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Introduction

• White matter (WM) tract segmentation based on diffusion magnetic resonance imaging (dMRI)
provides a useful quantitative tool for brain research. Convolutional neural networks (CNNs)
have achieved state-of-the-art performance for WM tract segmentation.

• A large number of manual delineations can be made for a set of WM tracts of interest for net-
work training. However, annotating WM tracts is time-consuming and expensive. When novel
WM tracts, i.e., tracts that have not been included in existing annotated tracts, are to be analyzed,
repeating the laborious annotations for these novel tracts is prohibitive.

• The knowledge learned for segmenting existing WM tracts can be transferred to the segmentation
of novel WM tracts, so that the segmentation network can learn adequately for segmenting novel
WM tracts given only a few scans with annotated novel WM tracts.

• The classic fine-tuning strategy [1] can be used for the knowledge transfer in the few-shot setting.
In classic fine-tuning, the feature extraction layers of the network for segmenting existing WM
tracts are used to initialize the target model for segmenting novel WM tracts, and the last layer of
the target model is randomly initialized.

• Classic fine-tuning completely discards the information in the last task-specific layer for segment-
ing existing WM tracts. Since WM tracts can be correlated, the knowledge about segmenting
existing WM tracts may also inform the segmentation of novel WM tracts.

• We exploit the information in this last task-specific layer as well by assuming that the novel WM
tracts can be predicted by the existing WM tracts. The prediction is achieved with the logits of
existing WM tracts and is formulated as a logistic regression problem. Based on this formulation,
a better initialization is derived for the network that segments novel WM tracts.

• Further, the derivation motivates a more adaptive use of the knowledge in the last layer for seg-
menting existing WM tracts. This can be conveniently achieved by simply inserting a warmup
stage before classic fine-tuning.

Methods

• Suppose we have a CNN-based segmentation model trained with abundant annotations for a set
of WM tracts. We are interested in the segmentation of a novel set of WM tracts that are not con-
sidered during the training of the given model, and only a few manual annotations are available
for these tracts.
– X: input image.
–Me andMn: network models for segmenting existing and novel WM tracts, respectively.
– Le and Ln: the last layer ofMe andMn, respectively.
– θe and θn: task-specific weights in Le and Ln, respectively.
– θ: the other weights inMe orMn.
– Pv

e and Pv
n: vectors of segmentation probabilities at the v-th voxel for existing and novel WM

tracts, respectively.
• Le and Ln generally use a convolution with a kernel size of one to classify each voxel [3], which is

equivalent to matrix multiplication (plus a bias vector) at each voxel. Therefore, the segmentation
probabilities can be expressed as

Pv
e = σ (WeF

v + be) and Pv
n = σ (WnF

v + bn) , (1)

– Fv: feature vector at the v-th voxel of the feature map F.
– {We, be} and {Wn, bn}: the actual parameters in θe and θn, respectively.
– σ(·): the sigmoid activation.

• We assume that the novel WM tracts can be predicted with the logits He of existing WM tracts
given by the trained modelMe.
–M is the number of existing WM tracts.
– The logit vector at voxel v given by the trainedMe is denoted by Hv

e = (hve,1, . . . , h
v
e,M)T.

– The prediction pve→n,j of the j-th novel WM tract at voxel v from the information of existing
WM tracts is achieved with a logistic regression:

pve→n,j =
1

1 + exp
(
−(bj +

∑M
i=1wijh

v
e,i)
), (2)

where wij and bj are the regression parameters.
• Suppose the total number of novel WM tracts is N . Combining the prediction of all novel WM

tracts into Pv
e→n, we simply have

Pv
e→n = σ (WHv

e + b) , (3)

where

W =

w11 . . . w1M
... . . . ...

wN1 . . . wNM

 and b = [b1, . . . , bN ]
T. (4)

• Note that Hv
e = W̃eF̃

v + b̃e, where F̃v corresponds to the v-th voxel of F̃ = f (X; θ̃).
– θ̃: the learned values of θ for existing WM tracts.
– W̃e and b̃e: the values of We and be learned for existing WM tracts, respectively.
Then, we have

Pv
e→n = σ

(
W
(
W̃eF̃

v + b̃e

)
+ b
)
= σ

(
WW̃eF̃

v +Wb̃e + b
)
. (5)

The estimates of W and b from Eq. (5) are denoted by W̃ and b̃, respectively.
• Comparing Eqs. (1) and (5), Wn and bn are initialized as

Wn← W̃W̃e and bn← W̃b̃e + b̃. (6)
• A more convenient implementation: if we let W′ = WW̃e and b′ = Wb̃e + b, Eq. (5) becomes

Pv
e→n = σ

(
W′F̃v + b′

)
. (7)

– The estimated values of W′ and b′ can be used to initialize Wn and bn.
– This is equivalent to inserting a warmup stage before the classic fine-tuning.

Results
• We selected the Human Connectome Project dataset [2] for evaluation

– 60 and 12 tracts were selected as the existing and novel WM tracts, respectively.
– A segmentation model was trained for the existing WM tracts using 65 dMRI scans.
– For segmenting the novel WM tracts, we selected four other dMRI scans for network fine-tuning

(three for training and one for validation).
– 30 dMRI scans were used for testing.

• The original initialization strategy and the more convenient implementation are referred to as
Ours1 and Ours2, respectively.

• We compared our methodology with the baseline TractSeg, Atlas FSL, and classic fine-tuning
(FT) qualitatively and quantitatively using the Dice coefficients.

• The upper bound (UB) performance achieved with abundant annotations of the novel WM tracts
(trained from scratch) was also computed.

• We further investigated the impact of the number of training scans annotated for the novel WM
tracts on the segmentation accuracy.

• An addition evaluation metric of relative volume difference (RVD) was also considered.

Figure 1: Cross-sectional views of the segmentation results (red) overlaid on the fractional anisotropy maps for representative
test subjects and novel WM tracts. The manual delineations are also shown for reference.

Figure 2: Boxplots of the average
Dice coefficient for each tract. The
means of the average Dice coef-
ficients are indicated. The effect
sizes (Cohen’s d) between Ours2
and the other methods are also
listed. Asterisks indicate that the
difference between Ours2 and the
other method is significant using a
paired Student’s t-test. (∗p < 0.05,
∗∗∗p < 0.001.)

Annotated Baseline Atlas FSL FT Ours1 Ours2 UBtraining scans

1
Dice 0 0.645 0.590 0.777 0.784 0.828
d 20.444 1.919 1.944 0.131 - -
p *** *** *** ** - -

5
Dice 0.052 0.683 0.757 0.811 0.812 0.830
d 10.362 2.004 1.000 0.021 - -
p *** *** *** n.s. - -

Table 1: The means of the average Dice coefficients of the 12 novel WM tracts achieved with different numbers of annotated
training scans. Our results are highlighted in bold. The effect sizes (Cohen’s d) between Ours2 and the other methods are also
listed. Asterisks indicate that the difference between Ours2 and the other method is significant using a paired Student’s t-test.
(∗∗p < 0.01, ∗∗∗p < 0.001, n.s. p ≥ 0.05.)

Annotated Baseline Atlas FSL FT Ours1 Ours2 UBtraining scans

1
RVD 1 0.182 0.392 0.156 0.151 0.105
d 17.458 0.403 1.854 0.067 - -
p *** * *** n.s. - -

3
RVD 0.986 0.175 0.207 0.130 0.129 0.107
d 20.566 0.671 0.901 0.009 - -
p *** * * n.s. - -

5
RVD 0.955 0.199 0.158 0.129 0.131 0.105
d 11.234 0.815 0.372 0.036 - -
p *** * * n.s. - -

Table 2: The means of the average RVDs of the 12 novel WM tracts. Our results are highlighted in bold. The effect sizes
(Cohen’s d) between Ours2 and the other methods are also listed. Asterisks indicate that the difference between Ours2 and the
other method is significant using a paired Student’s t-test. (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001, n.s. p ≥ 0.05.)

Conclusion
• We have explored the knowledge transfer from the segmentation of existing WM tracts to few-

shot segmentation of novel WM tracts.
• Unlike classic fine-tuning, we seek to also exploit the information in the pretrained task-specific

layer. The incorporation of this knowledge allows better initialization for the network that seg-
ments novel WM tracts.

• Experimental results on the HCP dataset indicate the benefit of our method for the segmentation
of novel WM tracts.
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