software used included Python 3.11.13, 
Tensorflow 2.18.0, Tensorflow Probability 0.25.0, and scikit-learn 1.6.1.
Models were trained for 1000 epochs using the Lamb optimiser [22] 
with a learning rate of 0.01.

A custom loss function was used for training with a weighted 
combination of 10 𝑥 Barlow loss + 0.5 consistency MSE loss + 0.5 
prediction MSE loss. The 𝜆 parameter in the Barlow loss was set to 
1/15 (the number of latent variables minus one), so that the invariance 
and redundancy terms in Eq.  (1) are equally weighted. For 𝑛 latent 
variables, the 𝑛 × 𝑛 cross-correlation matrix has 𝑛 diagonal elements 
and 𝑛(𝑛 − 1) off-diagonal elements. For the experiments, the Barlow 
loss was computed using only the labelled subset of data (Barlow 
Labelled), or using all available paired device measurements (Barlow 
Full), regardless of whether the fruit had DMC or SSC labels.

4.4. Experiments

4.4.1. Semi-supervised learning
To investigate the effectiveness of semi-supervised learning we used 

different labelled training set sizes (50, 100, 250, 500, 1000, 2924 fruit) 
for separate models predicting DMC and SSC. These fruit were selected 
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by taking the 𝑛 most recent fruit and their respective scans in the 
training set. This approach was more realistic than sampling a random 
subset of scans from the full training set. The full 2924 fruit training set 
(7495 scans) was used as unlabelled data to train the model encoder 
using the Barlow and consistency loss functions. This semi-supervised 
approach (Barlow Full) was compared to a the same model with the 
Barlow loss calculated only on the subset of labelled fruit (Barlow 
Labelled, using the paired device measurements available for those 
fruit, rather than on the full unlabelled dataset. Both methods combined 
the Barlow loss with the regression MSE loss, but differed in the size of 
the dataset used for computing the Barlow loss. Similarly, autoencoder 
models based on methods from [13] were trained on the same datasets 
(AE Full and AE Labelled). Additionally, models trained with the MSE 
loss only and PLS regression with Savitzky–Golay preprocessing were 
included as baselines.

Six modelling approaches were compared based on their loss func-
tions and use of unlabelled data:

• Barlow Full: Barlow Twins loss computed on full training set 
measurements (unlabelled) + MSE loss on labelled subset

• Barlow Labelled: Barlow Twins loss computed only on labelled 
paired measurements + MSE loss on labelled subset

• AE Full: Autoencoder reconstruction loss computed on full train-
ing set measurements (unlabelled) + MSE loss on labelled subset

• AE Labelled: Autoencoder loss computed only on labelled paired 
measurements + MSE loss on labelled subset

• MSE: Standard supervised learning with MSE loss on labelled 
subset only

• PLSR: 16-component PLS regression with Savitzky–Golay prepro-
cessing

4.4.2. Calibration transfer
Calibration transfer experiments involved excluding one device at 

a time from the training data. In each iteration, the excluded device 
served as the target device for testing, with the remaining four serving 
as source devices for training. The scans from the left-out device were 
completely excluded from calculating the Barlow loss to prevent data 
leakage.

Models were fit using different loss functions across increasing 
labelled training set sizes (N = 50, 100, 250, 500, 1000, 2924 fruit):

• Barlow Full: Barlow Twins loss computed on full training set 
measurements from source devices (unlabelled) + MSE loss on 
labelled subset

• Barlow Labelled: Barlow Twins loss computed only on labelled 
paired measurements + MSE loss on labelled subset

• MSE: Standard supervised learning with MSE loss on labelled 
subset only

• PLSR: 16-component PLS regression with Savitzky–Golay prepro-
cessing

Model performance was assessed on the 2019 test data for the 
respective left out device and aggregated across all devices.

4.4.3. Augmentation
The original Barlow Twins paper used image augmentation to train 

the network. This is a viable alternative when collected data is only 
available for a single device. The augmentation method implemented 
here involves adding random samples from a multivariate normal 
distribution  (𝟎,𝜮), where 𝜮 is the empirical covariance of differences 
among devices on kiwifruit measured prior to the current dataset on a 
wider range of devices. The dimension of 𝜮 is equal to the number of 
wavelengths included in the model training. The augmented spectrum 
is then calculated as: 
𝐱′ = 𝐱 + 𝜺, where 𝜺 ∼  (𝟎,𝜮) (3)
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Table 4
Comparison of different loss functions tested on the 2019 data across different 
Training Set Sizes. N represents the number of labelled fruit samples in the 
training set. Full Data uses all training spectra (labelled and unlabelled) for 
calculating the Barlow and Autoencoder losses, while Labelled uses only the 
labelled spectra for these losses. All RMSE values are calculated on the same 
2019 labelled test set.
 Training Measure 2019 test RMSE
 Full data Labelled data only
 N AE Barlow AE Barlow MSE PLS  
 50 DMC 4.23 1.55 3.45 1.69 1.60 1.87 
 100 DMC 3.19 1.33 3.72 2.17 2.45 1.54 
 250 DMC 2.18 1.17 2.05 1.21 1.27 1.27 
 500 DMC 2.40 1.20 2.14 1.24 1.17 1.38 
 1000 DMC 3.97 1.19 1.84 1.15 1.15 1.42 
 2924 DMC 1.31 1.17 1.58 1.14 1.11 1.42 
 50 SSC 3.19 2.07 2.77 1.97 4.61 1.74 
 100 SSC 2.91 2.26 2.28 2.22 2.91 2.25 
 250 SSC 2.29 1.98 2.34 1.92 2.03 1.70 
 500 SSC 2.73 1.96 2.32 1.84 2.22 1.42 
 1000 SSC 2.15 1.65 2.42 1.63 1.70 1.39 
 2924 SSC 1.43 1.49 1.64 1.43 1.46 1.62 

See [17] for more details. If the Barlow loss is used for training on 
unlabelled scans from a single device, it is effectively only enforcing the 
latent variables to be orthogonal and has no invariance to device varia-
tion. For these experiments, the model was fitted on data from a single 
device, while augmenting the unlabelled spectra to train the encoder 
using the Barlow loss function and MSE loss to train the regression 
head on the labelled data. For comparison, equivalent models trained 
using only the labelled data were also created. Model performance was 
assessed on the 2019 test data for the respective device and all other 
devices separately.

5. Results

5.1. Semi supervised learning

Table  4 summarises the performance on the 2019 data of semi-
supervised (SSL) and supervised learning (SL) approaches using differ-
ent loss functions (Barlow, AE, MSE) compared to a PLSR baseline.

Generally, all models improved as the number of fruit included in 
the labelled training set increased. The main exception was for the 
autoencoder loss, which performed the worst until the full training set 
was used. However, at 𝑁 = 2924 fruit, the SL and SSL methods are 
equivalent and there is considerable differences observed (RMSE 1.31 
and 1.43 compared to 1.58 and 1.64 respectively), indicating it may be 
less stable than the Barlow loss.

Among the neural network approaches, the Barlow loss consistently 
achieved the best performance, especially with the smaller training sets. 
For large training sizes, there appeared to be no negative impact to 
using the Barlow loss, with the test RMSE being practically identical 
to that of training the same model using only the MSE loss. The SSL 
method with the Barlow loss reduced the RMSE at the smaller training 
sets for the DMC, with SSL and SL results converging as the sample size 
increases. This is expected as the data used to calculate the Barlow loss 
in the SL model is a subset of the full data used in the SSL.

These RMSE reductions were consistent across the range of observed 
DMC and SSC values.

Compared to the PLS baseline, the Barlow and MSE models out-
performed PLSR for DMC. Interestingly, when training on 100 labelled 
fruit instead of 50, the RMSE increased for the SL neural networks, but 
not PLSR or the SSL neural networks. For SSC, PLSR had the lowest 
RMSE until the full training set was used.
5 
(a) 

(b) 

Fig. 3. Calibration transfer results for DMC (a) and SSC (b) prediction using 
leave-one-device-out validation. Models were trained on four source devices 
and tested on the remaining target device using different loss functions and 
increasing numbers of labelled fruit in the training set. RMSE is averaged 
across all five target devices. Barlow Twins (full data) uses all training set 
data for the Barlow loss, while Barlow Twins (labelled data) uses only the 
labelled data.

5.2. Calibration transfer

The results of leaving a single device out of the training set and 
testing on that respective device are summarised in Figs.  3(a) and 3(b). 
As expected, the RMSE generally decreased across the models as the 
number of fruit included in the training set increased.

For both DMC and SSC prediction the Barlow loss models consis-
tently outperformed the PLSR baseline and prevented the extremely 
poor performance of the equivalent CNN with the MSE loss only. This 
CNN showed instability at the low to moderate training sizes with 
RMSE exceeding 12% for DMC at N = 500 fruit and 7 ◦Brix for SSC at 
N = 50 fruit despite low training losses, indicating overfitting to source 
devices. In contrast, both Barlow models were stable across all labelled 
training sizes.

Including the full data for the Barlow Twins loss showed some 
improvement over using the labelled data only (Fig.  3(a)) with lower 
RMSE for the smaller training set sizes (50 and 100 fruit). However, 
this was not observed for the SSC prediction (Fig.  3(b), where the two 
Barlow Twins models showed practically identical performance across 
all the training sizes. The Barlow Twins loss provides regularisation 
by constraining the structure on the encoder embeddings to have low 
redundancy in the latent variables and high device invariance, similar 
to PLSR latent variables. Neither of these methods had the extreme 
RMSE observed with the less constrained MSE training.

5.2.1. Augmentation
Results of training on augmented spectra from a single device and 

predicting on 2019 data from the same device are shown in Figs.  4(a) 
and 4(c). Results for predicting on the remaining four devices not used 
in training are shown in Figs.  4(b) and 4(d). Contrary to previous 
results, there appears to be little benefit in using the full unlabelled 
training set for a given device when minimising the Barlow loss over 
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using the labelled data only. The RMSE values for the two Barlow 
Twins methods are consistently similar across the two measures and 
training sizes. The only notable exception is SSC at N = 100 fruit 
when predicting on the same device, which appears to be driven by 
a single device at that training size(data not shown). The similarity 
in Barlow Twins results may be explained by the augmentation used, 
adding an independent random sample from a multivariate Gaussian 
distribution. Since this is independent of the observed spectra being 
added to, there is less to gain in increasing the unlabelled data than 
if the augmentation depended on the observed spectra. More complex 
augmentation techniques that are related to the observed spectra may 
benefit from semi-supervised techniques.

The Barlow loss function provided, whether used with the labelled 
data only or the additional unlabelled data, saw lower RMSE than 
training with the MSE loss function at the smaller training sizes. This 
was more pronounced when testing on devices left out of training (Figs. 
4(b) and 4(d)).

6. Discussion

6.1. Advantages over traditional approaches

Barlow Twins improves upon PLSR by explicitly learning device-
invariant representations. PLSR learns latent variables that maximise 
covariance with the target while enforcing orthogonality. However, 
it lacks a specific mechanism to ensure that these latent variables 
are invariant to device variability. The Barlow loss simultaneously 
reduces redundancy (like PLSR) while also enforcing that paired mea-
surements of the same fruit produce similar embeddings, regularising 
the network to prevent overfitting to device specific features. This 
overfitting is observed in the calibration transfer results in Fig.  3, 
where the CNN trained with the MSE loss overfits to the training 
devices, producing the highest RMSE for both SSC and DMC. In con-
trast, the models that included the Barlow loss were stable because 
of the invariance constraint, which penalises device-specific encodings. 
As the labelled data increase, PLSR’s regularisation via dimensionality 
reduction and covariance maximisation becomes sufficient, and the 
benefits of semi-supervised learning diminish (Table  4).

6.2. Limitations and challenges

The current research focused on the Barlow Twins method in a semi-
supervised method, without optimising the architecture of the encoder 
or regression head. The results may vary for a more flexible architec-
ture. Limited experiments with deeper encoders encountered training 
issues with exploding gradients, although this was overcome by using 
the SELU [23] activation function and LeCun norm initialisation for the 
encoder.

A potential issue is that fixing the number of latent variables to 
16 may disadvantage PLSR models. We investigated this by repeating 
the experiments in Table  4 using 10-fold CV to select the optimal 
number of PLSR latent variables. The CV-optimised models showed 
performance similar to, or slightly worse than, that of the models 
with 16 components. Some improvement was observed at the largest 
training size, where CV selected more latent variables, but this did not 
change the overall conclusions.

Another limitation is the augmentation used for NIR spectra; we 
employ the method from [17], but alternative augmentation methods 
could also be considered. Temperature variations, for example, have 
been shown to be associated with wavelength shift in raw milk [24]. 
Augmenting the data by wavelength shifting for use with this model 
may improve model sensitivity to these effects.

DMC and SSC may vary throughout the fruit depending on the 
tissue location sampled. The NIR measurements were taken at consis-
tent locations to minimise this variation. The success of the Barlow 
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(a) 

(b) 
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(d) 

Fig. 4. Models trained with different loss functions on augmented spectra from 
a single device. Models were evaluated on 2019 data for the same device (DMC 
in (a), SSC in (c)) and from the remaining four devices (DMC in (b), SSC in 
(d)). RMSE is averaged across the five training devices with varying numbers 
of labelled fruit. Barlow Twins (full data) uses all training set data for the 
Barlow loss, while Barlow Twins (labelled data) uses only the labelled data. 
The rightmost point (1985) represents the maximum available training data, 
which varied by device (881 to 1985 fruit).
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Twins method suggests that the paired measurements were based on 
sufficiently similar tissue.

While we investigated the Barlow Twins approach, other semi-
supervised learning approaches could also perform well. The com-
parison to the autoencoder method used in [13] was limited due 
to the lack of details of their model architecture. The autoencoder 
employed here was based on a separate paper looking at NIR spectra 
from the same brand of devices as used here [10], but there may be 
alternative autoencoder architectures better suited to kiwifruit. Other 
self-supervised methods could also improve performance. For exam-
ple, variance–invariance–covariance regularisation (VicReg) [25] is a 
similar method to Barlow Twins. While preliminary experiments (not 
shown) with this did not improve over the Barlow Twins method, a 
more thorough investigation may yield improved results.

6.3. Practical implications

Large quantities of unlabelled data may not always be available, but 
the method is reasonably straightforward to implement and showed 
benefits even with smaller datasets. The computational overhead is 
modest and mainly due to the increased number of calculations in-
volved in comparing all pair-wise device combinations of the same fruit 
for the Barlow Twins loss. For optimal results, unlabelled data should 
be collected in a systematic way to improve robustness to various 
effects. This could be multiple scans on the same fruit at different 
temperatures, multiple devices scanning the same fruit (as observed 
here), or multiple measurements at different locations on the fruit, as 
is seen in commercial fruit graders.

7. Conclusions

The results show the potential benefit of self-supervised learning 
for NIR spectroscopy, through adapting the Barlow Twins method for 
regression tasks. The greatest benefit over traditional PLS regression 
in terms of RMSE is consistently observed when the labelled data 
is limited. The robustness of the method to device variation could 
be particularly useful in practice. Labelling enough spectra to train 
a new device using standard supervised methods, such as PLSR, can 
be time-consuming and expensive. For example, each kiwifruit DMC 
measurement requires two equatorial slices to be dried for 24 h at 
65 ◦C [26]. Conversely, spectral measurements of the same kiwifruit 
are simple and quick, taking about 4–6 s per scan for the Felix f-750 
handheld devices used to collect the data in this study [27].

Future work could explore alternative self-supervised learning meth-
ods, find optimal model architectures for this application, and ap-
propriate augmentation methods for the model to learn invariance. 
Additionally, measuring the same fruit from the same device multiple 
times would allow for an investigation into whether methods such as 
the one presented in this paper are able to reduce measurement error.
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