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Abstract:
The California Bearing Ratio (CBR) test is the most widely used method for evaluating subgrade strength and for the design of flexible
pavements, but the standard soaked CBR procedure typically requires between four and five days to complete, a duration that can be a
challenge when infrastructure must be delivered quickly. This study presents a Python-based machine learning approach for the indirect
prediction of soaked CBR from index and compaction properties routinely measured in geotechnical practice. Geotechnical laboratory data
comprising existing moisture content, liquid limit, plastic limit, plasticity index, percentage passing standard sieve sizes, optimum moisture
content, maximum dry density, and specific gravity were compiled for 1,000 soil samples. The dataset was imported into Python using the
pandas library and split into training (80%) and testing (20%) subsets. A random forest regression model was then trained to predict soaked
CBR values from the remaining variables. On the test set, the model achieved a coefficient of determination (R²) of 0.957, a mean absolute
error of 2.43, and a root mean square error of 3.255, indicating strong predictive performance. These results demonstrate that random-forest-
based machine learning models can reliably estimate soaked CBR values without the time and material costs of conventional laboratory
soaking, offering a practical complement to standard testing, particularly for time-constrained construction projects.
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I. INTRODUCTION
The California Bearing Ratio (CBR) test is the most widely used method to evaluate and classify the potential strength of compacted
soil subgrade, subbase, base course, or recycled materials for use in road and airfield pavement design and construction. Given the
inherent variability of soils as a natural material, different soils will have different CBR values even when compacted with the same
amount of energy (Ambrose & Rimoy, 2021). Typical pavement design practice requires representative CBR values from laboratory
tests on soil samples taken and soaked for between 48 and 96 hours and compacted to near maximum dry density (MDD). These
samples are taken along the proposed alignment in accordance with AASHTO T193 (Ambrose & Rimoy, 2021). This procedure
requires relatively large quantities of soil and is time-consuming and costly. As a result, subgrade CBR testing frequencies are
practically limited to two points per kilometre, assuming homogeneity or uniform transitions across intermediate sections (Ambrose &
Rimoy, 2021).
Various methods have been explored over the years to shorten the time required to obtain CBR results or to make the testing procedure
less tedious. Correctly predicting the CBR, or other soil parameters, has therefore become common practice in engineering, and several
methods for predicting soil strength have been developed (Eyael et al., 2024). For example, in predicting the shear strength of soil, cone
penetration test (CPT) data and other soil properties have been combined to estimate shear strength parameters (Janibul et al., 2023).
Intelligent systems such as artificial neural networks (ANN) and adaptive neuro-fuzzy inference systems (ANFIS) have also been used
to predict soil shear strength (Besalatpour et al., 2012; Ashish et al., 2019; Muhammad et al., 2025). These studies generally found
ANN models to be more effective than ANFIS models at predicting soil shear strength, with a root mean square error (RMSE), mean
estimation error (MEE), and correlation coefficient (R) between measured and ANN-estimated shear strength of 0.05, 0.01, and 0.86,
respectively (Muhammad et al., 2025).
Multiple linear regression (MLR), artificial neural networks (ANN), and fuzzy logic (FL) tools have also been used to predict soil
strength (Mojtaba, 2012; Aref et al., 2024). For example, Aref et al. (2024) examined variables including the nano-pozzolan content of
natural sources (NNP), nano-lime content (NL), median particle size of NNP, active silica content of NNP (SiO₂), and the initial liquid
limit (ILL) and initial plastic limit (IPL) of the soils investigated. NNP was added at five percentages (0%, 0.5%, 1%, 1.5%, and 2%),
NL was added at five percentages (0%, 0.3%, 0.6%, 0.9%, and 1.2%), and three median particle sizes (50, 100, and 500 nm) were
studied (Mojtaba, 2012; Aref et al., 2024; Radha & Smita, 2025; Arif et al., 2019). Based on the soils and combinations investigated,
120 soil mixtures were prepared and tested, with CBR and plasticity index (PI) examined in particular. CBR tests were conducted under
soaked conditions on specimens compacted to MDD at the optimum moisture content (OMC), while PI values were obtained from
Atterberg limit tests. The results indicated that the CBR and PI of the expansive clayey soils investigated could be effectively predicted
using ANN and FL techniques, and that results from MLR were less accurate than those from either ANN or FL; the ANN model was,
in turn, found to be slightly more accurate than the FL model for predicting CBR and PI (Aref et al., 2024).
This study makes use of a Python-based machine learning model to predict the CBR value of lateritic soil samples.
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II. MATERIALS AND METHODS
2.1 Materials
Geotechnical test results for soil samples, collected over several years, were obtained from a civil engineering laboratory. The dataset
comprised existing moisture content (EMC), liquid limit (LL), plastic limit (PL), plasticity index (PI), percentage passing BS sieve Nos.
7, 10, 14, 25, 36, 52, 72, 100, and 200, maximum dry density (MDD), optimum moisture content (OMC), specific gravity (Gs), and
unsoaked and soaked CBR values for 1,000 soil samples.

Table 1. Index Properties, Compaction Characteristics, and CBR Values for the Soil Samples

S/no Depth
(m)

EMC
(%)

LL
(%)

PL
(%)

PI
(%)

Fines
-

#200
(%)

MDD
(g/cm3)

OMC
(%)

Specific
Gravity

CBR
Unsoaked

(%)

CBR
Soaked
(%)

1 1 15.8 46 27.7 18 54.4 1.48 18 2.6 28.3 8.7

2 3 16.6 43 32.1 11 86.9 1.6 19.2 2.72 30.3 4.3

3 2.5 22.3 43 27.9 16 64.7 1.76 23.7 2.72 36 9.8

4 1 10.1 0 0 0 8.3 2.06 12 2.59 70.9 46.4

5 2 10.4 0 0 0 16.7 2.01 11.9 2.65 68.2 44.3

6 2 12.4 53 42.4 11 65.9 1.49 15.6 2.75 35.2 7.2

7 2 5.8 0 0 0 21.9 1.83 8.2 2.61 59.6 30.8

8 2.5 10 43 31.2 11 65.4 1.68 13.1 2.68 38.3 10.4

9 2 8 37 24.7 12 80 1.47 12.5 2.7 25.8 2.8

10 1.5 10.4 45 35.1 10 64.7 1.6 15.5 2.69 38.9 9.1

11 1 10.4 33 17.8 15 71.1 1.94 16.5 2.7 47.7 10.4

12 1.5 6.2 0 0 0 26.7 1.9 8.6 2.57 63.9 33.2

13 2 12.8 0 0 0 17.5 2.22 16 2.65 64.4 35.2

14 2 6.5 0 0 0 13.9 2 10.2 2.66 64.3 41

15 2.5 20.1 33 23.7 9.3 84.7 1.65 22.8 2.65 31.2 5.4

16 2 7.3 0 0 0 9.8 1.93 8 2.64 70.7 42.5

17 1 14.8 40 27.8 12 89.6 1.79 21.5 2.76 33.7 9.6

18 3 8.2 0 0 0 11.9 1.85 8.7 2.68 60.8 37.6

19 1 8.4 0 0 0 15.7 1.73 10.4 2.65 51.8 32.7

20 2.5 8.1 0 0 0 11.1 2.1 11.6 2.61 67.4 41.9

21 2.5 12.9 39 24 15 53.7 1.98 14.7 2.8 45.4 13.4

22 1 12.5 20 10 10 60.2 1.67 13.9 2.65 35.1 4.5

23 2 14 67 57.7 9.3 97.6 1.81 21.6 2.68 43.1 5.9

24 1 7.9 0 0 0 13.1 2.01 9.4 2.61 67.5 39.3

25 2 11.2 41 27.6 14 59.2 1.95 18.2 2.8 44.5 8.9

26 3 7.9 0 0 0 22.4 1.85 9.6 2.64 58.1 32.5

27 2.5 11.5 20 10 10 92.1 1.79 15.4 2.71 48.5 12.9

28 1.5 8.3 0 0 0 6.6 2.14 11.7 2.61 73.9 40.3

29 2.5 17.1 39 27.5 11 65.6 1.56 19 2.75 34 7.7

30 2.5 8.3 0 0 0 2.4 1.84 9.5 2.62 58.6 40.6

31 1 16.2 41 22.5 19 59.9 1.45 18.7 2.73 27.6 2

32 3 10.2 0 0 0 2.3 2.02 12.2 2.68 72.3 45.8

33 3 8.5 0 0 0 8.1 1.96 11.3 2.61 64.6 34

34 3 17.6 38 18.8 19 82.7 1.78 19.6 2.74 35.1 9

35 1 12.7 51 43.5 7.6 71.6 1.53 13.8 2.64 36.6 9.1

36 3 7.3 0 0 0 18.7 2 12 2.65 62.2 36.6

37 1.5 8.3 0 0 0 11.9 1.95 10.3 2.64 59.2 36.6

38 1 17.9 40 21.6 18 65.7 1.66 21.8 2.77 29.4 3.6

39 2 6.3 0 0 0 12.1 2.19 7.7 2.65 76.6 43.8

40 1 9.1 0 0 0 10.7 1.9 11.4 2.58 63.8 34

41 1 14.4 35 16.2 19 86 1.65 18.8 2.72 39 6.1

42 1.5 7.1 0 0 0 17.7 2.02 8.8 2.62 62.5 37.2

43 1 8 0 0 0 23.8 2.02 9.7 2.58 68.6 40.8

44 2 13.9 40 20.5 20 98 1.74 17.8 2.7 29.5 3.2

45 3 8.1 0 0 0 19.9 2.11 11.2 2.65 68.4 33.1

46 1 8.4 52 34.1 18 47.6 1.45 9 2.66 40.6 8.4

47 3 12 35 20.6 14 46.6 1.82 18.2 2.7 42.3 12.8

48 2 13.8 36 16.5 20 90 1.87 18.3 2.68 45 5.3

49 2 6.1 22 10 12 76.8 1.9 9.7 2.67 41.3 10.1

50 2.5 15.3 40 30.1 10 67.6 1.85 17.6 2.74 54.2 13.9

51 2.5 12 26 15.1 10 54.5 1.8 16.7 2.7 48.5 14.3
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S/no Depth
(m)

EMC
(%)

LL
(%)

PL
(%)

PI
(%)

Fines
-

#200
(%)

MDD
(g/cm3)

OMC
(%)

Specific
Gravity

CBR
Unsoaked

(%)

CBR
Soaked
(%)

52 2 8.2 0 0 0 3.4 2.01 8.7 2.62 73.8 42

53 1 17.3 26 13.6 13 35 1.83 22.9 2.65 42.7 17.1

54 3 9.1 0 0 0 29.6 1.83 9.7 2.55 58.6 37.1

55 2.5 13.2 32 20.3 12 89.1 1.85 18.1 2.73 44.7 9.6

56 2.5 19.5 25 10 15 57.9 1.61 21.6 2.71 33.6 6.6

57 2 6.1 0 0 0 10.7 2.14 8.4 2.6 83.1 49.2

58 1.5 10.2 0 0 0 13.5 2.05 11.5 2.58 76.1 44.2

59 2 6.3 0 0 0 19.9 2 9.7 2.55 72.4 46.1

60 1 5.6 0 0 0 16.4 1.94 7.1 2.67 63.2 34.6

61 1.5 8.5 0 0 0 18.9 1.67 12.1 2.6 46.7 25.4

62 3 11.5 0 0 0 18.4 1.96 12.1 2.64 61.5 36.1

63 2 18.4 33 21.1 12 92.5 1.69 19.7 2.72 31.5 2

64 1 5.2 0 0 0 13.4 1.95 8.4 2.66 61 40

65 2 6.6 0 0 0 20.2 2.06 8.4 2.62 63.8 42.3

66 2.5 14.4 49 44.4 4.9 68.6 1.66 20.1 2.63 43.6 14.7

67 1 11.8 44 30.2 13 70.9 1.74 19.3 2.71 32.6 11.9

68 2 14.9 39 21.3 18 42.1 1.75 16.5 2.79 41.3 10.2

69 2.5 13.3 49 39 10 96.8 1.84 17.9 2.74 45 7.3

70 1.5 12.7 0 0 0 10.6 2.18 14 2.57 78.2 47.8

71 1 14 39 29.8 8.8 76 1.75 21.7 2.7 41.5 9.6

72 2.5 6.8 0 0 0 9 2.04 11.3 2.57 72.2 42

73 3 9 0 0 0 8.2 2.02 11.3 2.58 67 45

74 2 6.8 0 0 0 10.4 1.92 9.2 2.63 64.7 36.8

75 2 5 0 0 0 26.5 1.73 6.8 2.57 54.4 22.3

76 2.5 12.7 34 23.2 11 53.1 1.69 20.9 2.66 47.6 17.1

77 2.5 16.7 42 14.9 27 72 1.48 21.9 2.74 23.8 4

78 1 7.4 0 0 0 18.4 2.06 8.5 2.54 69 43.4

79 1.5 10.3 0 0 0 11.7 1.97 11.1 2.6 65.5 42.8

80 1.5 11.6 0 0 0 14.2 2.01 12.4 2.62 61.5 37.5

81 3 15 21 10.3 11 35 1.68 16.7 2.67 40.5 17.9

82 1.5 8.5 0 0 0 15.8 2.17 9.3 2.61 68 38.1

83 1.5 11.3 0 0 0 18.2 1.91 12.5 2.64 57.4 33.7

84 1.5 8 0 0 0 8.1 1.91 10.2 2.62 65.1 41.1

85 1 7.5 0 0 0 18.6 2.18 11.1 2.67 72.2 39.5

500 1.5 10.5 36 28 8.4 82.7 1.8 15.6 2.72 46.2 10.5

501 1.5 14.8 29 23.9 5.2 52.7 1.62 16.2 2.73 44.1 19.2

502 1.5 15.8 41 31.4 10 84.8 1.73 18.2 2.74 39.6 7.8

503 1 10.3 54 30.3 24 49.9 1.45 16.3 2.72 20.1 3.7

504 2 13.7 44 25.7 19 46.5 1.73 16.4 2.7 43.5 10.4

505 2 14.6 33 17.8 15 54.2 1.82 16.6 2.67 44.6 12.5

506 3 10.3 0 0 0 17.6 1.89 11.1 2.61 66.7 37.1

507 1 6.8 0 0 0 4.9 1.99 11 2.61 64 44.7

508 3 7.4 0 0 0 14.1 1.98 11.4 2.62 67.9 45.3

509 3 10.4 0 0 0 18.2 2.06 14.3 2.5 55.9 29.6

510 1.5 18.5 42 25.3 16 87.3 1.45 19.5 2.68 28.2 3.5

511 3 6.8 0 0 0 2.3 2.03 7.6 2.62 67.3 40.8

512 2.5 17.5 42 26.8 15 72.5 1.74 20.3 2.69 39 6.4

513 2 13.3 42 27.7 14 61.7 1.66 15.6 2.68 39.1 10

514 1.5 5.1 0 0 0 12 1.86 7 2.58 64.3 44.3

515 1 10.3 52 35.7 17 66 1.72 16.3 2.8 30.5 7.8

516 1 10.6 0 0 0 7 2.1 11.4 2.63 74.3 58.4

517 2 14.4 36 21.6 14 47.4 1.87 18.5 2.68 49.9 19.3

518 1 12 33 14 19 44.3 1.45 17.9 2.63 28.3 4.7

519 2.5 8.4 0 0 0 20.3 2.12 12 2.55 72.2 40.5

520 3 10.5 0 0 0 9.1 2.03 11.1 2.61 64.1 37.3

521 3 10.4 0 0 0 17.6 2.25 11.6 2.5 74 41.7

522 2 19.7 50 33.7 16 72.2 1.85 25.1 2.7 40.4 8.3

523 2.5 17.3 23 13.4 9.3 65.8 1.75 21.7 2.67 38.5 9.7

524 3 10.3 0 0 0 24 2.03 15 2.58 66.3 36.2
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S/no Depth
(m)

EMC
(%)

LL
(%)

PL
(%)

PI
(%)

Fines
-

#200
(%)

MDD
(g/cm3)

OMC
(%)

Specific
Gravity

CBR
Unsoaked

(%)

CBR
Soaked
(%)

525 1.5 12.7 35 22.4 13 86.8 1.7 15.2 2.65 44.8 7.6

526 2 9.5 0 0 0 11.7 1.95 11.4 2.63 58.8 34.7

527 2.5 7.9 0 0 0 19.1 2.25 9.7 2.66 76.6 42

528 2 12.6 30 16.4 14 83.9 1.62 16.2 2.63 35.3 6.4

529 1 16 44 29.8 14 91.7 1.87 19 2.75 38.2 6.9

530 1.5 12.4 50 31.2 19 89.7 1.73 16 2.65 33.3 5.7

531 2 13.4 63 47.8 15 72.7 1.51 20.5 2.7 25.9 5.6

532 3 21.7 37 20.3 17 69.2 1.73 23.5 2.78 34.6 7.8

533 2.5 6.8 0 0 0 13 1.98 10.1 2.67 67.5 38.9

534 2.5 13 36 21.8 15 61.7 1.67 17.3 2.79 40 8.9

535 3 9.2 0 0 0 19.6 2.04 11.1 2.61 68.9 40

536 1.5 12.2 25 15.2 10 51.9 1.88 18.3 2.69 46.2 15.3

537 1 6.9 0 0 0 5.7 2.07 11 2.58 64 33.8

538 1.5 15 0 0 0 21.7 2.11 16 2.58 60.6 32.5

539 3 12.2 0 0 0 7.7 1.81 13 2.65 64.8 43.2

540 2.5 8.4 0 0 0 14.3 2.16 11.4 2.62 72.2 38.1

541 1 6.2 0 0 0 10.5 1.81 9 2.6 59.2 30.2

542 1.5 11.6 40 27.8 12 62.8 1.87 17.5 2.6 42.5 14.3

965 3 5.8 0 0 0 4.8 1.95 6.6 2.65 70.3 44.1

966 1 10 38 21.2 17 98 1.78 13.2 2.67 32.6 6.8

967 1 16.1 53 39.3 14 80.8 1.79 17.4 2.75 47.4 7.7

968 2 12.2 33 27.2 5.5 86.9 1.88 15.6 2.67 45.9 9.1

969 3 13.4 43 27.4 16 72.4 1.75 19.7 2.65 39.2 7.4

970 1.5 4.4 0 0 0 14 1.84 6.3 2.58 60.7 31.7

971 2.5 13.9 23 14.6 8.8 72.2 1.73 15.8 2.64 40.6 8.7

972 2.5 9.3 0 0 0 20.2 1.76 10.4 2.61 53.4 30.2

973 2 17.7 44 29.1 15 71.1 1.51 18.8 2.72 30.5 5.6

974 1 14.1 53 39.1 14 80.3 1.85 15.6 2.71 45.1 6

975 2.5 19.6 22 10 12 91.5 1.67 22.3 2.6 34.2 2.6

976 1.5 5.8 0 0 0 29.9 1.93 8.6 2.57 62.3 34

977 2.5 8.9 0 0 0 11.2 1.95 9.8 2.57 65.6 41.3

978 3 9.9 0 0 0 6.6 1.85 12.6 2.58 68.5 43.8

979 3 12.2 49 38 11 61.2 1.66 15.2 2.77 37.8 14.8

980 1.5 8.6 0 0 0 21.3 1.9 9.6 2.64 58.1 33.2

981 1 13.8 40 20.9 19 74.6 2.02 17.6 2.75 41.8 6.4

982 2 9 0 0 0 5.9 2 10.8 2.63 75.4 52.5

983 2.5 5.2 0 0 0 20.3 1.92 7.9 2.55 55.4 31.8

984 3 14.5 33 13.1 20 52.3 1.51 17.2 2.74 22 7.2

985 1 15.1 39 16.5 23 68.5 1.79 16.6 2.7 33.5 6.4

986 2.5 9.1 0 0 0 20.7 2.11 10.6 2.59 68.3 40.1

987 1.5 16.1 26 12.4 14 86.9 1.58 19.9 2.76 31.6 3.5

988 3 6.9 0 0 0 17.7 1.98 10.8 2.6 61.9 40.5

989 1 20.2 33 16.9 16 65.1 1.45 24.2 2.8 26.5 8.6

990 2 13.8 39 21.4 17 40.9 1.85 21 2.69 50.7 14

991 1.5 14.9 20 10 10 71 1.99 21.3 2.63 46.3 15.8

992 1 11.8 53 32.4 21 85.5 1.82 18.3 2.75 39.4 5.6

993 2.5 10.5 56 34.9 22 55 1.68 15.3 2.7 29 5.2

994 1.5 7.5 0 0 0 31.3 2.06 10.7 2.61 69.2 34.2

995 1.5 9.2 30 14.3 15 63.2 1.84 14.7 2.72 50.6 11.3

996 2 6.1 0 0 0 24.4 1.98 8.8 2.66 62.9 29.5

997 1.5 10.8 0 0 0 26.8 2.05 12.1 2.58 71.9 37.1

998 2.5 15.6 41 23.3 18 54.1 1.59 17.2 2.71 34 6

999 3 15.3 40 21.2 19 61.6 1.93 18.2 2.76 39.4 4.7

1000 2 19.2 29 13.7 16 74.6 1.55 23.7 2.67 29.7 5

Note: A representative subset of the dataset is shown above; the complete dataset (N = 1,000) was used in the analysis.
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2.2 Methods

2.2.1 Python-Based Machine Learning Modelling
The Excel file containing the soil sample data was imported into the Python environment using the pandas library. The dataset was
displayed using the print command, as shown in Figure 1. By default, Python displays only the first five rows of a data frame when the
print command is issued, even though the remaining rows are still held in memory.

Figure 1. Loading of soil test result.
To view the complete dataset, a command was issued to print a data frame of 1,010 rows. Because the dataset contained 1,000 soil
samples, with each row representing one sample, printing a figure higher than 1,000 rows allowed both the first and last rows to be
checked in the output, confirming that the full dataset had been captured, as shown in Figure 2.
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Figure 2. Output confirming that all 1,000 soil samples were captured in the data frame.
The data was then split into two sets: a training set, accounting for 80% of the data (800 samples), and a test set, accounting for the
remaining 20% (200 samples), as shown in Figure 3.

Figure 3. Splitting of the dataset into training and test sets.
The random forest regressor, which is the algorithm used to generate the prediction, was then initialised and fitted to the training data,
as shown in Figure 4.

Figure 4. Initializing the random forest model.
After the model was fitted and the print command issued, the predicted values for the 20% of the data reserved for testing were
displayed, as shown in Figure 5.
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Figure 5. Generating the test-set predictions.

III. RESULTS AND DISCUSSION
The coefficient of determination (R²) of the prediction model was found to be 0.957, which is close to 1, the value for a perfect
prediction. The mean absolute error (MAE) was found to be 2.43, meaning that the predicted CBR values deviated from the true values
by an average of only 2.43. This is a strong result given that BS 1377 stipulates that the soaked CBR value for sub-base course should
not be less than 30, and the unsoaked CBR value for base course should not be less than 80; an MAE of this size is therefore low
relative to the required values. The root mean square error (RMSE) of 3.255 was also low, further indicating a strong prediction (Figure
6).

Figure 6. Evaluating model performance.
A comparison was then carried out between the actual values obtained from the laboratory and the values predicted by the trained
Python model, with the resulting error clearly shown below (Figures 7a and 7b).
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Figure 7a. Python command used to compare the actual and predicted CBR values.

Figure 7b. Output comparing the actual and predicted CBR values.
The predicted soaked CBR values were then compared with the actual CBR values obtained from the laboratory (Figures 8a and 8b, and
Figures 9a and 9b).

Figure 8a. Code used to print the predicted error.
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Figure 8b. Predicted error per sample.

Figure 9a. Bar chart comparing the actual and predicted CBR values.
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Figure 9b. Bar chart comparing the actual and predicted CBR values for 20 random samples taken from the test set.

IV. CONCLUSION
This study developed and evaluated a Python-based machine learning approach for the indirect prediction of the soaked California
Bearing Ratio (CBR) of subgrade soils, using index and compaction properties routinely measured in geotechnical practice. Based on
the analysis of 1,000 soil samples, the following conclusions are drawn:
1. It is possible to determine the soaked CBR of a soil by an indirect machine learning method, with a high degree of accuracy.
2. Using 1,000 soil samples, with 80% used for training and 20% for testing, the model was able to predict the CBR value of soil

samples with a coefficient of determination (R²) of 0.957, a mean absolute error (MAE) of 2.43, and a root mean square error
(RMSE) of 3.255, all of which are strong indications of good predictive performance.

These findings support the continued development of indirect, machine-learning-based methods for CBR estimation as a practical
complement to conventional laboratory testing, particularly where time constraints make the standard four- to five-day soaked CBR
procedure impractical. Future work using a larger and more geographically diverse sample set is recommended to further improve and
validate the general is ability of the predictive model.
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