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Abstract

This paper proposes a cross-domain image recognition method based on transfer learning and
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enhanced low-rank representation (TLELRR), aimed at addressing performance degradation caused
by significant feature distribution discrepancies and inconsistent label structures between the source
and target domains. We augment the classic low-rank representation framework with sparse regu-
larization and graph regularization to boost the model’s robustness and discriminative power. Spe-
cifically, sparse regularization is imposed on the reconstruction coefficient matrix, encouraging each
target domain sample to be effectively represented using only a few source domain samples, which
helps capture the local manifold structure and improves robustness. Meanwhile, graph regulariza-
tion constructs a similarity graph based on sample relationships and incorporates the graph Lapla-
cian to embed local geometric information into the low-rank modeling process, thereby enhancing
the model’s adaptability to domain shifts. Compared with a series of classical non-deep transfer learn-
ing methods, the TLELRR framework proposed in this paper shows better performance on multiple
benchmark tasks.
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Figure 1. Partial images of the Office and Caltech-256 datasets
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4.2.

Table 1. Classification accuracies (%) of different methods on the office and caltech-256 data sets

%= 1. FEIFSETE office F caltech-256 #IBE_FRIS LEMHE (%)

The classification accuracy by NN The classification accuracy by SVM
Dataset NN* PCA GFK TSL TCA RDALR LTSL Our SVM* TSL RDALR LTSL Our
C—A 2370 3695 41.02 4447 3789 38.20 2526 51.25 50.09 52.30 52.51 24.11 53.34
C—>W 2576 3254 40.68 3424 26.78 38.64 1932 38.64 43.05 40.34 40.68 2293 45.76
C—D 2548 3822 38.85 4331 3949 4140 21.02 47.13 4777 49.04 45.22 14.58 50.96
A—C 26.00 3473 40.25 37.58 3473 37.76 1692 43.37 42.79 4328 43.63 2136 44.70
A—-W 2983 3559 3898 3390 2847 37.63 1458 36.61 37.03 3458 3593 18.17 38.31
A—-D 2548 2739 3631 26.11 3439 33.12 21.02 38.85 3722 38.85 3694 2229 3949
W—-C 19.86 2636 30.72 29.83 2636 29.30 3464 29.83 2947 3143 28.05 34.64 30.28
W—A 2296 31.00 29.75 30.27 31.00 30.06 39.56 34.13 34.15 34.66 31.21 39.46 34.66
W—-D 5924 77.07 80.89 87.26 83.44 87.26 72.61 82.80 80.62 79.62 83.44 72.61 82.80
D—-C 2627 29.65 30.28 28.50 30.28 31.70 35.08 31.61 30.11 33.13 32.32 3535 30.72
D—A 2850 32.05 32.05 27.56 3090 32.15 39.67 33.19 32.05 32.57 33.72 3935 33.19
D—-W 6339 7593 7559 8542 7322 86.10 7492 7729 7220 72.54 72.54 7492 76.61
Average 31.37 39.79 4295 4237 39.75 43.61 3455 4539 4470 4520 44.68 3498 46.73

N T VERRANE 7 100 4y 2R, FRATITE Office M1 Caltech 256 ##i4E FREAT T 255 51 H ARIS 5L
%o BATREHLEFEPIAD T RN, FFiESF —DEEREMFE VBRI ik, BABEME T 12 s

DOI: 10.12677/jisp.2025.144045 501 & 555 Ak #


https://doi.org/10.12677/jisp.2025.144045

KR,

H

ZEFREE, i AC—~D, AC—W, -+, DW—C. SLILERINE 2 frx. AW TE MRS T R4
FHEE

Table 2. Classification accuracies (%) of multiple source domains vs single target domain

F 2. ZiRE vs BRI LETHR%)

The classification accuracy by NN The classification accuracy by SVM

Data set
NN* PCA GFK TSL RDALR LTSL Our SVM" TSL RDALR LTSL Our

AC—»D 3376 40.13 4586 46.50 35.67 3439 49.05 50.78 53.50 24.84 4331 47.13
AC—-W 3119 3797 3932 33.56 28.47 2746 3797 4144 4847 19.32 2983  37.29
AD—-C 2850 3722 3989 41.67 36.33 21.73 4524 4409 4426 17.28 22.89  45.68
AD—>W 4915 5525 66.78 5424 66.78 26.78 6271 57.03 56.95 17.29 2746 5898
AW—-C 2760 3562 3740 42.03 36.60 2698 45.06 4298 46.66 16.38 26.80 45.33
AW—-D 6433 7325 8153 63.06 77.07 4140 7452 7098 71.34 20.38 3822 7197
C.D—A 2432 3455 3727 4520 39.56 2630 51.78 53.64 53.86 18.16 2839 50.73
C.D—-W 3492 4814 6576 50.85 60.34 29.83 5932 59.03 60.68 22.37 30.17 59.32
CW—A 2443 3570 3925 4520 41.02 30.06 50.63 5159 54.70 15.76 30.90 52.19
CW—D 47.13 6624 7898 5223 73.89 3822 67.52 6794 66.24 18.47 40.13  69.43
D,W—A 2923 3580 38.10 3424 32.99 37.89 3643 3133 37.06 15.55 37.79 35.07
DW—-C 2547 2858 3045 31.26 29.92 33.57 31.61 30.77 3446 15.23 33.57 31.52
Average 3497 44.04 50.05 45.00 46.55 3122 5099 50.19 5235 18.42 3246 50.39
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Table 3. Classification accuracies (%) of different methods on the office, caltech-256 data sets

2 3. TEF5ELE office. caltech-256 #IBEE _FHI S AR (%)

Dataset Sparse Low-rank No-slack Our

C—A 51.16 51.25 49.16 51.25

DOI: 10.12677/jisp.2025.144045 502 & 555 Ak #


https://doi.org/10.12677/jisp.2025.144045

RRA, HHERH

Bk
C—»W 37.63 36.95 38.58 38.64
C—D 47.13 45.86 45.86 47.13
A—C 43.19 43.37 42.39 43.37
A—W 35.93 34.58 36.27 36.61
A—D 38.85 38.22 38.85 38.85
W—C 29.30 29.39 29.30 29.83
W—A 34.13 34.03 34.13 34.13
W—D 82.17 82.17 80.25 82.80
D—C 31.52 31.08 31.61 31.61
D—A 33.40 33.46 32.67 33.19
D—-W 77.17 76.61 75.93 77.29
456 EE—
$45.4
§45-2 B Sparse
g 45.0 B Low-rank
c 44.8 " No-slack
2446
S B Our
E44.4
B44.2
Figure 2. Mean classification accuracies (%) of different meth-
ods on the Office, Caltech-256 data sets
[ 2. REJF3ELE Office Caltech-256 #iEEE FHI T34
HERHZE(%)
Low-rank Sparse Our
Figure 3. Visualization of obtained reconstruction coefficient
matrices Z in different experiments
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