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Sample-oriented Domain Adaptation for Image
Classification

Mojdeh Zandifar & Jafar Tahmoresnezhad”
Faculty of IT & Computer Engineering, Urmia University of Technology, Urmia, Tran

Abstract

Image processing is a method to perform some operations on an image, in order to get an enhanced image or
to extract some useful information from it. The conventional image processing algorithms cannot perform
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well in scenarios where the training images (source domain) that are used to learn the model have a different
distribution with test images (target domain). Also, many real world applications suffer from a limited
number of training labeled data and therefore benetit from the related available labeled datasets to train the
model. In this way, since there is the distribution difference across the source and target domains (domain
shift problem), the learned classifier on the training set might perform poorly on the test set. Transfer learning
and domain adaptation are two outstanding solutions to tackle this challenge by employing available datasets,
even with significant difference in distribution and properties, to transfer the knowledge from a related
domain to the target domain. The main assumption in domain shift problem is that the marginal or the
conditional distribution of the source and the target data is different. Distribution adaptation explicitly
minimizes predefined distance measures to reduce the difference in the marginal distribution, conditional
distribution, or both. In this papcr, wc address a challenging scenario in which the source and target domains
are different in marginal distributions, and the target images have no labeled data. Most prior works have
explored two following learning strategies independently for adapting domains: feature matching and
instance reweighting. In the instance reweighting approach, samples in the source data are weighted
individually so that the distribution of the weighted source data is aligned to that of the target data. Then, a
classifier is trained on the weighted source data. This approach can effectively eliminate unrelated source
samples to the target data, but it would reduce the number of samples in adapted source data, which results
in an increase in generalization errors of the trained classifier. Conversely, the feature-transform approach
creates a feature map such that distributions of both datasets are aligned while both datasets are well
distributed in the transformed feature space. In this paper, we show that both strategies are important and
inevitable when the domain difference is substantially large. Our proposed using sample-oriented Domain
Adaptation for Image Classification (DAIC) aims to rcduce the domain difference by jointly matching the
features and reweighting the instances across images in a principled dimensionality reduction procedure, and
construct new feature representation that is invariant to both the distribution difference and the irrelevant
instances. We extend the nonlinear Bregman divergence to measure the difference in marginal, and integrate
it with Fisher’s linear discriminant analysis (FLDA) to construct feature representation that is effective and
robust for substantial distribution difference. DAIC benefits pseudo labels of target data in an iterative
manner to converge the model. We consider three types of cross-domain image classification data, which are
widely used to evaluate the visual domain adaptation algorithms: object (Officet+Caltech- 256), face (P1E) and
digit (USPS, MNIST). We use all three datasets prepared by and construct 34 cross-domain problems. The
Office-Caltech-256 dataset is a benchmark dataset for cross-domain object recognition tasks, which contains
10 overlapping categories from following four domains: Amazon (A), Webcam (W), DSLR (D) and Caltech256
(C). Therefore 4 x 3 =12 cross domain adaptation tasks are constructed, namely A — W, ..., C — D. USPS
(U) and MNIST (M) datasets are widely used in computer vision and pattern recognition tasks. We conduct
two handwriting recognition tasks, i.e., usps-mnist and mnist-usps. PIE is a benchmark dataset for face
detection task and has 41,368 face images of size 3232 from 68 individuals. The images were taken by 13
synchronized cameras and 21 flashes, under varying poses, illuminations, and expressions. PIE dataset
consists five subsets depending on the different poses as follows: PIE1 (C05, left pose), PIE2 (C07, upward
pose), PIE3 (C09, downward pose), PIE4 (C27, frontal pose), PIES (C29, right pose). Thus, we can construct
20 cross domain problems, i.e., P1 — P2, P1 — P3, ..., P5 — P4. We compare our proposed DAIC with two
baseline machine learning methods, i.e., NN, Fisher linear discriminant analysis (FLDA) and nine state-of-
the-art domain adaptation methods for image classification problems (TSL, DAM, TJM, FIDOS and LRSR).
Due to these methods are considered as dimensionality reduction approaches, we train a classifier on the
labeled training data (e.g., NN classifier), and then apply it on test data to predict the labels of the unlabeled
target data. DAIC efficiently preserves and utilizes the specific information among the samples from different
domains. The obtained results indicate that DAIC outperforms several state of-the-art adaptation methods
cven if the distribution diffcrence is substantially large.

Keywords: lmage processing, Transfer learning, Bregman divergence, Marginal distribution difference
reduction, Dimensionality reduction
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2 Importance Sampling

3 Sample selection sparse coding
4 Sparce coding
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! Bregman divergence
2 Taylor expansion
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The irrelevant source instances are now down-weighted to
further reduce domain difference (b vs ¢).
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(Table-1): Description of Databases
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(Table-5): Influence of tensile setting parameter t on the
number of samples selected from the source domain

T 0.01 0.1 1 10 100
U-M# 890 430 98 39 0
P1-P5# 1800 1800 | 1800 780 40
C-A# 1068 646 494 73 2
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(Table-2): Classification accuracy (%) on Office and Caltech-256 datasets.

Datasct [ NN | FLDA | TJM | TSL | DAM | FIDOS | LRSR | VDA | CLGA | CDDA | FLDA, | DAIC
C-A 237 | 4022 | 4676 | 32.78 | 42.69 | 44.78 51.25 | 46.14 | 48.02 48.33 523 53.03
C-W 25.76 | 40.11 39.98 | 44.07 | 34.58 38.64 38.64 46.1 42.37 44.75 41.8 48.81
C-D 2548 | 39.99 [ 44.59 | 49.04 | 33.12 42.68 47.13 | 51.59 | 49.04 48.41 38.86 47.13
A-C 26 4136 | 3945 | 21.1 | 3535 | 39.63 43.37 | 4221 | 42.30 42.12 41.85 415
A-W 29.83 | 41.65 | 42.03 | 24.34 | 31.86 | 37.29 36.61 | 51.19 | 41.36 41.69 31.39 51.86
A-D 2548 | 40.89 | 4522 | 49.04 | 36.31 3248 38.85 | 48.41 | 3631 97.58 40.95 50.32

1L sldioldya paguas i)l s

W-C 19.86 40 30.19 | 22.53 | 33.84 25.29 29.83 27.6 32.95 31.97 33.39 34.55
W-A 2296 | 4290 | 29.96 | 27.24 | 37.58 31.32 34.13 26.1 34.75 37.27 37.68 42.90
W-D 39.24 | 41.52 | 89.17 | 61.78 | 80.87 70.7 82.80 | 89.18 | 92.36 87.9 60.43 90.45

D-C 26.27 | 43.21 | 31.43 | 22.71 | 3241 27.69 31.61 | 31.26 [ 33.66 34.64 33.04 31.97
D-A 28.5 42.56 | 32.78 | 19.83 | 34.34 28.6 33.19 | 37.68 [ 35.99 3351 3243 41.75

D-W 63.39 | 4291 [ 8542 | 60.68 | 77.63 58.98 77.29 | 90.85 [ 89.83 90.51 69.97 92.88
Avcrage | 31.37 | 41.38 | 4441 | 37.09 | 42.55 39.84 45.39 | 49.03 [ 4823 47.22 42.84 52.21

Qials ks § oS 4SS ol 3 031
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(Table-3): Classification accuracy (%) on PIE datascts.

Datasct [ NN | FLDA | TIJM | TSL | DAM | FIDOS | LRSR | VDA [ CLGA | CDDA | FLDA, | DAIC
P1 P2 | 26.09 | 33.89 | 23.87 | 33.46 | 46.65 20.87 65.87 | 40.09 | 67.83 60.22 37.63 82.63
P1_P3 26.59 | 33.56 | 28.86 | 33.58 | 45.04 27.51 64.09 | 4522 [ 63.85 58.7 47.55 78.06
P1 _P4 | 30.67 | 32.93 | 43.37 | 35.27 | 68.52 39.62 82.03 | 71.64 | 88.95 83.48 69.18 92.67
P1 P5 16.67 | 38.79 19.3 | 26.78 | 28.74 22.79 5490 | 33.33 | 61.76 54.17 36.09 64.95
P2 P1 | 2449 | 3529 | 26.14 | 45.47 | 3532 27.79 45.54 | 55.58 | 71.40 62.33 38.6 76.65
P2 P3 | 46.63 | 34.78 | 37.93 | 42.59 | 35.78 34.8 5349 | 57.23 [ 72.98 64.64 4491 71.7

45.63

31.43

GO ) MO

4

P2 P4 54.07 | 35.17 | 50.53 S. 72.33 46.59 71.43 | 68.82 | 86.24 79.9 69.84 89.67
P2 P5 | 26,53 | 3241 | 21.63 35.11 27.63 47.97 | 35.23 | 51.23 44 34.01 64.22
P3 P1 | 21.37 | 37.36 | 28.66 | 42.44 41 33.19 5249 | 46.64 | 70.17 58.46 44.48 71.58
P3 P2 | 41.01 | 37.03 | 3597 | 37.02 | 59.36 36.28 55.56 | 53.04 [ 73.48 59.73 40.7 82.26
P3 P4 | 4653 | 3845 | 5197 | 41.12 | 72.33 53.08 77.50 | 62.75 | 89.31 77.2 69.42 88.22
P3 P5 | 2623 | 3259 | 2531 | 30.27 | 40.32 35.29 54.11 | 39.22 [ 5551 47.24 46.81 72.49

P4_PI1 32,95 | 34.53 | 45.71 | 36.49 | 69.36 51.35 81.54 | 71.55 | 89.56 83.1 72.09 93.88
P4 P2 | 62.68 | 3521 | 57.58 | 39.29 | 77.29 S1.87 5839 | 75.51 | 92.94 82.26 65.56 95.27
P4 P3 [ 73.22 | 3496 | 71.63 | 43.01 | 76.72 66.05 82.23 | 80.21 | 93.08 86.64 72.79 93.81
P4_P5 | 37.19 | 34.80 | 30.94 | 32.11 | 61.15 42.65 72.61 | 53.06 | 71.63 58.33 59.25 84.99
PS _PI 18.49 | 31.81 [ 27.13 | 37.39 | 30.52 | 21.13 52.19 | 49.01 57.68 48.02 39.83 59.03
PS_P2 24.1 29.28 | 22.65 | 34.62 | 37.14 22.9 49.41 | 38.67 | 55.43 45.61 34.62 71.09
P5 _P3 | 2831 | 34.06 | 28.86 | 35.11 | 41.11 26.41 58.45 36.4 58.03 52.02 50.67 74.45
PS_P4 | 31.24 | 29.12 | 32,59 | 46.08 | 39.14 | 31.12 6431 | 46.11 | 71.85 55.99 62.06 86.57
Average | 34.76 | 34.30 [ 35.53 | 37.46 | 49.5 35.95 61.53 | 52.97 | 72.15 63.1 51.81 80.01
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(Table-4): Classification accuracy (%) on USPS+ MNIST datasets

Dataset | NN | FLDA | TJM | TSL | DAM | LRSR | VDA | CDDA | FLDA,, | DAIC
U-M | 447 | 7351 | 5225 | 50.74 | 42.69 | 54.51 | 62.95 | 6205 | 6054 | 6850
M-U | 6594 | 6489 | 6328 | 59.6 | 52.83 | 73.82 | 7472 | 7622 | 7321 | 83.00

Average | 55.32 | 5831 | 57.76 | 55.17 | 47.76 | 64.16 | 08:84 | 69.13 | 6687 | 75.75
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(Figure-3): An overview of the proposed method. DAIC projects the source and target data into a shared low dimensional subspace
based on Bregman divergence minimization and FLLDA criteria and at the same time, the use of a weight matrix reduces the impact of

unrelated instanees on the source domain. Since it is mathematically difficult to optimize them simultancously, we adopt an interative
approach in which the optimization of feature transform and that of instance weight are conducted alternately.
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(Figurc-4): Classification accuracy (%) on Officc and Caltech-256 datascts using different methods NN, FLDA, TSL, DAM, FIDOS,

TJM, LRSR and DAIC.
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(Figurc-5): Classification accuracy (%) on PIE datascts using diffcrent methods NN, FLDA, TSL, DAM, FIDOS, TJM, LRSR and DAIC.
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(Figure-8): Comparison of the accuracy (%) of the proposed

model with respect to the reduction of marginal distribution
and sample reweighting
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(Figure-6): Classification accuracy (%) on Digit datasets using
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100 M FLDA M FLDA™

N B
[olwle]lw]
Accuracy(%)

Average Average (PIE) Average
{USPS) Datasct (Office)

Gl @ a2 g7 b (golesliony Joo (1) €8 Lo :(V=JS&)
FLDA (i3 3 slambl> 595 S

(Figure-7): Comparison of the accuracy (%) of the proposed
model with regard to the reduction of the marginal distribution
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